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In brief

Macrophages with prior training
experiences mount stronger
transcriptional responses to
restimulation. Here, O’Farrell et al. reveal
gene-specific single-cell transcriptional
changes that generate population-wide
training phenotypes in human
macrophages and highlight changing
time dynamics of responses that
underscore the transcriptional
phenotypes of trained immunity.
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SUMMARY

Macrophages can remember prior activation and subsequently augment their response to restimulation
through trained immunity. However, it remains uncertain how trained immunity phenotypes manifest in individ-
ual cells. Here, we leverage highly quantitative single-molecule RNA imaging across 90,857 individual macro-
phages from 26 human donors to reveal inflammatory response dynamics in trained vs. untrained populations
at single-cell resolution. Different inflammatory response genes showed distinct single-cell behavior in trained
populations upon restimulation. Although training increased transcription of these response genes early after
restimulation, untrained populations eventually “caught up” to the transcriptional output of trained populations,
highlighting the importance of sampling timescale when interpreting transcriptional assays of training. Training
did not significantly alter the relationship between the transcriptional activation of different genes within the
same single cell, and any single cell appeared to be capable of training. Overall, these results revealed gene-spe-
cific single-cell transcriptional changes that generate population-wide training phenotypes in macrophages.

INTRODUCTION

Trained immunity, or training, is a form of innate immune memory
whereby cells return to an inflammatory baseline following an
initial stimulation but mount a stronger or faster response to re-
stimulation. This augmented response is often demonstrated
by greater production of proinflammatory cytokines and chemo-
kines in trained cells. The majority of work establishing these dif-
ferences relies on bulk genome-wide transcriptional profiling, '
gPCR for genes of interest,”* or bulk analysis of secreted pro-
teins.>'" Although useful in demonstrating overall phenomenol-
ogy, these bulk measurements obscure potential differences in
cytokine production across different individual cells, making it
challenging to answer key questions about training at the sin-
gle-cell level.

An increased magnitude of response to stimulation by a pop-
ulation of cells can stem from either graded or binary modes of
single-cell variation.'®”'* In the former, a population of cells in-
creases the magnitude of their response through individual cells
all “tuning the dial” of transcription (i.e., more transcripts of the
response gene are produced per cell), and in the latter, more in-
dividual cells flip from “off” to “on” states (i.e., more single cells
transcribe the response gene). Both graded and binary modes of

modulating transcription of immune response genes have been
identified in immune cells, with T cells showing binary responses
for interleukin (IL)-2'° and IL-4'® production and graded re-
sponses for CD25 expression'’ that depend on the magnitude
of the stimulation. Similarly, individual macrophages show binary
dose-dependent caspase-1 activation.'® Although it is well
known that trained macrophages increase transcription of im-
mune response genes following restimulation compared with un-
trained cells, it is currently unknown which of these modes
(graded vs. binary) is responsible for these population-wide ob-
servations and whether all trainable response genes augment
transcription via the same mode.

Additionally, it currently remains unclear whether every single
cell within a population is capable of being trained. Macrophages
are highly heterogeneous in expression of inflammatory
response genes at the single-cell level.'®?? This heterogeneity
makes it challenging to decipher the source of variability in
expression of these genes within the trained population. Vari-
ability might stem from deterministic factors (such as heteroge-
neous activation during the initial stimulation®® or the presence of
a cell-intrinsic property that makes some “elite” cells uniquely
capable of training, as seen in other systems®*°), or from prob-
abilistic factors unrelated to the training itself.?
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Figure 1. Single-cell cytokine expression analysis reveals distinct gene-specific modes of training

(A) Schematic of the experimental question. Bulk increase in cytokine transcription in trained populations can stem from an increase in gene transcription per
single cell, or an increase in the number of cells transcribing the gene, or both.
(B) Schematic of experimental procedure. Primary human monocytes were trained with either p-glucan (5 pg/mL) or MDP (1 pg/mL) during the first 24 h of culture,
then rested for 5 days. On day 6, cells were stimulated with 100 ng/mL lipopolysaccharide (LPS), and transcription of TNF, IL14, IL6, and CXCL10 was assessed

by RNA FISH.

