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SUMMARY

While the Bacille-Calmette-Guérin (BCG) vaccine is used to prevent tuberculosis, it also offers
protection against a diverse range of non-mycobacterial infections. However, the underlying
protective mechanisms in humans are not yet fully understood. Here, we surveyed at single-cell
resolution the gene expression and chromatin landscape of human bone marrow, aspirated before
and 90 days after BCG vaccination or placebo administration. We show that BCG vaccination
significantly alters both the gene expression and epigenetic profiles of human hematopoietic
stem and progenitor cells (HSPCs). Changes in gene expression occur primarily on the most
uncommitted stem cells and are reflective of a persistent myeloid bias. In contrast, BCG-induced
changes in chromatin accessibility are most prevalent within differentiated progenitor cells at
sites influenced by Kruppel-like factor (KLF)/SP and EGR transcription factors (TFs). These
TFsare also activated in the most uncommitted stem cells, indicating that activated TFs, which
drive persistent changes in HSC gene expression, likely also drive chromatin dynamics
appearing within downstream progenitor cells. This perspective contests the prevailing notion
that epigenetic modifications linked to innate immune memory transfer directly from stem cells
to their differentiated derivatives. Finaly, we show that alterations in gene expression and
chromatin accessibility in HSPCs due to BCG vaccination were highly correlated (r>0.8) with
the IL-1p secretion capacity of paired PBMCs upon secondary immune challenge. Overall, our
findings shed light on BCG vaccination's profound and lasting effects on HSPCs and its

influence on innate immune responses.


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

INTRODUCTION

The adaptive memory responseis an evolutionarily conserved mechanism of vertebrate
immunity. It has classically been viewed as a unique feature of T- and B-lymphocytes, which can
clonally expand to generate antigen-specific memory cells with faster and more robust responses
to recurrent infections. Despite this dogma, increasing evidence suggests that innate immune
cells such as monocytes, dendritic cells, natural killer cells and neutrophils may harbor some
antigen-agnostic memory-like properties, a phenomenon referred to as ‘innate immune
memory™?. This form of immune cell memory is thought to be encoded within innate immune
cells through persistent epigenetic rewiring of enhancer and promoter regions of host-resistance
and metabolic genes as aresult of exposure to pathogens or other inflammatory signals®. As
innate immune cells are short-lived and do not divide, it has been suggested that persistent innate
immunity may be mediated by epigenetic changes within long-lived immune stem cells
(hematopoietic stem and progenitor cells, HSPCs) in the bone marrow™?. It has been
hypothesized that these stem cells may be capable of retaining pathogen-induced epigenetic
signatures across cycles of self-renewal, and transmitting these signatures to downstream innate
progeny, thus maintaining a circulating pool of innate immune memory cells. While some
support for this hypothesisis available from mouse models, it has yet to befully tested in
humans.

BCG vaccination is primarily used to prevent tuberculosis, but has broad ranging protective
effects against awide array of non-mycobacterial infections®. BCG vaccination protects young
children in countries with high infectious pressure from all-cause mortality® and infections'’,
while elderly adults receiving the BCG vaccine are significantly less likely to experience a new

viral infection within the next year®. In murine models, BCG vaccination provides protection
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against heterologous (Influenza virus) infections™, potentially via expansion and altered gene
expression within HSPCs™*2, Macrophages derived in vitro from the bone marrow of BCG-
vaccinated mice demonstrate increased bacterial killing capacity for up to ayear post-
vaccination™. This suggests that gene expression changes encoded within HSPCs and passed on
to developing bone marrow-derived macrophages may be responsi ble for some of the prolonged
heterologous protective effects of BCG vaccination.

Still, the genomic mechanisms by which “memory” may be encoded in human bone marrow
HSPCs, and to what extent such memory signatures are capable of rewiring the immune system’s
response to infectious diseases, isincompletely understood. It was recently demonstrated that
global changes in gene expression within human bone marrow persist 90 days post vaccination®,
However, many critical questions remain unanswered, such as which HSPC cell types are most
impacted, whether these expression changes are aso coupled with epigenetic changes, and to
what extent acquired changes in the bone marrow relate to changes in innate immune cell
function.

To address these questions, we performed droplet-based sScRNA- and sScATAC-sequencing on
the human bone marrow aspirates from 20 healthy individuals, both before and 90 days after
intradermal BCG vaccination or placebo. Our data indicate that BCG vaccination impacts both
the gene expression and epigenetic profiles of HSPCsfor at least 90 days and that these changes
are predictive of corresponding functional changes in donor-matched PBM Cs challenged with

Candida albicans.
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RESULTS

Multimodal analysis of human bone marrow cells

Healthy individuals were randomized to receive either the intradermal BCG Bulgaria vaccine
(n=15) or intradermal placebo vaccine diluent (n=5), as previously described. Participants were
similar in age (BCG avg = 23.7 yrs, SD 7.3, SEM 1.8; placebo avg = 21.8 yrs, SD 1.8, SEM 0.8)
and sex (BCG: 5F/10M, placebo: 2F/3M). Bone marrow aspirates were collected from theiliac
crest of al 20 individuals prior to vaccine administration (D0), and 90 days after vaccination
(D90) and cryopreserved for future processing (Fig 1A). To isolate HSPCs from each bone
marrow sample, we stained bone marrow aspirates with fluorescence-conjugated antibodies
targeting CD34, a transmembrane phosphoglycoprotein specific to HSPCs'. We also stained all
bone marrow aspirates with apanel of antibodies targeting canonical immune cell markers (CD3,
CD56, CD14, etc. for mature immune cells and CD90, CD10, CD110, etc. to distinguish
between CD34+ HSPC subtypes, Table 1, Fig 1B). We used fluorescence activated cell sorting
to sort out live, CD34+ HSPCs for downstream droplet-based sScRNA-seq processing (115,698
cells captured) and scATAC-seq (58,988 cells captured) processing while simultaneously
collecting flow cytometry data. This workflow enabled the simultaneous collection of single cell

gene expression, chromatin accessibility, and surface protein data for each sample (Fig 1A).

BCG vaccination has a long-term impact on gene expression within HSPC populations
Given that BCG vaccination was previously shown to impact gene expression in bulk RNA-seq
of HSPCs™, we first asked whether the 90-day impact of BCG vaccination on gene expression
within HSPCs was detectable at single-cell resolution, and what cell types within HSPCs were

the most responsive to BCG vaccination. To assess the effect of BCG vaccination on gene
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expression of different HSPC subtypes, we clustered all high-quality cellsin the sScRNA-seq
dataset into 13 non-overlapping groups and then assigned them to known HSPC cell subtypes
(HSCs, CMPs, MLPs, GMPs, MEPs, and Pre-BNK cells) (Fig 1C), based on the expression of
pre-determined lineage-specific genes such as GATAL (erythroid), DNTT (lymphoid), MPO
(myeoid/neutrophilic), and SPIB (pDC) (Fig 1C).

To investigate the overall HSPC signature after BCG vaccination, we collapsed the single-cell
gene expression values for each of the 13 main clusters to generate pseudobulk estimates for
each sample. Then, we used a mixed linear model to identify genes for which expression levels
changed in response to BCG vaccination, while controlling for temporal changes independent of
BCG vaccination (as measured in the placebo samples, Fig S1A, B). We used a multivariate
adaptive shrinkage model (mash™), which leverages the correlation structure of effect sizes
across cell typesto increase power and refine effect size estimates. Genes with a stringent local
false sign rate (Ifsr) < 0.01 were considered differentially regulated (DR) due to BCG
vaccination (Fig 2A,B, Table 2).

DR genes were heterogenous across HSPC cell types, with the largest percentage residing within
the stem-cell clusters HSC ¢1 and HSC c2 (Fig 2B). Strikingly, in HSC ¢1 and HSC c2, 238 and
190 genes respectively were differentially regulated (I1fsr<0.01) 90 days following BCG
vaccination, with 59.7% of total DR genesin HSC c1 and c2 shared between the two clusters.
Megakaryocyte-erythroid progenitor (MEP) clusters had the second highest number of DR genes
(MEP cl =102, MEP c2 = 150, MEP ¢3 = 129). In contrast, no other cluster had more than 62
DR genes, demongtrating that a single intradermal BCG vaccination preferentially impacts the
gene expression landscape of the most long-term, self-renewing stem cells in the bone marrow at

three months following vaccination.
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Upon bacterial infection or LPS challenge, cytokines such asIL6, IL3, IL13, G-CSF, TNF, IFNy,
and GM-CSF are produced either by non-hematopoietic cells or by HSPCs themselves™® ™.
However, our data showed that their gene expression levels were either very low (median log
counts per million reads < 1) across al cell types (Figure S1C) or showed no significant
difference between BCG and placebo groups (with apadj > 0.9). This suggests that by day 90, it
isunlikely that HSCs or other cells are actively responding to any remaining vaccine antigens or
pathogen-associated molecular patterns (PAMPS).

DR genes were enriched for immune, metabolism, or proliferation/apoptosis pathways (Fig 2C,
Table 3). Some immune-related pathways such as IL2/Stat5 signaling were enriched (padj < 0.1)
predominantly within HSC clusters, suggesting that immune rewiring was greatest within the
most undifferentiated stem cells. Others were more ubiquitous, such as‘ TNF via NFkB signaling
pathway’ and ‘ oxidative phosphorylation’ which were enriched across the spectrum of HSPC
subtypes, representing a subset of universally modulated pathways. M EPs exhibited a unique
metabolic signature compared to all other HSPC subtypes, with predominant enrichmentsin
MY C signaling (critical in regulation of cellular metabolism, proliferation, differentiation, and
apoptosis) but smaller enrichmentsin stress-related pathways (hypoxia, reactive oxygen species)
that were more predominant in HSC and other progenitor clusters. Principal component analysis
comparing HSPC subtypes based on gene set enrichment scores revealed atight and distinct
clustering of HSC c1 with HSC c2 and of MEP ¢1 with MEP ¢c2 and MEP ¢3, away from the
zero-reference point (Fig S1D). HSCs and MEPs clustered on opposite ends of PC1, further
demonstrating the strong but differential impact of BCG vaccination on these cell types. Overall,
the data show that BCG vaccination impacts the expression of immune, metabolism, and

proliferative genes across HSPC subtypes for at least 3 months, but that the stem-like HSCs and
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progenitor MEPs have the strongest propensity to maintain alasting state of differential gene
expression. Enrichmentsin TNF signaling and oxidative phosphorylation were uniquely
pervasive across al cell types (Fig 2C), leading us to speculate that these gene expression
differences reflect the select retention of specific immune and metabolic gene expression

programs sustained within HSCs as they differentiate into downstream progeny.