(C) Transcription of TNF, IL1p, IL6, and CXCL10 in untrained (gray), f-glucan-trained (brown), or MDP-trained (green) cells on day 6 before restimulation.
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Prior efforts to assess trained immunity at single-cell resolu-
tion have used single-cell RNA sequencing (scRNA-seq),?’2°
which allows for measurements of the full transcriptome. Howev-
er, dropout can be a significant challenge, as only a fraction of
transcripts within a given cell are sequenced, and noise levels
in general are high, making it difficult to make quantitative infer-
ences for individual genes. These studies are also limited to a
relatively small number of conditions owing to the resource-
intensive nature of sequencing-based methods. Because
trained immunity is known to differ across donors,'*%*" stim-
uli,* and experimental conditions,*>** such results can be chal-
lenging to apply more broadly. We thus elected here to use sin-
gle-molecule RNA fluorescence in situ hybridization (RNA FISH),
which is highly accurate and quantitative and allows for the anal-
ysis of tens of thousands of cells across many conditions.

Here, we assessed the transcription of four immune response
genes (TNF, IL1p, IL6, and CXCL10) across 90,857 individual
monocyte-derived macrophages, stemming from trained and
untrained populations of cells across 26 human donors. We
quantified differences in both the number of cells transcribing
each gene and the amount of transcripts produced per cell to
reveal that different genes have different modes of increasing
transcription in trained macrophages following restimulation.
We identified cross-gene relationships within single cells that
are maintained with training, suggesting that any cell is capable
of being trained by the initial stimulation. We compared the tran-
scriptional response to restimulation at early (2 h) and later (6 h)
time points, which revealed that untrained populations “catch
up” to the transcriptional output of trained populations at later
time points, suggesting that these trainable genes may respond
more quickly but not necessarily more strongly to restimulation.
Overall, our quantitative analysis of the trained response in pri-
mary human macrophages revealed that training has gene-spe-
cific effects upon the population distribution of the transcrip-
tional response to restimulation and that this response is also
highly dynamic, suggesting that timing (as opposed to absolute
output at any given time) is a critical aspect of the trained
response.

RESULTS

Single-cell cytokine expression analysis reveals distinct
gene-specific modes of training

Trained macrophages increase transcription of many proinflam-
matory response genes following restimulation, compared with

¢? CellPress

their untrained counterparts. This increase in expression could
stem from an increased transcriptional output per individual
cell (graded), from an increase in the number of single cells
that have turned on expression of that gene (binary), or a combi-
nation of both (Figure 1A). We wanted to determine which of
these modes applied to inflammatory response genes in trained
macrophages.

We generated trained macrophages using a highly
controlled, well-established in vitro protocol.’**%2"-3% Briefly,
we collected monocytes from the apheresis product of healthy
human donors, stimulated with a training stimulus on the first
day of culture, then washed out this training stimulus after
24 h. We then allowed the cells to rest for 5 additional days
before assessing their gene expression on day 6 (Figure 1B).
We generated trained monocyte-derived macrophages using
two different training ligands—the fungal-protein p-glucan and
the bacterial mimetic muramyl dipeptide (MDP)—to determine
whether single-cell characteristics of training were shared
across trained states. For evaluation of differences in the
trained state induced by different training stimuli, please see
our companion manuscript.*®

We evaluated the expression of four inflammatory response
genes: TNF, IL15, CXCL10, and IL6. These genes were selected
because prior literature has shown their expression to be
trainable,”®*® induced in macrophages upon stimulation with
lipopolysaccharide (LPS),®” and highly heterogeneous across in-
dividual macrophages.®”*® Single-molecule RNA FISH allowed
for highly accurate quantification of transcription of these four
genes in absolute molecular units with single-cell resolution in
90,857 cells spread across 3 training conditions (untrained,
p-glucan-trained, and MDP-trained), 8 time points, and 26 hu-
man donors.

We first confirmed that trained cells were not expressing any of
these response genes on day 6 while at a resting state. Indeed,
we found virtually no expression of TNF, IL15, CXCL10, or IL6
before restimulation (Figure 1C). Transcription of all four genes
was rapidly induced in both trained and untrained cells following
restimulation with LPS 6 days after training (Figure 1D). When we
analyzed the mean expression of TNF, IL15, CXCL10,andIL62 h
after restimulation, we found that expression of all four genes
was greater in trained populations than in untrained populations
(Figure 1E). These properties—a return to inflammatory baseline
followed by a stronger response to secondary stimulation—are
hallmarks of training memory, as opposed to other forms of
innate immune memory such as priming or tolerance.**

(D) Representative RNA FISH images of TNF, IL1p, IL6, and CXCL10 expression before (left) and 2 h after (right) restimulation with LPS. Donors shown before
restimulation are ND410a and ND652, and at 2 h is ND500a. Images are representative of approx. 400 cells per condition.

(E) Averaged RNA FISH data across cells showing mean area-normalized expression of TNF, IL1p, IL6, and CXCL10 in untrained (gray), f-glucan-trained (brown),
and MDP-trained (green) populations 2 h after restimulation with LPS. n = 24 donors for TNF, 9 donors for IL14, 26 donors for IL6, and 18 donors for CXCL10.
(F) Proportion of cells expressing TNF (left) and IL1p (right) in untrained (gray), f-glucan-trained (brown), and MDP-trained (green) populations 2 h after restim-
ulation with LPS. Error bars show the standard error of percentage.

(G) Proportion of cells expressing /L6 (left) and CXCL170 (right) in untrained (gray), f-glucan-trained (brown), and MDP-trained (green) populations 2 h after re-
stimulation with LPS. Error bars show the standard error of percentage. Statistics: **p < 0.001, *p < 0.01, *p < 0.05, NS p > 0.05.

(H) Area-normalized transcripts per cell of TNF, IL1p, IL6, and CXCL 10 for expressing cells (counts above zero) in untrained (gray), -glucan-trained (brown), and
MDP-trained (green) populations 2 h after restimulation with LPS. Data concatenated across donors; data split by individual donor in Figure S2. p value and log,
fold change calculated between each trained condition vs. untrained cells.

(I) Summary schematic. Training of TNF, IL143, and CXCL10 appears to stem from increased transcriptional output per cell, while training of IL6 and CXCL10
appears to stem from increased number of transcribing single cells.

Number of single cells analyzed per condition can be found in Table S3.
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We then assessed this data at single-cell resolution to identify
how training boosted transcription at the single-cell level. 2 h af-
ter restimulation with LPS, almost every individual cell in both
trained and untrained populations had turned on expression of
TNF and IL1p (Figure 1F). Even just 30 min after stimulation
with LPS, 100% of cells expressed TNF and 78% expressed
IL1p (Figure S1A). However, only a subset of single cells had
begun expressing IL6 (9% of untrained cells) and CXCL10
(27% of untrained cells) at 2 h post restimulation. We dubbed
these cells “first responders,” as they were likely the first in the
population to begin expressing these genes. The proportion of
first responder cells in the population increased following
training with p-glucan or MDP as compared with untrained cells
(Figure 1G). We found a statistically significant increase in the
proportion of cells expressing /L6 in 19 of 26 assessed donors
for p-glucan training and in 24 of 26 donors for MDP training.
For CXCL10, 14 of 18 donors for p-glucan training and 17 of 18
donors for MDP training showed a statistically significant in-
crease in the proportion of cells expressing that gene. We also
found an association between a cell’s morphology and its pro-
pensity to be a first responder—cells with a smaller area and
with greater eccentricity were more likely to express IL6 at 2 h
post restimulation across both trained and untrained populations
(Figure S1B).

We next wanted to measure the changes in transcriptional
output of genes specifically in the subset of expressing cells
(excluding non-expressing cells). As such, we removed any
cell not expressing a gene (for which the transcript count was
zero) and quantified expression per cell. We noted that raw tran-
script count and total cell area were correlated (Figure S1C). To
compensate for this effect,”® we quantified transcription per cell
by normalizing the number of transcripts per cell by that
cell’s area.