BCG vaccination heter ogeneoudy impacts HSCs

Our gene expression data indicated that HSC c1 and HSC c2 are the primary sites of differential
gene expression 90 days after BCG vaccination. We reasoned that changes within these clusters
may be of particular significance, given that HSC c1 and HSC c2 are capable of giving riseto all
downstream progenitors. Thus, we decided to delve deeper into understanding how these cell
populations were modified. In order to investigate BCG-induced gene expression changes within
HSCs at higher resolution, we performed arefined clustering on cells classified as HSC cl or
HSC c2 into 10 total HSC subgroups (Fig 2D, E). We classified each subcluster asa Long
Term(LT)-HSCs, Short Term(ST)-HSC, or multipotent progenitor (MPP) based on its expression
of markers CD90, CD49f, and CD45RA, which have classcally been used to differentiate
between these HSC subtypes™ (Fig 2F). Aswe had previously done for each major cluster, we
performed a differential gene expression analysis and gene set enrichment analysis for each HSC
subcluster. Enrichments of pathways that were significant within HSC c1 and c2 (Fig 2C, Table
3) were variable when assessed indivudally within each HSC subcluster (Fig S1E). Many
pathways had the strongest enrichment within phenotypically LT-HSC — like subsets such as cO
and c5. Interestingly, pathways enriched predominantly within HSCs (Fig 2C), but not within

downstream progenitors were almost exclusively enriched only within LT-HSC- or ST-HSC-like
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clusters, but not MPPs. For example, the HSC-specific ‘Hypoxia pathway was enriched only
within the most phenotypically LT-HSC subcluster cO (Fig 2G; p.adj = 0.0039) and the pathway
‘IL2-Stat5 signaling’ was enriched only within a phenotypically ST-HSC subcluster ¢5 (Fig 2H;
p.adj = 0.0048). In contrast, the ‘ TNF via NFkB signaling pathway’ which was significantly
enriched not only within HSCs, but also within the most downstream progenitor clusters (CMP,
GMP, MEP, MLP, and PreBNK), had the strongest enrichment in the phenotypically MPP-like
subcluster c2 (Fig 21, p.adj = 0.0018). Our dataindicate that gene expression changes within
HSCs appear to represent the heterogenous rewiring of LT-HSCs, ST-HSCs, and MPPs.
Moreover, gene expression changes within MPP-like HSCs may be associated with transmission
to downstream progeny, while gene expression changes harbored by the more quiescent LT-

HSCs and ST-HSCs are less likely to be transmitted or shared by downstream cell types.

BCG vaccination resultsin lineage bias of HSCs

Severe bacterial infections can induce a state of emergency myelopoiesis, in which the bone
marrow increases the production of myeloid cells which circulate in the bloodstream and
extravasate into sites of infection®. Well-controlled, localized infections (such as BCG
vaccination) are not typically associated with the induction of emergency myelopoiesis. Y e,
numerous studies in mice have suggested that exposure to BCG can rewire the bone marrow
towards myelopoiesis?*#, at least acutely. Whether thisis truein humans and could represent a
persistently rewired state rather than an acute reaction, has not been investigated. Given that the
detection of persistent gene expression changes was within HSCs, we next investigated whether
the altered baseline of immune and metabolic gene expression programs in HSCs of BCG-

vaccinated individuals was associated with a persistent skewing of HSC lineage bias (Fig 3A,B).
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To make lineage bias predictions within single cells we utilized CellRank?, a similarity-based
trajectory inference method that utilizes RNA-velocity information (measurements of unspliced
to spliced mRNA) to infer developmental directionality of HSCs at single-cell resolution within
asnapshot in time (at D9O).

Comparing the composition of lineage biases between BCG and placebo individuals at day 90,
we found that BCG vaccination led to a significant increase in the percentage of HSCs biased
towards the CMP c2 terminal state (p = 0.018, Fig 3C, D). In support of this prediction, flow
cytometry analyses of the bone marrow aspirates revealed an overall increase in CMPs among
BCG-vaccinated relative to placebo individuals (Fig 3E; p=0.026), accompanied by a decrease in
the percentages of CLP and MLP (Fig 3F) among BCG vaccinated individuals. Assessment of
marker genes specific to CMP c2 revealed these cells to be the predominant expressors of
CEBPB (Figure S2A), CSF3R (Figure S2B), MPO (Figure S2C), and CEBPA (Figure S2D),
establishing their likely identity as neutrophil or MPO-expressing monocyte progenitors.
BCG-vaccination increased the gene expression of CEBPB (Ifsr = 0.1) within HSC c1, aswell as
decreased expression of MAPK14 (Ifsr = 0.03), a prototypical p38 MAPK, which can act asan
inhibitor of granulopoiesis®. Other transcription factorsinvolved in inflammatory responses,
such as KLF6 (Ifsr = 0.001), which interacts with NFKB to promote pro-inflammatory gene
expression within mature myeloid cells** %, and IRF1 (Ifsr = 0.004) which coordinates

proinflammatory gene expression in response to viruses and bacteria®?®

, were also significantly
increased in HSC c1 upon BCG vaccination (Fig 3G, S2E). Together, these data show that BCG
vaccination has along-term impact both on genes involved in inflammation within HSCs and

genes that promote neutrophil/monocyte bias and differentiation. This resultsin HSCs which
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harbor a combination of altered baseline gene expression programs and lineage biases towards

myelopoiesis.

BCG vaccination impacts the chromatin accessibility of immune progenitors

Epigenetic alterations are believed to be central to innate immune memory. Thus, we next
investigated whether the gene expression signatures detected in our sScCRNA-seq data were
associated with changes in the epigenetic landscape of HSPCs. To investigate the epigenetic
effects of BCG we used sample-paired scATAC-sequencing data collected on CD34+ HSPCs
before and after BCG vaccination (Fig 1A). After quality-control filtering, 58,988 high-quality
cells were retained (see methods). These cells were clustered into 16 cell populations (Fig 4A).
Initial cell type annotations (HSC, CMP, GMP, MEP, MLP, and PreBNK) were generated by
mapping chromatin accessibility-based ‘ gene activity’ scores calculated for well-established
lineage-specific genes (Fig 4B) to gene expression within the scRNA-seq data (Fig 1C), and
transferring ScCRNA-seq labels to the closest matched clustersin the sScATAC-seq data. SCATAC-
seq clusters mapped to the same broad cell type were then given a subtype label (HSC 1, 2, etc).
In the same way we had previously detected differentially regulated genes, we asked whether
BCG vaccination led to changes in peak accessibility (differentially accessible, or DA, peaks).
We identified more than 13,000 total DA peaks (Figure 4C, Table 4) across al clusters,
demonstrating that BCG vaccination not only had lasting impacts on gene expression, but also on
the epigenetic landscape of HSPCs. The largest total number of these DA peaks were located
within peripheral myeloid CMP, GMP, and MEP clusters, while fewer DA peaks were found

within HSCs, despite these being the cell types harboring the most gene expression changes.
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Clusters CMP3 and GM P2 harbored the greatest changes in chromatin accessibility, although
many DA peaks were also detected within MEPs and other CMP/GMP clusters.

Next, we aimed to identity what TFs are most likely responsible for the observed changesin
chromatin accessibility. To do so, we combined related clustersinto six main cell type groups
(HSC, CMP, GMP, MEP, MLP, and PreBNK), and then searched for TF motifs that were
enriched within the combined DA peaks of each cdll type (Fig 5A). Not surprisingly, the
strongest enrichments resided within CM Ps and GM Ps and included TFs families such as EGR1-
4, NRF1, and E2F6 with significant roles in macrophage immune modulation, cholesterol
metabolism, and DNA methylation respectively (Table 5). The top three motif classes within
CMPswere KLF/SP1 (fdr = 10%°), TCFL5 (fdr = 10*), and E2F6 (fdr = 10*%). The top motifs
within GMPs were highly overlapping, including the top three motifs, KLF/SP1 (fdr = 10°%),
E2F6 (fdr = 10%), and EGR1-4 (fdr = 10™*®). When excluding motifs with low abundance
(present within > 15% DA peaks) top enrichemnts within both CMP and GMP included the
motif families EGR1-4, CTCF, and KLF/SP1 (Fig 5A).

We then asked whether these TFs were the same TFs responsible for driving the differential gene
expression programs detected within HSCs upstream. To this end we used the differential gene
expression data from our sScRNA-seq analysis (Fig 2) to make inferences about the differential
activity of TFs underlying gene expression changes within HSCs. We performed a TF activity
analysis utilizing the SCENIC**° pipeline, using our single cell gene expression data to search
for evidence of up- or down-regulation of transcription factor modules within HSCs, each
defined by a central driving TF and all of its predicted target genes. In thisanalysis, the
differential expression of many gene targets of a TF isinterpreted as evidence of altered TF

activity. Despite limited power, we detected several TF modules with evidence of differential
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activity (p < 0.05) induced by BCG within HSCs and MEPs (Fig S3A,B, Table 6). Strikingly,
we found that the TF motifs enriched among DA regionsin CMP and GMP are significantly
enriched within TFs that exhibit differential activity in HSCs following BCG vaccination (Fig
5B-C, p = 1x10° and 6.8x10° in GMP and CMP, respectively). Overall, our data suggest a
model wherein BCG-vaccination modulates the activity of a unique subset of TFsto induce a
prolonged low-level myeloid bias and differential gene expression program within HSCs, that

results in the establishment of a changed epigenetic landscape of downstream myeloid clusters.

BCG-induced differential chromatin accessbility within myeloid-like HSPCs predicts
increased |L 1B secretion by PBMCs

Given that CMPs and GM Ps retained extensive epigenetic signatures, we asked whether
chromatin accessibility changes within myeloid progenitors could have functional implications
for the mature immune cells they give rise to. When assigned to their closest genes, DA peaksin
CMPs and GMPs are enriched for reactome pathways related to TLR2 and TLR4 signaling and
signaling by interleukins (Fig 6A), aswell as biological process pathways such as ‘ neutrophil
activation’ and ‘ neutrophil degranulation’ (Figure S4A, Table 7), which was the strongest within
CMPs. DA peakswithin other HSPCs (MEP, MLP, and PreBNK) had minimal enrichments, in
agreement with lower numbers of DA peaks within those cell types.

These results suggested that DA peaks within myeloid progenitors could regulate innate immune
pathways, and that CM P- or GM P-derived innate immune cells entering the peripheral blood
could have altered immune functionality. As a measure of peripheral blood cell immune
functionality, we used previously collected cytokine secretion data from donor-matched

PBMCs® generated by Cirovic et al*®, The data contain a panel of secreted cytokine
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concentrations by the PBMCs of each donor in response to a 24-hour stimulation with heat killed
C. albicans, and showed that BCG, compared to placebo vaccination, rewired PBMCs to
produce increased levels of IL1B and IL6 in response to C. albicans challenge®. Although the
BCG vaccination cohort generally secreted higher amounts of these proinflammatory cytokines,
individual PBMC samples displayed a high degree of intra-cohort heterogeneity, suggesting that
the effects of BCG vaccination likely rewired PBMC cytokines responses to varying degrees
across individuals. We reasoned that if differential accessibility at DA peaks were directly
involved in the reprogramming of these cytokine responses, one would expect to find individuals
with the greatest magnitude of epigenetic rewiring to be the same individuals with the greatest
increases in cytokine secretion. To test this hypothesis, we used elastic net regression to formally
determine whether levels of differential accessibility at DA peaks (raw D90 vs. DO log2FC
values) had power to predict cytokine responses (FC D90 vs. DO) across individual donors. This
demonstrated that the fold change increase in IL1[ production could be predicted by 1og2FC DA
peak accessibility to a high level of accuracy (Figure 6B; R = 0.761, p = 0.001) within the
peripheral MPO™ CMP cluster, CMP5, but not other clusters. These data suggest that changesin
chromatin accessibility that have a meaningful impact on IL1J cytokine secretion are specific to
asingle lineage and cell type.

We asked whether the same individuals harboring the largest changesin CMP5 chromatin
accessibility and increased cytokine secretion were the same individuals harboring the greatest
BCG-induced changesin the activity of driver transcription factors and differential gene
expression in HSCs. As done using DA peaks, we used e astic net regression to determine
whether levels of differential expression of DR genes within HSCs had power to predict IL13

responses (FC D90 vs. DO) acrossindividual donors (Figure 6C). Differential gene expression
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within HSCs had strong and significant predictive power (R = 0.837, p=1x10), establishing that
changesin IL1B secretion capacity are also tightly linked to day-90 differential gene expression
within HSCs. Log2FC responses of hundreds of individuals genes within HSCs correlated
significantly (padj < 0.1) with IL1 responses, further supporting the elastic net regression
findings (Figure 6D). Importantly, the log2FC values of several transcription factors such as
KLF6 (Figure 6E; in the KLF2/3/6 family) and FOSB (Figure 6F) were among these
significantly correlated genes with R > 0.8. Moreover, the activity scores of several key
transcription factors (including EGR1 and KLF5 whose motifs were strongly enriched within
CMP DA peaks) within HSC had remarkably strong correlations with IL13 production (Figure
6G-H, $4B-G). Finally, we found a significant correlation between IL1B production and the
extent of BCG-induced CMP bias within HSCs (Fig 6) as determined using cellrank (Fig 3).
Collectively these data formally demonstrate that BCG-induced differential TF activity and gene
expression in HSCs, induction of lineage bias towards CM P, downstream CM P progenitor

chromatin accessibility, and peripheral immune cell cytokine secretion are linked processes.

DISCUSSION

Sinceclinical evidence and mouse models have suggested that the BCG vaccine may impact the
immune system at the hematopoietic stem-cell level™*33 | we used single-cell RNA and ATAC
sequencing on HSPCsisolated from human bone marrow aspirates to investigate how BCG
vaccination affects gene expression and chromatin accessibility 3 months later. While the effect
of BCG vaccination on innate and adaptive immunity have been studied extensively using
samples from peripheral blood, our study isthefirst to assess the impact of BCG vaccination on

gene expression and chromatin accessibility at single cell resolution, using samples derived
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directly from healthy adult human bone marrow. Here we found that BCG vaccination alters the
programming of gene expression, TF acitivty, lineage bias, and chromatin accessibility in a
celltype specific manner within bone marrow cells. These features are variably modifed across
individuals, and have significant power to predict IL1[ secretion from donor paired PBMCsin
response to a heterologous C. albicans challenge. These data support the hypothesis that long-
lasting activation within uncommitted HSCs directly influences the epigenetic landscape of
downstream progenitors, which enter the circulation as functionally reprogrammed cells (Fig 7).
Our model suggests that HSCsresiding at the top of the differentiation hierarchy act asthe
central drivers of all changes detected downstream. Thus, our data raise critical questions about
the drivers that maintain the re-wired TF circuits and gene expression programs within HSCs. Do
small numbers of bacteria persist three months following BCG vaccination? Or did the initial
exposure to BCG induce a self-sustained, persistent epigenetic rewiring of HSCs? In support of
the latter possibility, BCG was not detected in microbiological and molecular tests of the bone
marrow samples™, suggesting that bacteria are cleared within three months of vaccination, or
otherwise persist at undetectable levels. Likewise, HSPCs from BCG vaccinated individuals did
not secrete increased levels of pro-inflammatory cytokines which direct immune activation of
HSCsis known to induce. Instead, our data suggest that the baseline expression program within
HSCs s altered by transient exposure to BCG, at least for intermediate (90 day) time scales.
Future epigenetic analyses aimed at characterizing DNA methylation levels, for example, within
HSCs could help determine the molecular drivers maintaining differential gene expression
programs within HSCs.

Interestingly, the gene expression and chromatin accessibility signatures of BCG vaccination

appear to affect different populations of progenitor cells. As emphasized above, HSCs harbored

16


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

rewired myeloid-driving gene expression programs driven by altered transcription factor
activities, while the resulting downstream myeloid progenitors harbored changes in chromatin
accessibility, but not large numbers of DR genes. We hypothesize that these changes in
chromatin accessibility serve as an epigenetic memory signature of altered transcription factor
activities and binding patterns occurring at the HSC-stage of devel opment that is subsequently
imparted onto the downstream progeny, even as many of these differential gene expression
programs are silenced. When performing formal comparisons of baseline (in DO samples) peak
accessibility between HSC and CMP, we have found that consistently higher percentages of
peaks (~25%) have decreased (log2FC < 0; P.adj < 0.1), compared to increased (~11%)
accessibility in CMP compared to HSC. Likewise, apeak in GMP is more likely to have
decreased accessibility compared to the same peak within HSC (33.6% with significant reduction
in accessibility compared to 17.7% of peaks with a significant increase), suggesting that
guantitative losses in peak accessibility are a general feature of hematopoietic differentiation. It
islikely that, as HSCs differentiate into the myel oid lineage, the gene expression programs
regulated by these now closed regions of accessibility are also lost, allowing myeloid progenitors
to retain only select differential gene expression programs such as those affecting TNF, NF«B,
and oxidative phosphorylation programs. The differential accessibility landscape within these
progenitors then may largely reflect the incomplete closing of peaks around the binding sites of
TFsthat were differentially active within upstream HSCs, leading to memory-like signatures.
Future work involving direct investigations into TF binding through ChiP-like approaches within
HSCs and the myeloid progenitors derived from them will be critical for further investigating

this modd!.

17


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Finally, this study represents the first single cell analysis to directly show that immune induced
changes to both chromatin accessibility and differential gene expression patterns within human
bone marrow are directly predictive of functional responsesin the periphery. These findings
demonstrate the systemic nature by which vaccines impact the immune system and highlight the
fact that human vaccination with live attenuated vaccines can have lasting impacts not only on
adaptive lymphocytes, but al'so on central compartments such as the bone marrow for at least
three months. Ultimately, our data suggest that the impact of BCG on the bone marrow is very
complex dueto 1) high levels of HSPC heterogeneity, including at baseline conditions, and 2)
the dynamic nature of continuous cell differentiation that continues to take place even as HSPCs
are responding to the vaccine. We suggest future work consider lineage tracing to directly
examine the inheritance of gene regulatory marks from stem to progenitor cells. More broadly,
we hope that more work will focus on understanding the durability of central stem cell
reprogramming, the types of pathogens against which this phenomenon might be protective, the
inter-individual factors that dictate differences in HSPC responsiveness to BCG vaccination
between individuals, and how, or whether, the unique sequences of infectious and immune
challenges encountered by humans over the course of alifetime may imprint unique HSPC

memory fingerprints reflected within the innate immune cell compartment.
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MAIN FIGURE LEGENDS

Figure 1. Multimodal analysis of human bone marrow cells. (A) Overview schematic of
experimental timeline and samples collected in aclinical trial setting for BCG vaccination, 20
total donors on BCG (n=15) or placebo (n=5). Bone marrow aspirates and PBMCs were
collected from all patients at DO prior to vaccination and D90 (90 days after BCG or placebo).
Cryopreserved bone marrow samples were stained with a cocktail of lineage and HSPC-specific
antibodies to enable flow cytometric analysis of cellular composition as well as simultaneous
sorting of all CD34+ cells. Sorted CD34+ cells were immediately processed for scRNA-seq and
SCATAC-seq according to the respective 10X genomics protocols. (B) Revised model of
hematopoiesis in which the developmental processis a continuum, as recent findings indicate
that only a small fraction of HSC generate an equal outcome for all blood mature cell lines, while
most HSC exhibit a differentiation bias toward one lineage. (C) PHATE of the sScRNA-seq data
collected from bone marrow CD34+ HSPCs of BCG and placebo vaccinated individuals at DO
and D90. Cells were grouped into 13 non-overlapping clusters based on gene expression: HSC
¢l (n=9637), HSC c2 (n=10953), CMP c1 (n=9174), CMP c2 (n=14918), CMP c3 (n=1715),
GMP c1 (n=6631), GMP c2 (n=6423), MEP c1 (n=8871), MEP c2 (n=5439), MEP ¢3 (n=3811),
MLP cl (n=5153), MLP c2 (n=3837), PreBNK (n=3371). Marker gene colored PHATE plots by
expression levels of lineage defining genes (from left to right) GATAL, GATA2, SPIB, DNTT,

MPO.

Figure 2. BCG vaccination has a long-term impact on gene expression within HSPC

populations. (A) PHATE of the scRNA-seq data collected from bone marrow CD34+ HSPCs of

BCG and placebo vaccinated individuals at DO and D90. (B) Bar graphs summarizing the total
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number of significant genes (Ifsr<0.01) in each cell type. Blue and red shading indicate the
number of genes whose expression was impacted negatively and positively, respectively, by
BCG vaccination compared to placebo. (C) Summary plot of gene set enrichment analysis
(GSEA) performed separately for each cell type. Genes were ordered by the rank statistic —
log10(pval)*logFC and compared against Hallmark gene sets. Circle sizeis scaled to —
log10(padj). All shown circles are pathways with p<=0.05. All circles with border have
padj<=0.1 (D) Second-round clustering was performed on HSC ¢1 and HSC c2 (E) HSC
subgroups after second round clustering of HSC ¢1 and HSC c2 cells. (F) HSC subclusters
colored by CD90/CD49f/CD45RA (average z-score across the three genes). Darker shading
indicates a higher score. (G-1). UMAPs of select Hallmark pathways. Shading of each subcluster

is scaled to —og10(padj) enrichment of the pathway within the cluster.

Figure 3. BCG vaccination resultsin lineage bias of HSCs. (A) Schematic of the experimental
guestion. (B) Model of hematopoiesis showing possible terminal fates used in the Cellrank
model. (C) Absolute percentages of CMP ¢2 biased HSCs for each donor at D90 (p=0.018). (D)
Terminal fates of individual HSCs from BCG and placebo vaccinated individuals were predicted
with CellRank for each donor. PHATE maps show HSCs from placebo individuals (top) or
BCG-vaccinated individuals (bottom) colored by predicted terminal fate (green: CMPsS/GMPs,
blue: MLPs/PreBNK, orange: MEPs). (E) Percent CMPs in the bone marrow of 90 days post
BCG (pink) compared to placebo (blue), Mann Whitney p = 0.026. (F) Bar graphs showing the
percentage of each cell type among live CD34+ HSPCs at D90 as determined by flow cytometry
anaysis. CLP p =0.026, MLP p = 0.075, MPP p = 0.095. (G) D90 vs. DO Log2FC expression of

CEBPB (Ifs = 0.1), KLF6 (Ifsr = 0.001), MAPK14 (Ifsr = 0.03)
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Figure 4. BCG vaccination impacts the chromatin accessibility of immune progenitors. (A)
UMAP of the scATAC-seq data collected from bone marrow CD34+ HSPCs of BCG or placebo
vaccinated individuals at DO or D90. Clustering based on chromatin accessibility grouped cells
into 16 clusters: CMP1 (n=5041), CMP2 (n=2942), HSC1 (n=5750), HSC2 (n=5052), MEP1
(n=4436), PreBNK (n=1876), GMP1 (n=3798), CLP (n=2146), MEP2 (n=2653), MEP3
(n=3886), CMP3 (n=1458), MEP4 (n=2230), CMP4 (n=1952), CMP5 (n=5590), GMP2 (n=962),
GMP3 (n=2806). (B) UMAPs colored by gene activity scores of lineage-defining genes (IRF8 —
DC; GATAL1 — MEP; PAX5 — lymphoid; MPO — granulocytic/myeloid). Gene scores are
indicative of the degree of chromatin accessibility within a 100 kb window on either side of the
gene body (dark = lo, bright yellow = hi). (C) The total number of significant peaks (FDR<0.1)
for each cluster. Blue and red bars indicate peaks whose accessibility was impacted negatively

and positively, respectively, by BCG vaccination compared to placebo.