We found that the mean expression per cell in the expressing
subpopulation increased with training for TNF, IL14,and CXCL10
but not IL6 (Figure 1H). Although subject to greater noise due to
smaller cell number and donor heterogeneity, we also observed
this same trend on a donor-by-donor basis (Figure S2). Mean
TNF expression was statistically significantly higher in trained
cells for 63% of donors (15 of 24) for p-glucan training and
80% of donors (19 of 24) for MDP training. For IL1p, significantly
higher in trained cells for 67% of donors (6 of 9) for p-glucan
training and 78% (7 of 9) for MDP. For CXCL10, significantly
higher in trained cells for 50% of donors (9 of 18) for p-glucan
training and 56% (10 of 18) for MDP. We only observed a statis-
tically significant increase in expression of IL6 in 35% of donors
(9 of 26) for either p-glucan or MDP training.

Together, these results illustrate distinct single-cell modes of
training for different immune response genes 2 h after restimula-
tion. Increased TNF and IL1/ expression stems from a graded in-
crease in transcriptional output from individual cells in the popu-
lation. Training of IL6, however, appears to primarily stem from a
binary increase in the number of responding single cells.
Increased expression of CXCL10 in trained cells stems from
both increased output per cell and increased number of cells in
the population expressing the gene (a both graded and binary
change).
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Any single cell can be trained

Although training induced an overall upward shift in the distribu-
tion of expression of several genes, not every cell showed an in-
crease in expression above untrained population averages. This
heterogeneity raised the possibility that only some “elite” indi-
vidual cells within the population are trained while others remain
untrained, as has been suggested previously.?” To that end, we
wanted to determine whether such an elite subpopulation of
trainable cells existed within populations exposed to a training
stimulus. Alternatively, it could be that every cell is capable
of undergoing training but that some cells simply do not express
cytokine at that one moment in time due to other probabilistic
factors®®*" (Figure 2A).

To distinguish between these possibilities, we reasoned that if
a privileged subpopulation of trainable cells existed, those cells
would have higher levels of expression of multiple markers of
training (e.g., express both IL6 and CXCL10 at 2 h) compared
with the remaining untrained cells in the population. If, on the
other hand, the entire population was able to train and the het-
erogeneity from cell to cell reflected other factors unrelated to
training, then we would expect an overall lack of correlation be-
tween the expression of multiple cytokines across the popula-
tion, because each cell’'s expression would merely reflect
some instantaneous probabilistic factor rather than a specific
entrained state. We therefore returned to our first responder cells
producing IL6 or CXCL10 at 2 h after restimulation with LPS
(Figures 2B and 2C). At the population level, elite cells would
manifest as a higher number of doubly positive cells for the
two genes than expected by random chance (Figure 2D). Quan-
titatively, this association can be captured with the log, odds ra-
tio of expression for the two genes, which would be greater in
trained populations as compared with untrained populations.

However, we instead observed that the log, odds ratio for
expression of IL6 and CXCL10 at 2 h was nearly identical be-
tween trained and untrained populations (Figure 2E). This value
was above zero: cells that were first responders for one gene
were slightly more likely to also be first responders for the other,
although the association was not strongly predictive. First re-
sponders for IL6 were ~2 times more likely to also express
CXCL10 than cells not expressing /L6, and first responders for
CXCL10 were ~3 times more likely to also express /L6 than cells
not expressing CXCL10. However, despite the increased num-
ber of cells expressing either gene in trained populations, the as-
sociation between the two genes within the same cell did not
change with training. As such, the association between early
expression of /L6 and CXCL10 within the same cell following
stimulation with LPS may represent a fundamental aspect of
macrophage biology that is unaffected by training.

The extremely similar odds ratios for IL6 and CXCL10 expres-
sion in trained and untrained cells indicated there was not an elite
subpopulation of trainable cells, showing that any single cell in
the population was capable of building memories of prior stimu-
lation. We also found that the magnitude of expression of TNF vs.
IL6, TNF vs. CXCL10, and IL13vs. CXCL10 had low correlation in
single cells at these early time points (Figure S3A), providing
further evidence against an elite subset of trainable cells driving
memory phenotypes in the population.
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Figure 2. Any single cell can be trained

(A) Schematic of the experimental question. If only
a subset of monocytes is trainable, a memory
phenotype should only be present in a subset of
macrophages 6 days later.

(B) Representative RNA FISH image of first
responder cells expressing IL6 or CXCL10 2 h
after restimulation with LPS, with responding cells
indicated by arrows. Donor shown is ND648, and
cells are from the B-glucan-trained population.
Images are representative of approx. 350 cells per
condition.