Figure5. Changesin chromatin accessibility in downstream myeloid progenitorsare
coupled to TF-driven rewiring of HSCs. (A) Top transcription factor motif enrichments for
broad cluster groups. Circle color is scaled to H0g10(FDR). TFs shown with acircle have FDR
< 0.001 and are present in at least 15% of DR peaksin at least one cdll type. Areaswith no circle
indicate an enrichment with FDR >= 0.001. TFs highlighted in teal color also serve as gene
expression drivers within HSCs (B-C). GSEA enrichment plots showing the enrichment of DA-
peak associated motifs of GMP (B) and CMP (C) within TFs that exhibit differential activity in

HSCs following BCG vaccination.
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Figure 6. BCG-induced differential chromatin accessbility within myeloid-like HSPCs
predictsincreased 1L 1B secretion by PBMCs. (A) DA peaks within each cluster were assigned
to the gene with the closest TSS. Gene ontology enrichment analysis was performed for
reactome pathways using all peak associated genes as background and genes associated with DR
peaks as foreground. Plot circle size and shading darkness are both scaled to —{og10(p-value) of
enrichment. (B) Results of the elastic net regression. The scatterplot shows real IL1B FC (D90
vs. DO) for each donor on the x-axis and predicted values from the model trained using DA peaks
in CMP5 on the y-axis (Spearman rho = 0.761, p = 0.001). (C) Results of the elastic net
regression using gene expression data for HSCs. The scatterplot showsreal IL1B FC (D90 vs.
DO) for each donor on the x-axis and predicted values from the model on the y-axis (Spearman
rho = 0.837, p = 1x10-4). (D) Quantification of the total number of DR genesin HSCswith
significant spearman correlations with fold change IL1B secretion for each cytokine tested. (E-
F) Spearman correlations between 10g2FC expression levels of the transcription factors KLF6
(Spearman rho = 0.86) and FOS (Spearman rho = 0.83) and fold change IL 1B secretion between
DO (before) and D90 (3 months-post BCG vaccination). (G-H) Example scatter plots correlating
TF activity (regulon) scoresin HSCswith fold change IL1B in PBMCsfor KLF5 (spearman rho

=0.71, p=0.0033) and EGR1 (spearman rho = 0.71, p = 0.0029). (1) Plot correlating the fold

change IL1B secretion between DO (before) and D90 in PBM Cs with the 2CMP lineage bias

(percent HSCs biased towards CMPs (CMP cl, ¢2, or ¢3) at D90 vs. DO) for each individual

(Spearman rho = 0.63, p = 0.01).

Figure 7. Summary Figure. BCG vaccination rewires TF activity and gene expression within

HSCsfor at least 3 months. Progenitors deriving from these HSCs harbor changes in chromatin
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accessibility at thousands of sites. These sites are predicted to serve as binding sites for TFs with
altered activity within HSCs. Multiple features within the bone marrow, including the magnitude
of differential gene expression change within HSCs, TF activity, myeloid bias, and chromatin

accessibility changes within CM Ps are predictive of changesin IL1B cytokine section by donor-

paired PBMCs.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Bone marrow aspirate staining, sorting, and sample collection

The study enrolled twenty BCG-naive volunteers, both male and female, aged between 18 and 50
years, as described in™>. These participants were healthy, with no active infections, no signs of
inflammation, and a negative Quantiferon-TB Gold test result. They were randomly divided into
two groups: 15 participants were administered a standard dose (0.1ml) of intradermal BCG
vaccine (BCG Bulgaria, Intervax), while the remaining 5 received 0.1ml of a placebo vaccine
diluent. Thetrial was approved by the Arnhem-Nijmegen Ethical Committee (approval number
NL55825.091.15). Cryopreserved bone marrow aspirates were processed, following the steps
detailed below, on 7 separate days/batches, each batch containing 1) males and females and 2)
samples collected on both DO and D90. Five out of the seven batches contained samples from
both placebo and BCG vaccinated cohorts (two contained only BCG cohort samples when there
were no remaining controls).

Initial thawing and incubation: Cryopreserved samples were thawed and cultured in RPM1 1640
(Fisher) supplemented with 10% fetal bovine serum (Corning), 2 mM L-glutamine (Fisher), 2%
HEPES (Thermo Fisher Scientific), 1% non-essential amino acids (Thermo Fisher Scientific),

1% essential amino acids (Thermo Fisher Scientific), 0.14% 5N NaOH, 1mM sodium pyruvate
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(Thermo Fisher Scientific), 1200U/ml penicillin (Thermo Fisher Scientific), and 100ug/mi
streptomycin (Thermo Fisher Scientific) for 2 hours. After incubation, samples were washed
with PBS, passed through a 100 um filter, and counted.

Antibody staining: To prepare samples for flow cytometry analysis and sorting, cells were
incubated with 1:50 Live/dead fixable blue (Invitrogen) at afinal cell concentration of 1M
cell/100 pL for 20 mins (on ice). Samples were washed with 1% BSA (Miltenyi Biotec) in PBS
(used for al further washing and staining steps) and resuspended in F/C block solution (BD
Biosciences) for 10 minutes. Cells were washed and resuspended in a cocktail of antibodies
targeting mature and stem/progenitor cell surface markers (See Table 1) for afinal cell
concentration of 1M cells per 100 uL. After 30 minutes on ice, cells were washed, resuspended,
and passed through a 70 um Flowmi céll strainer (Fisher) immediately prior to sorting.

Sorting: Sorting was performed on a Symphony S6 cell sorter in the UChicago Human Disease
and Immune Discovery core (HDID) using a 100 um nozzle. For any given batch, samples
collected from the same donor were sorted sequentially alternating between starting timepoints
(for example, batchl: S1 DO, S1 D90, S2 DO, S2 D90; batch 2: S3 D90, S3 DO, $4 D90, $4 DO).
Following sorting, CD34+ cells were washed in 1% BSA in PBS, counted, and then processed
for single cell RNA and ATAC captures are described below:

Single cell RNA capture: Immediately prior to capture, samples were combined into two pools (2
or 3 samples per pool). Multiplexed cell pools were used as input for the single cell captures. For
pools containing 2 or 3 samples, 6600 cells or 10,000 cells respectively were targeted for
collection using the Chromium Single Cell 3' Reagent (v3.1 chemistry) kit (10X Genomics).

Post Gel Bead-in-Emulsion (GEM) generation, the reverse transcription (RT) reaction was
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performed in athermal cycler as described (53°C for 45 min, 85°C for 5 min), and post-RT
products were stored at -20°C until downstream processing.

Single cell ATAC capture: Leftover cellsin each pool not used for single cell RNA capture were
lysed for 3 minutes to isolate nucle, trangposed, and used as input for the single cell ATAC
captures. Variable numbers of nuclei (ranging from 2,026 to 9,085, depending on the number of
leftover cells) were targeted for collection using the Chromium Next GEM Single Cell ATAC
Reagent (v1.1 chemistry) kit (10X Genomics). Post Gel Bead-in-Emulsion (GEM) generation,
the GEMs were incubated in athermal cycler as described (72°C for 5 min, 98°C for 30 sec, 12
cycles of 98°C for 10 sec, 59°C for 30 sec and then 72°C for 1 min), and post-incubation
products were stored at -20°C until downstream processing.

Bulk CD34- processing: Total RNA was extracted from the sorted CD34- cell fraction of each
sample using the miRNeasy Micro kit (Qiagen) or miRNeasy Mini kit (Qiagen). RNA-
sequencing libraries were prepared using the [Hlumina TruSeq protocol. Indexed cDNA libraries
were pooled in equimolar amounts and sequenced single-end 100 bp reads on an Illumina
NovaSeq.

Single cell library preparation and sequencing

Snglecell RNA libraries: Post-RT reaction cleanup, cDNA amplification, and sequencing
library preparation were performed as described in the Single Cell 3' Reagent Kitsv3.1 User
Guide (10X Genomics). Briefly, cDNA was cleaned with DynaBeads MyOne SILANE beads
(ThermoFisher Scientific) and amplified in athermal cycler using the following program: 98°C
for 3min, 11 cyclesx 98°C for 15 s, 63°C for 20 s, 72°C for 1 min, and 72°C 1 min. After
cleanup with the SPRIselect reagent kit (Beckman Coulter), the libraries were constructed by

performing the following steps. fragmentation, end-repair, A-tailing, SPRIselect cleanup, adaptor
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ligation, SPRIselect cleanup, sample index PCR (98°C for 45 s, between 11 and 13 cycles x
98°Cfor 20 s,54°Cfor 30 s, 72°C for 20 s, and 72°C 1 min), and SPRIselect size selection. Prior
to sequencing, all multiplexed single-cell libraries were quantified using the KAPA Library
Quantification Kit for Illumina Platforms (Roche) and pooled in an equimolar ratio. Libraries
were sequenced 100 base pair (readl: 28, i7: 10, i5: 10, read2: 90) on an [llumina NovaSeq.
Single cell ATAC libraries: Post GEM incubation cleanup and sequencing library preparation
were performed as described in the Single Cell ATAC Reagent Kitsv1.1 User Guide (10X
Genomics). Briefly, post-incubation GEMs were cleaned up first with DynaBeads MyOne
SILANE beads (ThermoFisher Scientific) and then with SPRIselect reagent (Beckman Coulter).
Libraries were constructed by performing sampleindex PCR (98°C for 45 s, 9 or 10 cycles of
98°Cfor 20 s,67°Cfor 30 s, 72°C for 20 s, and 72°C 1 min) followed by SPRIselect size
selection. Prior to sequencing, al multiplexed single-cell libraries were quantified using the
KAPA Library Quantification Kit for Illumina Platforms (Roche) and pooled in an equimolar

ratio. Libraries were sequenced 100 base pair (readl: 50, i7: 8, i5: 16, read2: 50) on an lllumina

NovaSeq.

QUANTIFICATION AND STATISTICAL ANALYSIS

Mapping, demultiplexing, and cell filtering

Sngle-cell RNA-seq data: FASTQ files from each multiplexed capture (n=14) were mapped to
the GRCh38-2020-A-2.0.0 human reference genome using cellranger (v6.0.2) (10X Genomics).
Demuxlet® was used to demultiplex each capture into its constituent samples based on
genotypes in acommon VCF file containing genotype (GT) and genotype likelihood (PL) for

each individual. Demuxlet implements a tatistical model to determine the likelihood of RNA-
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seq reads from any given single cell to map to aset of single nucleotide polymorphisms,
therefore leveraging natural genetic variation to differentiate between samples from different
individuals. Following demultiplexing, the Seurat (v3.2.3 Rv4.1.0) pipeline was used to retain
only high-quality cells based on the following criteria: “singlet” as determined by Demuxlet
(“doublets’ and “ambiguous’ cells removed), percent mitochondrial reads < 15%, and RNA read
count (NCount_RNA) > 500. Out of the initial 115,698 cells captured across all batches, 92,014
were retained as high-quality singlets.

Sngle-cell ATAC-seq data: FASTQ files from each multiplexed capture (n=14) were mapped to
the GRCh38-2020-A-2.0.0 human reference genome using cellranger-atac (v2.0.0) (10X
Genomics). Demuxlet® was used to demultiplex each capture into its constituent samples as
described above using the same common V CF file. Following demultiplexing, we used the
ArchR (v1.0.1, ArchRGenome: hg38) pipelineto filter the data, retaining only high-quality cells.
Cdl filtering and the creation of ArrowFiles was performed in asingle step using the
createArrowFiles function on cells with “singlet” demuxlet status and using parameters minTSS
=4 and minFrags = 1000 to further retain only cells with a sufficient signal to background ratio
(high accessibility at transcription start sites) and at least 1000 unique nuclear fragments. Across
all batches, 58,988 cells were retained as high-quality singlets.

Clustering, cell type assignments, and UM AP analysis

scRNA-seq data: Following quality-control filtering, we split cells first by timepoint giving rise
to two groups of cells. TdO (from DO samples, n=42,493) and Tm3 (from D90 samples,
n=49,521). Since individuals received either the BCG vaccine or placebo, we further split Tm3
cdlsinto two subgroups: BCG (n=37,999) or CTL (n=11,522) — leading to 3 final groups of

cells: Td0, Tm3_BCG, and Tm3_CTL. We ran the function SCTransform separately for each
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group to normalize and scale UMI counts, to identify the most variable features, and to regress
out variables corresponding to percent mitochondrial reads or capture. We then integrated the
transformed data using the following Seurat functions: SelectintegrationFeatures
(nfeatures=3000), PrepSCT Integration, FindintegrationAnchors, and IntegrateData. To perform
dimensionality reduction downstream of integration we used the functions RunPCA (npcs=30),
RunUMAP (dims=1:30), FindNeighbors (dims=1:20), and FindClusters (resolution=0.5). This
resulted in 23 preliminary clusters.

To annotate the clusters according to HSPC cell type, we used the FindTransferAnchors function
(dims = 1:30, reference.reduction = "pca’, reference.assay = "SCT", query.assay = "integrated")
to map our integrated SCRNA-seq data onto a pre-labelled human bone marrow reference dataset
(thawed, stained, sorted, and processed for sScRNA-seq as described above) we previously
annotated using CellID®,

SCATAC-seq data: Following quality-control filtering and creation of arrow files for each sample,
we combined all arrow filesinto a ArchRProject used in all downstream processing steps.
Dimensionality reduction, batch effect correction, clustering, and UM AP visualization were
performed using the following functions of the ArchR pipeline: addlterativeL SI (with
parameters. iterations = 2, resolution = ¢(0,2), sampleCells = 10000, n.start = 10, varFeatures =
25000, dimsToUse = 1:30), addHarmony, addClusters (resolution=0.8, reducedDims=Harmony),
and addUMAP (nNeighbors = 30, minDist = 0.5, metric = “cosin€”’). To annotate clusters
according to HSPC cell type matching those in the ScCRNA-seq data, we first performed an
unconstrained integration using the addGenelntegrationMatrix function to broadly map each
SCATAC cluster to acell type within our scRNA-seq data. Using this approach, we made the

following preliminary assignments:
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scATAC clusters"C5", "C6", "C19", "C8" > “HSC"

scATAC clusters"C22", "C17", "C2","C4", "C3", "C1", "C21", "C16" - “CMP’

SCATAC clusters"C10", "C23", "C24" - “GMP’

SCATAC clusters"C7", "C14", "C15", "C18" - “MEP’

SCATAC clusters "C12", "C13" - “MLP”

SCATAC clusters"C11", "C9" - “PreBNK”

SCATAC cluster “C20" - “unknown”

To generate more detailed cluster mappings (i.e., separating “HSCs’ into “HSC ¢1” or “HSC
c2") we then performed a second-round constrained integration by rerunning
addGenelntegrationMatrix with the newly defined broad group labels, leading to the following
final cluster assignments (annotated as. raw scATAC cluster name/scRNAseq equival ent):
C1/CMP 1, C2/ICMPcl, C3/CMP c2, C4/CMP c1, C5/HSC c2, C6/HSC c1, C7/MEP c1,
C8/HSC c2, C9/PreBNK, C10/GMP c2, C11/PreBNK, C12/MLP c2, C13/MLP c2, C14/MEP
cl, C15/MEP c3, C16/CMP cl1, C17/CMP c3, C18/MEP c3, C19/HSC c2, C20/unknownl,
C21/CMP c2, C22/ICMP c2, C23/GMP c1, C24/GMP cl1

Following exclusion of ‘unknown’ clusters, or clusters for which there were more than 12
samples filtered (see below) the following final cluster names were used downstream of the
differential accessibility analysis (below):

C3->CMP1, C4 -> CMP2, C5 -> HSC1, C6 -> HSC2, C7 -> MEPL, C9 -> PreBNK, C10 ->
GMP1, C12 -> MLP, C14 -> MEP2, C15 -> MEPS, C17 -> CMP3, C18 -> MEP4, C21 ->
CMP4, C22 -> CMP5, C23 -> GMP2, C24 -> GMP3

SCATAC-seq Peak calling
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We called peaks using the ArchR function addReproduciblePeak Set which utilizes MACS2%%%
to call cluster-specific peaks using pseudo-replicates, and then creates a merged peak set using
iterative overlap peak merging. For peak calling we used theinitial raw, unprocessed alignment
data but with added cell type labels derived as described above.

Pseudobulk estimates

For downstream analyses of sScCRNA-seq data we summarized single cell expression into
pseudobulk estimates for each sample (each unique donor-timepoint pair), allowing a bulk
RNAseqg-like approach to investigating effects of BCG vaccination on human bone marrow for
each cell type. For each of the final 13 unique clusters with a defined cell type label (HSC c1,
HSC c2, CMP c1, CMP c2, CMPc3, GMP cl, GMP c2, MEP c1, MEP c2, MEP c3, MLP c1,
MLP c2, and PreBNK) we summed raw UM counts belonging to all cells from the same sample
using the sparse_Sums function in textTinyR (v1.1.4). Thus, for each cluster we converted an
initial cell by gene (n x m) matrix to a sample by gene (s x m) matrix.

For scATAC-seq data, we summarized single cell peak countsinto pseudobulk estimates as
described above, only using called peaks instead of genes. As described above, we summed raw
peak counts belonging to all cells from the same sample using the sparse_Sums function in
textTinyR separately for al clusters (n=24). Thus, for each cluster we converted an initial cell by
peak (n x p) matrix to a sample by peak (sx p) matrix.

Modédlling effect of BCG on gene expression and integration with mashr

Data filtering/normali zation/transformation

Gene expression data: For each cell type, we analyzed pseudobulk gene expression asif it were
bulk-RNA sequencing expression data. We first removed any samples for which there were

fewer than 20 cells, and any samples for which there was not a matching TdO or Tm3 timepoint
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(retaining only paired samples). Lowly expressed genes were filtered by removing all genes for
which the median logCPM values calculated for samples in each condition (TdO CTL, Tm3 CTL,
TdO BCG, Tm3 BCG) were al below 1. Then, we normalized gene expression counts across all
samples using the calcNormFactors function implemented in the edgeR R package (version
3.34.1) which utilizes the TMM algorithm (weighted trimmed mean of M-values) to compute
normalization factors, and we |og-transformed the data using the voom function from the limma
package.

Peak accessibility data: Similarly for peak accessibility data, we analyzed each pseudobulk peak
count matrix asif it were bulk-ATAC sequencing data. Data was filtered by removing samples
with fewer than 20 cells and any samples for which there was not a matching TdO or Tm3
timepoint. We filtered out low-count peaks for which the median logCPM values calculated for
samplesin each condition (TdO CTL, Tm3 CTL, Td0 BCG, Tm3 BCG) were al below a cell-
type specific threshold (1.25 for C12 and C15, 1.75 for C9 and C18, 2 for C23, 2.25 for C21, 2.5
for C17, and 1 for al other clusters). Custom thresholds were chosen as we found betas to be
positively or negatively skewed when binned by expression level prior to filtering, and that
different thresholds for filtering out lowly expressed peaks were required to center these beta
digtributions. Finally, we normalized peak counts across all samples using the calcNormFactors
function in edgeR, and log-transformed the data using the voom function in limma.

Mode fitting

We wanted to investigate the 90-day impact of BCG vaccination on gene expression and peak
accessibility in human bone marrow by comparing expression/accessibility levels from
vaccinated individuals at day 90 (after vaccination) and day O (prior to vaccination). However,

expression and peak accessibility measurements can naturally change across time, independent

31


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

of whether the individual received the BCG vaccine or only a placebo. Moreover, athough
individuals assigned to the placebo or BCG cohorts were matched for age, sex, and lack of
previous BCG exposure there could be random preexisting baseline differences when comparing
the cohorts. To correct for these effects, we independently fit SSRNA and scCATAC pseudobulk
datato amixed modd to estimate the impact of time and cohort assignment on
expression/accessibility while also giving an estimate of the independent contribution of BCG-
vaccination to changes in expression/accessibility at day 90.

Separately, for each feature (genes or peaks) and each cell type, we fit the following model:

Bo(i) + Zu + €(i,j) if Condition = placebo at DO
. { Bo(@) + B conore(D) + Zu + €(i,j) if Condition = BCG at DO
My EGJ) ~ Bo()) + Booo()) + Zu+ £(i,j) if Condition = placebo at D90
kﬁo(i) + ,BD‘)O(i) + ,BBCG,cohort(i) + Bvaccination(i) + Zu+ E(i,j) if Condition = BCG at D90

Where E(i,J) represents the estimate for each feature i and samplej. E(i,j) ismodelled asa
function of the fixed effects, Bo, Boso, Pecs_conort, AN Paccination, aNd the random effects Zu. Bo(i)
represents the intercept for the feature i, Bpoo(i) isthe natural effect of time on featurei,
Bece_conort(i) represents pre-existing baseline differences in feature i between the control and
BCG cohorts, and Bvaccinaion(i) represents the effect of BCG vaccination on featurei at D90. The
vector u isan mx1 vector of random effects to control for individual donor differences wherem
is the number of unique donors (m=X; m=j/2). Z is an incidence matrix of 1'sand 0's that maps
each sample] to one of mindividuals. The model was fit using the R package EMMREML.
Mashr

To increase our power to detect BCG-responsive genes shared or unique to each cell type, we

applied Multivariate Adaptive Shrinkage in R (mashr version 0.2.57) to outputs from emmreml
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for stcRNA-seq data. We did not apply mashr to scATAC data because peaks accessible enough
to passinitia filtering steps are highly cell type specific, decreasing the utility of mashr in this
context. For sScCRNA data, effect sizes were obtained by extracting the betas (Byaccinaion) fOr each
cell type and the standard error of the effect size for each gene was given by taking the square
root of varbeta estimates from emmreml. Effect sizes and standard errors for each cell type were
arranged into n x m matrices, n being the number of genes and m being the number of cell types.
We then fit the mash model using canonical and data driven covariance matrices and then
stringently defined significant genes as those with an Ifsr < 0.01.

HSC scRNA-seq subcluster analysis

HSC subcluster analysis was performed by including only cells labelled as HSC ¢1 and HSC c2
and applying the clustering, pseudobulk, modelling, and mashR steps outlined above.

M PP score

Calculation of the MPP score was based on known differences in the expression of CD90,
CD49f, and CD45RA between MPPs and LT/ST-HSCs. To calculate the score, we first obtained
mean expression values for each of the three genes across single cells for each HSC subcluster.
The unprocessed mean values were centered and scaled using the scale function in R to
normalize all values to a mean=0 and standard deviation of 1. Scaled scores for each individual
gene were averaged to generate the final composite score.

Velocyto, Cellrank, and terminal state prediction

We used velocyto® followed by the CellRank™® pipeline to determine single cell RNA-velocity
measurements and to predict the terminal lineage fate of HSCs from each sample.

We first used the velocyto run10x command to quantify spliced and unspliced read counts

(which are required downstream in the pipeline to estimate RNA velocities) for each gene within
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every cell of our sScRNA-seq dataset. Then, separately for cells of each unique donor-timepoint
sample, we ran the CellRank™® pipelinein python to predict terminal fates of individual HSCs
within each sample. Briefly, for each sample, we first removed genes with very low
spliced/unspliced MRNA counts, normalized and log-transformed the data, subset on only the
top-most variable genes, and computed principal components and momentsfor velocity
estimation using the following CellRank functions: scv.pp.filter_and_normalize (with parameters
min_shared_counts=20 and n_top_genes=2000), sc.tl.pca, sc.pp.neighbors (with parameters
n_pcs=30 and n_neighbors=30), and scv.pp.moments (with parameters n_pcs=None and
n_neighbors=None). Next, we used dynamical modelling to estimate RNA velocities for each
single cell using the function scv.tl.recover_dynamics and computed a velocity graph indicating
the likelihood that one cell will transition into another based on their RNA velocities and relative
positions using scv.tl.velocity(mode="dynamical") and scv.tl.velocity _graph. Visualization of
these velocity graphs was performed with the function scv.pl.velocity_embedding_stream.