(C) Proportion of untrained, p-glucan-trained, and
MDP-trained cells expressing CXCL10, IL6,
neither, or both 2 h after restimulation with LPS.
Data concatenated across 13 donors.

(D) Schematic of experimental question. If only
some cells can train, there should be an over-
representation of double-positive cells, with a
higher log, odds ratio of expression of /L6 and
CXCL10 in single cells from trained populations. If
any cell trains, the log, odds ratio of expression of
these genes should not increase in trained pop-
ulations.

(E) Log, odds ratio of CXCL10 and IL6 expression
in untrained (gray), p-glucan-trained (brown), and
MDP-trained (green) cells 2 h after stimulation with
LPS. n = 13 donors.

Number of single cells analyzed per condition can
be found in Table S3.
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Transcriptional output from trained cells decreases at
later points in the inflammatory response

We next wanted to determine whether the transcriptional trends
observed 2 h after restimulation with LPS (namely, increased
expression of proinflammatory response genes driven by both
graded and binary modes and an unchanged odds ratio of IL6
and CXCL10 expression across single cells) were also present
at later time points in the inflammatory response. To do so, we
quantified transcription of TNF, IL15, CXCL10, and IL6 in trained
and untrained populations 6 h after restimulation with LPS and
compared these data to our 2 h time point (Figure 3A).

We first noticed that the proportion of cells expressing /L6 and
CXCL10 in untrained populations began to “catch up” to what
we observed in our trained populations (Figures 3B and 3C).
Expression of TNF and /L1 remained high across trained and
untrained populations (95%-100% of cells), while around 75%
of cells expressed CXCL10 and around 50% expressed IL6 6 h
after restimulation.

We next quantified the transcriptional output per cell for the
expressing cells (with counts above zero for the gene of interest)
6 h after restimulation. We found that transcriptional output
per expressing cell was notably lower in trained populations than
in untrained populations across all four genes (with the trend
particularly noticeable for TNF and IL6 expression) (Figures 3D,
3E, and S4A).

and untrained cells every hour for 6 h

after restimulation with LPS (Figure 3F).
Intriguingly, when we computed the area under the expression
curve for trained and untrained populations as a proxy for
the total expression of these genes across the response to
restimulation, we found these values to be similar between
trained and untrained cells. This may suggest that training
generates a transcriptional response for TNF and /L6 that is
faster but not necessarily stronger in aggregate following
restimulation with LPS.

At these later points in the transcriptional response to re-
stimulation, trained cells showed decreased expression per
cell compared with what was seen in the untrained population.
We wondered if this decrease in expression may be due to
paracrine signaling from nearby cells activating negative
feedback loops to avoid immune overreaction, as occurs
through quorum sensing.’®®”> We found that increased local
cell density (taken from natural variation from where cells
resided on the dish) was negatively correlated with /L6 and
TNF expression (but not CXCL10 expression) only in trained
populations at 6 h post restimulation (Figure S4B). These
correlations were not present in either trained or untrained
populations 2 h after restimulation. This finding supports the
hypothesis that decreased expression of these response
genes in trained cells at later time points in the inflammatory
response may be due to faster initial production and thus
faster activation of negative feedback mechanisms from
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Figure 3. Transcriptional output from trained cells decreases at later points in the inflammatory response
(A) Schematic of experimental procedure. TNF, IL1p, IL6, and CXCL10 transcription in trained and untrained cells was assessed by RNA FISH 2 and 6 h after
restimulation with 100 ng/mL LPS.
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neighboring cells as the population moves to restore inflam-
matory baseline following stimulation.

At 6 h post restimulation with LPS, we found that the odds ratio of
expression of IL6 and CXCL 10 in single cells was similar between
trained and untrained cells, as it also was at 2 h post restimulation
(Figure S3C). The odds ratio between the expression of these two
genes was slightly lower at 6 h than it was at 2 h post restimulation.
Cells expressing IL6 were ~1.2 times more likely to also express
CXCL10 than cells not expressing IL6, and cells expressing
CXCL10 were ~2 times more likely to also express IL6 than cells
not expressing CXCL10. We also found that cells expressing IL6,
on average, expressed a greater magnitude of TNF than cells not
expressing IL6, across trained and untrained cells at 6 h post re-
stimulation (Figure S4C). This relationship between TNF and IL6
expression was true in untrained, but not trained, populations at
2 h. Together, these results demonstrated that an elite subpopula-
tion driving trained phenotypes did not emerge in trained popula-
tions at later time points in the response to restimulation.