We then used avelocity Kernel to formally predict the terminal lineage fate of each HSC for
each sample. We first used the commands VelocityKernel and vk.compute_transition_matrix on
the single cell data, pre-processed as described above, to compute a cell-cell transition matrix
based on RNA velocity. We combined this velocity kernel with a connectivity kernel to create a
less noisy combined kernel (combined_kernel = 0.8 * vk + 0.2 * ck). Using a GPCCA
(Generalized Perron Cluster Analysis) estimator, we computed a schur decomposition with
g.compute_schur(n_components=20). Finally, we pre-defined all possible terminal states using
g.set_terminal_states (with possible states: MLP c1, MLP c2, GMP cl1, GMP c2, MEP c1, MEP

c2, MEP c3, CMPcl, CMP c2, CMP c3, PreBNK) and then calculated the terminal state
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probabilities for each HSC using g.compute_absorption_probabilities(use petsc=True, n_jobs=5,
solver="gmres).

To compare terminal state differentiation probabilities across time for any given donor we
labelled each single HSC with the terminal state towards which it had the greatest differentiation
probability. For each donor (excluding donors with fewer than 20 total HSCs) we then computed
the percentage of HSCs at day 0 and day 90 having maximal differential probability towards
each terminal state and computed the difference across time (%day90 - %day0), leading to a
“differentiation-shift” score for each possible terminal state, for each donor. For statistical
comparisons of differentiation-shift scores of BCG and placebo groups we used a Wilcoxon test.
SCHINT motif enrichment

Preprocessing: Transcription factor motif enrichments and foot printing were performed using
HINT-ATAC from the Regulatory Genomics Toolbox. Raw bam files for each 10X capture were
split by vaccination cohort, timepoint, and assigned cell type using samtools (v1.9) view. We
focused on comparing BCG samples at DO and D90, so only BCG samples (i.e., BCG_D0 HSC,
BCG_D90 HSC, BCG D0 _CMP, BCG_D90 CMP, ...) were processed further. Matching bam
files from each capture were merged using samtools merge to generate BCG DO and BCG D90
merged bam files for HSCs, CMPs, GMPs, MEPs, MLPs, and PreBNK (12 total files) for
downstream foot printing and motif analyses.

Motif enrichment: To determine which motifs were present within DR peaks we performed rgt-
motifanalysis matching on DR peaks using the JASPAR CORE V ertebrates set of curated
position frequency matricesto determine whether specific motifs were significantly enriched we
used the rgt-motifanal ysis enrichment function with cluster-specific DR peaks as the foreground

and the shared total peak set as the background for all clusters.
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Foot printing: To predict the locations of transcription factor footprints we ran the rgt-hint
footprinting function with parameters --atac-seq --paired-end --organism=hg38 on all peaksfor
each merged bam file generated in the preprocessing step. To predict which transcription factors
were likely bound at each predicted footprint, we used the rgt-motifanalysis matching function to
find motifs present within footprints.

Assigning DA peaksto genesand GO enrichment

To investigate which genes were located closest to differentially regulated peaks, we assigned
each DR peak to the gene with the closest TSS using the Homer*° function annotatePeaks with
default parameters. This peak-gene association was performed separately for DR peaks within
CMPs, GMPs, HSCs, MEPs, MLPs, and PreBNK clusters. To determine whether specific
pathways were enriched among genes closest to DA peaks we specified the parameter -GO when
running the annotatePeaks function which outputs peak-gene assignments and gene ontology
enrichments using DA peaks as foreground peaks and atotal peak set (common to all clusters) as
background. Output gene ontology enrichment p-values were corrected with the p.adjust
functionin R.

Regulon analysis

We used pySCENIC®, the python implementation of the SCENIC? pipeline, to predict
transcription factor activity levels within each cluster. Briefly, wefirst created aloom file for
each cluster for which the analysis was to be performed using the build_loom function
implemented in the SCopel.oomR package. Then we used the pyscenic grn function on the loom
object to derive co-expression modules from the single cell expression data. Next, the pyscenic
ctx function was run with default parameters to search for transcription factor motifs at promoter

regions among members of each co-expression module and to trim targets lacking the target
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transcription factor motifs. Finally, pyscenic aucell was used to generate an activity score for
each pruned co-expression module for every cell.

To compare transcription factor module activity scores across different conditions, we averaged
activity scoresfor al cells belonging to the same sample to generate average TF activity scores
per donor per timepoint. For each donor, we computed the Tm3/TdO0 activity score ratio to
compute the fold change in activity score across time. Then we compared Tm3/TdO activity
scores between donors of the placebo versus BCG cohorts and used the Wilcoxon rank sum test
to derive ap-value.

Definition of driver TFs

We defined “driver TFS” as transcription factors with evidence of changes in activity score (p <
0.05, see ‘Regulon analysis’ above) and/or TFs whose encoding gene was differentially
expressed (Ifsr < 0.1) in the sScRNA-seq analysis (see above).

Gene set enrichment analysis

Gene set enrichment analyses (GSEA) were performed using the fgsea R package (version
1.18.0) with parameters. maxSize = 500, nperm=100000. To investigate biological pathway
enrichments among BCG-responsive genes, we ordered genes by the rank statistic: -
log10(Ifsr)*PM where Ifsr and PM (posterior mean) were output from running mashr as
described above. The rank-ordered gene list was compared with the Hallmark gene sets from the
MSigDB collections.

To investigate enrichment of driver TFs (see ‘Driver TFS' above) among TF motifs found within
differentially accessible peaks of downstream progenitors, we ordered motifs by the rank statistic
perc*-log10(fdr), where perc is the percentage of significant peaks within which the motif is

found, and fdr is the enrichment of the motif among DA peaks compared to a background of all
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peaks. For each the progenitor cell type the rank-ordered TF motifs were compared with the list
of driver TFsidentified for HSCs.

Elastic net regression

We built an elastic net model using the glmnet R package™ to determine whether the magnitude
of BCG-induced differential accessibility of peaks within progenitors, or differential gene
expression in HSCs, was predictive of the log2FC value of cytokine production of PBMCs after
BCG vaccination. To choose the optimal value of apha, we tested alphas ranging from0to1in
increments of 0.1 and chose the alpha that maximized the R2 value between the elastic net
predicted IL1B log2FC values, and their experimentally measured values. The regularization
parameter lambda was chosen to minimize mean-squared error during n-fold internal cross-
validation.

We used a leave-one-out cross-validation approach to generate predicted IL 1B log2FC values for
each donor. Wefirst separated all samples (each sample corresponding to adonor) into training
and test samples and quantile normalized the raw |og2FC values (BCG vs. placebo) for each
differentially accessible peak, or differentially expressed gene, within each sample to a standard
normal distribution. Then, we split the test sample from the training samples, and on the
remaining training samples, quantile normalized across samples to a standard normal
distribution. For each peak/gene within the test sample, we compared log2FC differential
accessibility/expression to the empirical cumulative distribution function for the training
samples. Thisallowed us to estimate the quantile into which the peak/gene fell and to assign this
guantile value using the gnormfunction in R.

Correlations
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All correlations were performed with the cor.test function in R with parameter method=

“spearman”.
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SUPPLEMENTARY FIGURE LEGENDS
Supplementary Figure 1. BCG vaccination has heter ogenous impacts on gene expression
after 90 days. (A) Schematic showing the general SCRNA-seq analysis approach. Raw ‘CELL x

GENE’ UMI counts generated through the Seurat pipeline were transformed into * SAMPLE x
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GENE’ pseudobulk matrices for each cell-type/cluster. Pseudobulk expression wasfit to alinear
model that estimates and corrects for natural expression changes across timein placebo
individuals and allows identification of BCG-specific effects on gene expression. (B) Example
boxplots showing a gene (LINC01128) for which BCG vaccination had a significant differential
impact on expression compared to placebo and a non-significant gene (AL157893.2) that
exhibited smilar across-time changes in expression in both placebo and BCG vaccinated
individuals. C- Principal component analysis showing cell types clustered by Hallmark pathway
enrichment (NES) scores as computed for GSEA in Fig 2C. “Ref” point (gray diamond) isa
vector of zeros, representing a baseline unaffected state with no enrichment of any pathway. NES
values for pathways with p>0.05 were set to 0. D- Raw, normalized 10g2CPM expression levels
of pro-inflammatory and myeloid-differentiation cytokines (IL1B, TNFA, GM-CSF, IL3, IL6,
IFNG, G-CSF) in each cluster. E- Dot plot of select enriched hallmark pathways within HSC c1
and HSC c2 (Fig 2C) The relative enrichment of the pathway (-log10(padj)) was determined for
each HSC subcluster following within-subcluster differential gene expression analysis and
GSEA as performed in Fig 2. Enrichment z-score for each pathway was cal culated by comparing

enrichment scores across subclusters.

Supplementary figure 2. The CMP c2 cluster is MPOhi. (A-D) UMAPs colored by expression
levels of monocyte or granulocyte-associated genes (A. CEBPB; B. CSF3R; C. MPO; D.

CEBPA). (E) D90 vs. DO Log2FC expression of IRF1 (Ifsr = 0.004)

Supplementary Figure 3. BCG vaccination induces changesin TF activity and gene
expression. (A) Number of transcription factor regulons with differential activity (p < 0.05) in

each broad cluster group. (B) Bubble plot showing TFsthat are differentially expressed within
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each cluster from the RNA-seq data. Red indicates higher expression within BCG vaccinated

individuals and blue indicates decreased expression.

Supplementary Figure 4. DR peaksin GMPsenrich for innateimmune pathways. (A) DA
peaks within each cluster were assigned to the gene with the closest TSS. Gene ontology
enrichment analysis was performed for biological process pathways using all peak associated
genes as background and genes associated with DR peaks as foreground. Plot circle size and
shading darkness are both scaled to —1og10(p-value) of enrichment. Pathways related to
immunity, immune development, and MAPK signaling are outlined in pink. (B-G) Example
scatter plots correlating TF activity (regulon) scoresin HSCswith fold change IL1B in PBMCs
for B) EGR3 (spearman rho = 0.75, p = 0.0013), C) FOS (spearman rho = 0.7, p = 0.0035), D)
KLF6 (Spearman Rho = 0.71, p = 0.0033), E) JUN (Spearman Rho = 0.72, p = 0.0023), F)

KLF10 (Spearman Rho = 0.74, p = 0.0017), and G) CEBPB (Spearman Rho = 0.78, p = 6e- 4).

REFERENCES

1. Divangahi, M., Aaby, P., Khader, SA., Barreiro, L.B., Bekkering, S., Chavakis, T., Van
Crevel, R, Curtis, N., DiNardo, A.R., Dominguez-Andres, J., et al. (2021). Trained
immunity, tolerance, priming and differentiation: distinct immunological processes. Nat
Immunol 22, 2-6. 10.1038/s41590-020-00845-6.

2. Netea, M.G., Dominguez-Andrés, J., Barreiro, L.B., Chavakis, T., Divangahi, M., Fuchs, E.,
Joosten, L.A.B., Van Der Meer, JW.M., Mhlanga, M.M., Mulder, W.JM., et a. (2020).
Defining trained immunity and its role in health and disease. Nat Rev Immunol 20, 375-388.
10.1038/s41577-020-0285-6.