Our experiments quantified training within a highly controlled,
in vitro setting. We wondered whether similar trends might be
present in single cells following training in vivo, where additional
variables may influence training behavior. We analyzed a pub-
lished scRNA-seq dataset of 1,710 human monocytes collected
immediately before, 2 weeks, and 3 months following training
with the Bacillus Calmette-Guérin (BCG) vaccine in three human
donors.?® We then filtered this dataset to the 855 monocytes as-
sessed 4 h after an ex vivo restimulation with LPS (Figure 3G).
Trained monocytes from this dataset showed lower production
of IL15, TNF, IL6, and CXCL10 compared with samples taken
before vaccination (Figure 3H). We also found similar trends of
lower expression in trained cells for additional genes associated
with training within this dataset, including other chemokines and
cytokines, metabolism-associated genes, and antigen presenta-
tion machinery (Figure S4D). These findings corroborate our
in vitro training data, demonstrating that at later time points after
a restimulation, trained cells show reduced transcription of key
proinflammatory response genes.

Training capacity varies across individuals and is
negatively associated with baseline state

Thus far, we have primarily discussed trends in single-cell het-
erogeneity in the transcription of inflammatory response genes
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that held across most donors in aggregate. However, we noticed
substantial differences in the degree of training observed across
individual donors in our analysis. We defined a summary metric
called the “training capacity,” which quantifies changes to cells
due to training, to measure donor variability in training across our
datasets (Figures 4A and 4B). The training capacity is defined as
the log, fold change of mean area-normalized expression be-
tween trained and untrained cells for TNF and IL15 2 h after
LPS restimulation and the log, fold change of proportion of ex-
pressing cells between trained and untrained cells for /L6 and
CXCL10 2 h after LPS restimulation, to reflect the distinct modes
of training for these genes. Donors with a higher training capacity
had a larger boost in cytokine expression upon restimulation
when comparing trained to untrained cells, while those with a
lower training capacity showed similar expression levels be-
tween trained and untrained cells.

Although B-glucan and MDP generated different memory
states, we found the training capacity for either stimulus within
the same donor to be strongly correlated (donors with strong
phenotypic changes from training with one stimulus also showed
strong phenotypic changes from training with the other). Within
the same donor, training at different loci was also generally
correlated (donors with large changes in /L6 at the population
level due to training also showed large changes in CXCL10)
(Figure 4C).

We observed a strong negative association between a donor’s
untrained (baseline) response to restimulation and their training
capacity for IL6 and CXCL10, but not TNF (IL1p showed a stron-
ger association in p-glucan-trained cells than MDP-trained cells)
(Figures 4D and S5B). Macrophages from donors who had a low
baseline inflammatory response saw a greater boost in expres-
sion from training: the two donors with the lowest /L6 expression
in the untrained condition had training capacities of 3.57 and
2.65 for training with MDP, while the two donors with the highest
untrained /L6 expression had training capacities of 0.56 and 0.92
for training with MDP. This trend could suggest that donors with
low capacity may have preexisting memory of some prior inflam-
matory experience and are already in a trained state at the time
of sample collection. As such, further training would do little to
further boost cytokine production (i.e., they have reached a ceil-
ing of maximal expression). Training capacity did not seem to
depend on donor age or sex, or the time of year of sample

(B) Proportion of cells expressing TNF, IL14, IL6, and CXCL10 in untrained (gray), p-glucan-trained (brown), and MDP-trained (green) populations 6 h after re-
stimulation with LPS. Error bars show the standard error of percentage. Statistics: ***p < 0.001, *p < 0.01, *p < 0.05, NS p > 0.05.

(C) Summary plot of data shown in Figures 1F and 1G and (B), directly comparing the proportion of cells expressing TNF, IL14, IL6, and CXCL10 in trained and
untrained populations at 2 h vs. 6 h after restimulation with LPS. Each data point shows the proportion of the population expressing each gene as observed in
one donor.