3. Arts, RJ.W., Moorlag, S.J.C.F.M., Novakovic, B., Li, Y., Wang, S.-Y ., Oosting, M., Kumar,
V., Xavier, R.J., Wijmenga, C., Joosten, L.A.B., et al. (2018). BCG Vaccination Protects
against Experimental Viral Infection in Humans through the Induction of Cytokines
Associated with Trained Immunity. Cell Host & Microbe 23, 89-100.€5.
10.1016/j.chom.2017.12.010.

42


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

4. Garly, M.-L., Martins, C.L., Balé, C., Baldé, M.A., Hedegaard, K.L., Gustafson, P., Lisse,
[.M., Whittle, H.C., and Aaby, P. (2003). BCG scar and positive tuberculin reaction
associated with reduced child mortality in West Africa. Vaccine 21, 2782-2790.
10.1016/S0264-410X (03)00181-6.

5. Rieckmann, A., Villumsen, M., Sgrup, S., Haugaard, L.K., Ravn, H., Roth, A., Baker, J.L.,
Benn, C.S,, and Aaby, P. (2016). Vaccinations against smallpox and tuberculosis are
associated with better long-term survival: a Danish case-cohort study 1971-2010. Int. J.
Epidemiol., dyw120. 10.1093/ije/dyw120.

6. Giamarellos-Bourboulis, E.J., Tsilika, M., Moorlag, S., Antonakos, N., Kotsaki, A.,
Dominguez-Andrés, J., Kyriazopoulou, E., Gkavogianni, T., Adami, M.-E., Damoraki, G., et
al. (2020). Activate: Randomized Clinical Trial of BCG Vaccination against Infection in the
Elderly. Cell 183, 315-323.€9. 10.1016/j.cell.2020.08.051.

7. Jensen, K.J,, Larsen, N., Biering-Sgrensen, S., Andersen, A., Eriksen, H.B., Monteiro, I.,
Hougaard, D., Aaby, P., Netea, M.G., Flanagan, K.L., et al. (2015). Heterologous
Immunological Effects of Early BCG Vaccination in Low-Birth-Weight Infants in Guinea-
Bissau: A Randomized-controlled Trial. The Journal of Infectious Diseases 211, 956-967.
10.1093/infdig/jius08.

8. Freyne, B., Donath, S., Germano, S., Gardiner, K., Casalaz, D., Robins-Browne, R.M.,
Amenyogbe, N., Messing, N.L., Netea, M.G., Flanagan, K.L., et al. (2018). Neonatal BCG
V accination Influences Cytokine Responses to Toll-like Receptor Ligands and Heterologous
Antigens. The Journal of Infectious Diseases 217, 1798-1808. 10.1093/infdi</jiy069.

9. Benn, C.S,, Netea, M.G., Sdlin, L.K., and Aaby, P. (2013). A small jab — abig effect:
nonspecific immunomodulation by vaccines. Trends in Immunology 34, 431-439.
10.1016/}.it.2013.04.004.

10. Prentice, S., Nassanga, B., Webb, E.L., Akdlo, F., Kiwudhu, F., Akurut, H., Elliott, A.M.,
Arts, R.JW., Netea, M.G., Dockrell, H.M., et a. (2021). BCG-induced non-specific effects
on heterologous infectious disease in Ugandan neonates: an investigator-blind randomised
controlled trial. The Lancet Infectious Diseases 21, 993-1003. 10.1016/S1473-
3099(20)30653-8.

11. Kaufmann, E., Khan, N., Tran, K.A., Ulndregj, A., Pernet, E., Fontes, G., Lupien, A.,
Desmeules, P., Mclintosh, F., Abow, A., et a. (2022). BCG vaccination provides protection
against IAV but not SARS-CoV-2. Cell Reports 38, 110502. 10.1016/j.celrep.2022.110502.

12. Kaufmann, E., Sanz, J., Dunn, J.L., Khan, N., Mendonga, L.E., Pacis, A., Tzelepis, F.,
Pernet, E., Dumaine, A., Grenier, J.-C., et a. (2018). BCG Educates Hematopoietic Stem
Cedllsto Generate Protective Innate Immunity against Tuberculosis. Cell 172, 176-190.e19.
10.1016/j.cell.2017.12.031.

13. Cirovic, B., DeBrege, L.C.J., Groh, L., Blok, B.A., Chan, J., Van Der Velden, W.J.F.M.,
Bremmers, M.E.J., Van Crevel, R., Handler, K., Picdli, S,, et a. (2020). BCG Vaccination in

43


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Humans Elicits Trained Immunity via the Hematopoi etic Progenitor Compartment. Cell Host
& Microbe 28, 322-334.€5. 10.1016/j.chom.2020.05.014.

14. Mageti, R., Park, C.Y., and Weissman, |.L. (2007). Identification of a Hierarchy of
Multipotent Hematopoi etic Progenitors in Human Cord Blood. Cell Stem Cell 1, 635-645.
10.1016/j.stem.2007.10.001.

15. Urbut, SM., Wang, G., Carbonetto, P., and Stephens, M. (2019). Flexible statistical methods
for estimating and testing effects in genomic studies with multiple conditions. Nat Genet 51,
187-195. 10.1038/s41588-018-0268-8.

16. Manz, M.G., and Boettcher, S. (2014). Emergency granulopoiesis. Nat Rev Immunol 14,
302-314. 10.1038/nri 3660.

17. Sasaki, Y., Guo, Y.-M., Goto, T., Ubukawa, K., Asanuma, K., Kobayashi, I., Sawada, K.,
Wakui, H., and Takahashi, N. (2021). IL-6 Generated from Human Hematopoietic Stem and
Progenitor Cells through TLR4 Signaling Promotes Emergency Granulopoiesis by
Regulating Transcription Factor Expression. The Journal of Immunology 207, 1078-1086.
10.4049/jimmunol .2100168.

18. Zhao, J.L., Ma, C., O’ Conndll, R.M., Mehta, A., DiLoreto, R., Heath, J.R., and Baltimore, D.
(2014). Conversion of Danger Signalsinto Cytokine Signals by Hematopoietic Stem and
Progenitor Cells for Regulation of Stress-Induced Hematopoiesis. Cell Stem Cell 14, 445—
459. 10.1016/j.stem.2014.01.007.

19. Huntsman, H.D., Bat, T., Cheng, H., Cash, A., Cheruku, P.S., Fu, J.-F., Keyvanfar, K.,
Childs, R.W., Dunbar, C.E., and Larochelle, A. (2015). Human hematopoietic stem cells
from mobilized peripheral blood can be purified based on CD49f integrin expression. Blood
126, 1631-1633. 10.1182/blood-2015-07-660670.

20. Brook, B., Harbeson, D.J., Shannon, C.P., Cai, B., He, D., Ben-Othman, R., Francis, F.,
Huang, J., Varankovich, N., Liu, A., et a. (2020). BCG vaccination-induced emergency
granulopoiesis provides rapid protection from neonatal sepsis. Sci. Transl. Med. 12,
eaax4517. 10.1126/scitranslmed.aax4517.

21. Williamson, S.L., Gadd, E., Rillay, T., and Toldi, G. (2021). Non-specific effects of BCG
vaccination on neutrophil and lymphocyte counts of healthy neonates from a developed
country. Vaccine 39, 1887-1891. 10.1016/j.vaccine.2021.02.064.

22. Lange, M., Bergen, V., Klein, M., Setty, M., Reuter, B., Bakhti, M., Lickert, H., Ansari, M.,
Schniering, J., Schiller, H.B., et al. (2022). CellRank for directed single-cell fate mapping.
Nat Methods 19, 159-170. 10.1038/s41592-021-01346-6.

23. Geest, C.R,, Buitenhuis, M., Laarhoven, A.G., Bierings, M.B., Bruin, M.C.A., Véllenga, E.,
and Coffer, P.J. (2009). p38 MAP Kinase Inhibits Neutrophil Development Through
Phosphorylation of C/EBPa. on Serine 21. Stem Cells 27, 2271-2282. 10.1002/stem.152.


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

available under aCC-BY-NC-ND 4.0 International license.

Date, D., Das, R., Narla, G., Simon, D.I., Jain, M .K., and Mahabeleshwar, G.H. (2014).
Kruppe-like Transcription Factor 6 Regulates Inflammatory Macrophage Polarization.
Journal of Biological Chemistry 289, 10318-10329. 10.1074/jbc.M 113.526749.

Goodman, W.A., Omenetti, S, Date, D., Di Martino, L., De Salvo, C., Kim, G.-D.,
Chowdhry, S., Bamias, G., Comindli, F., Pizarro, T.T., et a. (2016). KLF6 contributesto
myeloid cdll plasticity in the pathogenesis of intestinal inflammation. Mucosal Immunology
9, 1250-1262. 10.1038/mi.2016.1.

Syafruddin, S., Mohtar, M., Wan Mohamad Nazarie, W., and Low, T. (2020). Two Sides of
the Same Coin: The Roles of KLF6 in Physiology and Pathophysiology. Biomolecules 10,
1378. 10.3390/biom10101378.

Feng, H., Zhang, Y .-B., Gui, J.-F., Lemon, SM., and Yamane, D. (2021). Interferon
regulatory factor 1 (IRF1) and anti-pathogen innate immune responses. PLoS Pathog 17,
€1009220. 10.1371/journal .ppat.1009220.

Forero, A., Ozarkar, S, Li, H., Lee, C.H., Hemann, E.A., Nadjsombati, M.S., Hendricks,
M.R., So, L., Green, R., Roy, C.N., et al. (2019). Differential Activation of the Transcription
Factor IRF1 Underlies the Distinct Immune Responses Elicited by Type | and Type 1l
Interferons. Immunity 51, 451-464.€6. 10.1016/j.immuni.2019.07.007.

Aibar, S., Gonzalez-Blas, C.B., Moerman, T., Huynh-Thu, V.A., Imrichova, H., Hulselmans,
G., Rambow, F., Marine, J.-C., Geurts, P., Aerts, J,, et al. (2017). SCENIC: single-cell
regulatory network inference and clustering. Nat M ethods 14, 1083-1086.
10.1038/nmeth.4463.

Van De Sande, B., Flerin, C., Davie, K., De Waegeneer, M., Hulselmans, G., Aibar, S.,
Seurinck, R., Sadlens, W., Cannoodt, R., Rouchon, Q., et al. (2020). A scalable SCENIC
workflow for single-cell gene regulatory network analysis. Nat Protoc 15, 2247-2276.
10.1038/s41596-020-0336-2.

Mitroulis, 1., Ruppova, K., Wang, B., Chen, L.-S., Grzybek, M., Grinenko, T., Eugster, A.,
Troullinaki, M., Palladini, A., Kourtzelis, 1., et al. (2018). Modulation of Myelopoiesis
Progenitors Is an Integral Component of Trained Immunity. Cell 172, 147-161.e12.
10.1016/j.cell.2017.11.034.

De Laval, B., Maurizio, J., Kandalla, P.K., Brisou, G., Simonnet, L., Huber, C., Gimenez, G.,
Matcovitch-Natan, O., Reinhardt, S., David, E., et al. (2020). C/EBPp-Dependent Epigenetic
Memory Induces Trained Immunity in Hematopoietic Stem Cells. Cell Stem Cell 26, 657-
674.e8. 10.1016/j.stem.2020.01.017.

Kalafati, L., Kourtzelis, 1., Schulte-Schrepping, J., Li, X., Hatzioannou, A., Grinenko, T.,
Hagag, E., Sinha, A., Has, C., Dietz, S, et a. (2020). Innate Immune Training of
Granulopoiesis Promotes Anti-tumor Activity. Cell 183, 771-785.e12.
10.1016/j.cell.2020.09.058.