(D) Area-normalized transcripts per cell of TNF, IL1p, IL6, and CXCL 10 for expressing cells (counts above zero) in untrained (gray), -glucan-trained (brown), and
MDP-trained (green) populations 6 h after restimulation with LPS. Data concatenated across donors; data split by individual donor in Figure S4A.

(E) Summary plot of data shown in Figure 1H and (D), directly comparing the mean area-normalized transcripts per expressing cell of TNF, IL14, IL6, and CXCL10
at 2 h vs. 6 h after restimulation with LPS. Each data point shows the mean area-normalized transcripts per expressing cell as observed in one donor.

(F) Time course analysis of TNF and /L6 expression (proportion of cells expressing [left] and area-normalized transcripts per expressing cell [right]) in untrained
(gray), p-glucan-trained (brown), and MDP-trained (green) populations for two donors. Error bars show the standard error of percentage (left) and standard error of
the mean (right).

(G) Schematic of experimental procedure from published single-cell RNA sequencing (scRNA-seq) dataset by Kong et al.?® Human monocytes were collected
from the blood of three human donors immediately before, 2 weeks after, and 3 months after BCG vaccination. Cells were then stimulated ex vivo for 4 h with LPS
and then underwent scRNA-seq.

(H) Expression of TNF, IL14, IL6, and CXCL10 in monocytes before (untrained control, gray), 2 weeks after (purple), and 3 months after (lilac) BCG vaccination,
following a 4-h stimulation with LPS, by scRNA-seq.

Number of single cells analyzed per condition can be found in Table S3.
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Figure 4. Training capacity varies across individuals and is negatively associated with baseline state

(A) Schematic of experimental procedure. Cells from 26 human donors were trained with p-glucan or MDP for the first 24 h of culture. Gene expression was
assessed 2 h after stimulation with 100 ng/mL LPS.

(B) Top: equations used to calculate training capacity. Bottom: training capacity for -glucan vs. MDP in the same donor for IL6, CXCL 10, IL1p, and TNF. Pink text
shows Spearman’s correlation coefficient plus or minus the standard error (by bootstrap) between variables.

(C) Training capacity for IL6 vs. CXCL10 in the same donor for -glucan and MDP. Pink text shows Spearman’s correlation coefficient plus or minus the standard
error (by bootstrap) between variables.

(D) Association between training capacity for CXCL10 (left) and /L6 (right) and proportion of cells expressing cytokine in the untrained condition for each donor.
Pink text shows Spearman’s correlation coefficient plus or minus the standard error (by bootstrap) between variables.

(E) Proportion of cells expressing /L6 in untrained (gray), f-glucan-trained (brown), or MDP-trained (green) populations, 2 h after stimulation with LPS, for the same
donor evaluated 3 times (ND410a, ND410b, ND410c). Error bars show the standard error of percentage.

Number of single cells analyzed per condition can be found in Table S3.
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collection (Figure S5A); however, our sample size is likely insuf-
ficient to fully support a lack of correlation between these vari-
ables and the training capacity of a donor.

It has been suggested that differences in training ability across
individuals may be due to genetic differences®' or non-genetic
differences.®® To measure the influence of these variables, we
profiled cells from the same individual 3 times over the course
of 15 months. We found that this donor’s transcriptional
response to restimulation varied widely across the three sample
dates (/L6 training capacity ranging from 0.87 to 2.89 for training
with MDP) and that the baseline (untrained) response also varied
widely over time (Figure 4E). We saw similar variability for
four donors profiled twice over the course of several months
(Figure S5C). These findings suggest that transient non-
genetic variation may play a larger role than genetic differences
in the degree of phenotypic change due to training in an individ-
ual donor.

DISCUSSION

Here, we describe changes to transcriptional regulation that
occur due to training for four immune response genes in primary
human macrophages. Memory of prior immune activation alters
both the number of cells producing cytokines and chemokines
early in the inflammatory response, as well as the transcriptional
output per cell, in a gene-specific manner. However, at later time
points following restimulation, transcriptional output per cell in
trained populations fell below what is seen in untrained cells.
Despite these changes in mean output, both trained and un-
trained populations displayed sizable cell-cell heterogeneity in
transcription of these genes.