45


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

35.

36.

37.

38.

39.

40.

41.

available under aCC-BY-NC-ND 4.0 International license.

. Kang, H.M., Subramaniam, M., Targ, S., Nguyen, M., Maliskova, L., McCarthy, E., Wan,

E., Wong, S., Byrnes, L., Lanata, C.M., et al. (2018). Multiplexed droplet single-cell RNA-
sequencing using natural genetic variation. Nat Biotechnol 36, 89-94. 10.1038/nbt.4042.

Cortal, A., Martignetti, L., Six, E., and Rausell, A. (2021). Gene signature extraction and cell
identity recognition at the single-cell level with Cell-ID. Nat Biotechnol 39, 1095-1102.
10.1038/s41587-021-00896-6.

Feng, J., Liu, T., Qin, B., Zhang, Y., and Liu, X.S. (2012). Identifying ChlP-seq enrichment
using MACS. Nat Protoc 7, 1728-1740. 10.1038/nprot.2012.101.

Gaspar, J.M. (2018). Improved peak-calling with MACS2 (Bioinformatics) 10.1101/496521.

LaManno, G., Soldatov, R., Zeisd, A., Braun, E., Hochgerner, H., Petukhov, V.,
Lidschreiber, K., Kastriti, M.E., Lonnerberg, P., Furlan, A., et al. (2018). RNA velocity of
single cells. Nature 560, 494-498. 10.1038/s41586-018-0414-6.

Lange, M., Bergen, V., Klein, M., Setty, M., Reuter, B., Bakhti, M., Lickert, H., Ansari, M.,
Schniering, J., Schiller, H.B., et al. (2022). CellRank for directed single-cell fate mapping.
Nat Methods 19, 159-170. 10.1038/s41592-021-01346-6.

Heinz, S., Benner, C., Spann, N., Bertolino, E., Lin, Y.C., Laslo, P., Cheng, J.X., Murre, C.,
Singh, H., and Glass, C.K. (2010). Simple Combinations of Lineage-Determining
Transcription Factors Prime cis-Regulatory Elements Required for Macrophage and B Cell
Identities. Molecular Cell 38, 576-589. 10.1016/j.molcel.2010.05.004.

Friedman, J., Hastie, T., and Tibshirani, R. (2010). Regularization Paths for Generalized
Linear Models via Coordinate Descent. J Stat Softw 33, 1-22.

46


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

A B C
£  BCG  Placebo 92K CD34+ hematopoietic stem cells
3 n=15 n=> Heterogenous HSC
£ [ ) [ )
° - -
] é Time
O
@
Do D90
<\
Qo
kS [L‘] CSF
_8 O[C] aspirates
@] % MEP c2
) o
T 0D oo Flow
O%ODOOOOO cytometry N
050 ogg g
c 808890 s
% Oooooog%% CD34+ PHATE
- 1
o C OOOO HSCs RDB MgK Tcels  Macro
% Bcels DCs
© NK cells Neutro
5]
5 0% single cell
o ~ " RNASeq&
= r . ATACSeq
= | j
0] |
2 .
L)

Figure 1. Multimodal analysis of human bone marrow cells. (A) Overview schematic of experimental timeline
and samples collected in a clinical trial setting for BCG vaccination, 20 total donors on BCG (n=15) or
placebo (n=5). Bone marrow aspirates and PBMCs were collected from all patients at DO prior to
vaccination and D90 (90 days after BCG or placebo). Cryopreserved bone marrow samples were stained
with a cocktail of lineage and HSPC-specific antibodies to enable flow cytometric analysis of cellular
composition as well as simultaneous sorting of all CD34+ cells. Sorted CD34+ cells were immediately
processed for scRNA-seq and scATAC-seq according to the respective 10X genomics protocols. (B)
Revised model of hematopoiesis in which the developmental process is a continuum, as recent findings
indicate that only a small fraction of HSC generate an equal outcome for all blood mature cell lines, while
most HSC exhibit a differentiation bias toward one lineage. (C) PHATE of the scRNA-seq data collected
from bone marrow CD34+ HSPCs of BCG and placebo vaccinated individuals at DO and D90. Cells were
grouped into 13 non-overlapping clusters based on gene expression: HSC c1 (n=9637), HSC c2 (n=10953),
CMP c1 (n=9174), CMP c2 (n=14918), CMP c3 (n=1715), GMP c1 (n=6631), GMP c2 (n=6423), MEP c1
(n=8871), MEP c2 (n=5439), MEP c3 (n=3811), MLP c1 (n=5153), MLP c2 (n=3837), PreBNK (n=3371).
Marker gene colored PHATE plots by expression levels of lineage defining genes (from left to right) GATA1,
GATA2, SPIB, DNTT, MPO.
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Figure 2. BCG vaccination has a long-term impact on gene expression within HSPC populations. (A) PHATE of
the scRNA-seq data collected from bone marrow CD34+ HSPCs of BCG and placebo vaccinated individuals
at DO and D90. (B) Bar graphs summarizing the total number of significant genes (Ifsr<0.01) in each cell type.
Blue and red shading indicate the number of genes whose expression was impacted negatively and positively,
respectively, by BCG vaccination compared to placebo. (C) Summary plot of gene set enrichment analysis
(GSEA) performed separately for each cell type. Genes were ordered by the rank statistic -log10(pval)*logFC
and compared against Hallmark gene sets. Circle size is scaled to —log10(padj). All shown circles are pathways
with p<=0.05. All circles with border have padj<=0.1 (D) Second-round clustering was performed on HSC c1
and HSC c2 (E) HSC subgroups after second round clustering of HSC c1 and HSC c2 cells. (F) HSC
subclusters colored by CD90/CD49f/CD45RA (average z-score across the three genes). Darker shading
indicates a higher score. (G-1). UMAPs of select Hallmark pathways. Shading of each subcluster is scaled to —
log10(padj) enrichment of the pathway within the cluster.
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Figure 3. BCG vaccination results in lineage bias of HSCs. (A) Schematic of the experimental question.
(B) Model of hematopoiesis showing possible terminal fates used in the Cellrank model. (C) Absolute
percentages of CMP c2 biased HSCs for each donor at D90 (p=0.018). (D) Terminal fates of individual
HSCs from BCG and placebo vaccinated individuals were predicted with CellRank for each donor.
PHATE maps show HSCs from placebo individuals (top) or BCG-vaccinated individuals (bottom) colored
by predicted terminal fate (green: CMPs/GMPs, blue: MLPs/PreBNK, orange: MEPSs). (E) Percent CMPs
in the bone marrow of 90 days post BCG (pink) compared to placebo (blue), Mann Whitney p = 0.026. (F)
Bar graphs showing the percentage of each cell type among live CD34+ HSPCs at D90 as determined by
flow cytometry analysis. CLP p = 0.026, MLP p = 0.075, MPP p = 0.095. (G) D90 vs. DO Log2FC
expression of CEBPB (Ifsr = 0.1), KLF6 (Ifsr = 0.001), MAPK14 (Ifsr = 0.03)


https://doi.org/10.1101/2023.11.28.569076
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.11.28.569076; this version posted November 28, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

A MEP B : Cc

Q
<
o
\S)
I- -

HSC1

o
<
el
(&)

CMP1

IRF8 GMP3

MEP4

MEP3

o
(4

§ & &
O L O
U S

Nr. DR padj < 0.1

7,
%2

UMAP1

Figure 4. BCG vaccination impacts the chromatin accessibility of immune progenitors. (A) UMAP of
the scATAC-seq data collected from bone marrow CD34+ HSPCs of BCG or placebo vaccinated
individuals at DO or D90. Clustering based on chromatin accessibility grouped cells into 16 clusters:
CMP1 (n=5041), CMP2 (n=2942), HSC1 (n=5750), HSC2 (n=5052), MEP1 (n=4436), PreBNK
(n=1876), GMP1 (n=3798), CLP (n=2146), MEP2 (n=2653), MEP3 (n=3886), CMP3 (n=1458), MEP4
(n=2230), CMP4 (n=1952), CMP5 (n=5590), GMP2 (n=962), GMP3 (n=2806). (B) UMAPs colored by
gene activity scores of lineage-defining genes (IRF8 — DC; GATA1 — MEP; PAX5 — lymphoid; MPO -
granulocytic/myeloid). Gene scores are indicative of the degree of chromatin accessibility within a
100 kb window on either side of the gene body (dark = lo, bright yellow = hi). (C) The total number of
significant peaks (FDR<0.1) for each cluster. Blue and red bars indicate peaks whose accessibility
was impacted negatively and positively, respectively, by BCG vaccination compared to placebo.
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Figure 5. Changes in chromatin accessibility in downstream myeloid progenitors are coupled to TF-driven
rewiring of HSCs. (A) Top transcription factor motif enrichments for broad cluster groups. Circle color is
scaled to —-log10(FDR). TFs shown with a circle have FDR < 0.001 and are present in at least 15% of DR
peaks in at least one cell type. Areas with no circle indicate an enrichment with FDR >= 0.001. TFs
highlighted in teal color also serve as gene expression drivers within HSCs (B-C). GSEA enrichment plots
showing the enrichment of DA-peak associated motifs of GMP (B) and CMP (C) within TFs that exhibit
differential activity in HSCs following BCG vaccination.
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Figure 6. BCG-induced differential chromatin accessibility within myeloid-like HSPCs predicts increased IL1 secretion by
PBMCs. (A) DA peaks within each cluster were assigned to the gene with the closest TSS. Gene ontology enrichment
analysis was performed for reactome pathways using all peak associated genes as background and genes associated with
DR peaks as foreground. Plot circle size and shading darkness are both scaled to —log10(p-value) of enrichment. (B) Results
of the elastic net regression. The scatterplot shows real IL1B FC (D90 vs. D0) for each donor on the x-axis and predicted
values from the model trained using DA peaks in CMP5 on the y-axis (Spearman rho = 0.761, p = 0.001). (C) Results of the
elastic net regression using gene expression data for HSCs. The scatterplot shows real IL1B FC (D90 vs. DO) for each donor
on the x-axis and predicted values from the model on the y-axis (Spearman rho = 0.837, p = 1x10-4). (D) Quantification of the
total number of DR genes in HSCs with significant spearman correlations with fold change IL1B secretion for each cytokine
tested. (E-F) Spearman correlations between log2FC expression levels of the transcription factors KLF6 (Spearman rho =
0.86) and FOS (Spearman rho = 0.83) and fold change IL1B secretion between DO (before) and D90 (3 months-post BCG
vaccination). (G-H) Example scatter plots correlating TF activity (regulon) scores in HSCs with fold change IL1B in PBMCs for
KLF5 (spearman rho = 0.71, p = 0.0033) and EGR1 (spearman rho = 0.71, p = 0.0029). (l) Plot correlating the fold change IL1B
secretion between DO (before) and D90 in PBMCs with the /ACMP lineage bias (percent HSCs biased towards CMPs (CMP
c1, c2, or c3) at D90 vs. DO) for each individual (Spearman rho = 0.63, p = 0.01).
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Figure 7. Summary Figure. BCG vaccination rewires
TF activity and gene expression within HSCs for at
least 3 months. Progenitors deriving from these
HSCs harbor changes in chromatin accessibility at
thousands of sites. These sites are predicted to
serve as binding sites for TFs with altered activity
within HSCs. Multiple features within the bone
marrow, including the magnitude of differential gene
expression change within HSCs, TF activity, myeloid
bias, and chromatin accessibility changes within
CMPs are predictive of changes in IL1B cytokine
section by donor-paired PBMCs.
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