We demonstrate distinct modes of tuning immune response
gene transcription in trained cells within a highly controlled,
in vitro context. This experimental setup ensured each single
cell experienced the same magnitude of both the training stim-
ulus and the LPS restimulation, which cannot be ensured in a
complex in vivo tissue environment. Although we were able to
corroborate some of our single-cell findings in a human in vivo
trained immunity dataset (namely, a lower transcriptional
output per trained cell of many immune response genes at later
time points post restimulation), it remains unknown whether all
the single-cell features of training identified here apply in an
in vivo environment. We also note that our graded vs. binary
distinctions were observed at a relatively high dose of LPS re-
stimulation; it is possible that different patterns may emerge
at different doses of LPS or following restimulation with
different stimuli.

Overall, our findings highlight the importance of sample collec-
tion time when interpreting transcriptional changes to macro-
phages due to memory of prior exposures. As demonstrated
here, the same memory-inducing stimulus may be viewed as
inducing training (greater expression than untrained cells) or
tolerance (less expression than untrained cells), depending on
the time at which transcription of these genes was assessed.
We suggest that the timescales of these responses should be
considered carefully when making qualitative assessments of
trained vs. tolerant memory responses.

Although the traditional RNA FISH method employed here
provides highly quantitative information about the four genes
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profiled, we were limited to only a small number of genes. It re-
mains unknown whether other trainable genes, including other
cytokines and chemokines, manifest bulk increases in transcrip-
tion as a greater output per cell or as a greater number of produc-
ing cells.

Transcriptional output (measured either as the number of tran-
scribing cells or the number of transcripts per cell) significantly
increased in trained populations at 2 h post restimulation, but
the magnitude of change from untrained populations shown
here was relatively small (log-FC of 0.31 for TNF, 0.25 for IL1p,
and 0.64 for CXCL10 transcriptional increase with training with
MDP). Published literature evaluating secreted protein for these
genes generally reveals a larger magnitude of change between
trained and untrained populations (logoFC typically ranging be-
tween 1 and 4 for IL6 and TNF secretion comparing trained to un-
trained cells).”*®"" These differences may be due to additional
post-transcriptional regulation of the production of these pro-
teins. Alterations to metabolic pathways are also known to play
a significant role in trained immunity, which may affect how cyto-
kines and chemokines are translated and secreted,*”*° thus
magnifying relatively smaller transcriptional changes into larger
differences in protein output.

At 6 h post restimulation, we noted that trained cells were
transcribing proinflammatory response genes at lower levels
than untrained cells. There are a multitude of potential explana-
tions for this result. It could be that faster production of these cy-
tokines, and thus faster secretion into the local environment, ac-
tivates negative feedback loops more quickly in trained
populations (in support of this hypothesis, more dense local en-
vironments of trained cells saw less IL6 and TNF expression).
However, it could also be that trained cells are faster to turn on
anti-inflammatory pathways in addition to proinflammatory
ones. It has been previously observed that trained cells produce
more of the anti-inflammatory cytokine /IL70 than untrained
cells.*’

Based on our analysis of first responder cells in Figure 2, we
showed that any individual macrophage is seemingly capable
of building memory of prior stimulation. However, it is still
possible that some individual cells have a stronger magnitude
of change in their phenotypic response to restimulation (their
“decoding” of memory) than others; i.e., that there is some
variability in training capacity on a per cell basis. With our cur-
rent experimental setup (particularly, the use of primary human
cells), we cannot determine the degree of transcriptional
change of an individual cell due to training, as heterogeneity
across single cells in both trained and untrained populations
leaves us unable to determine what that cell’s transcriptional
state “would have been” had it not been trained. Retrospective
analysis via the tracking of recently-divided sister cells (which
more closely resemble each other transcriptionally than the
bulk population) by training one sister cell and comparing its
response to restimulation against its untrained sister”*?>°
may allow for such conclusions to be drawn in the future.
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Materials availability
This study did not generate any new reagents.

Data and code availability

® All code used to analyze data and generate figures can be found on
Dropbox at https://www.dropbox.com/scl/fo/q5jt87fhviyv4ytgvgpqt/
AObPxhHcmDGDG6RixA8Z7NQE?rlkey=sfqf8w9wewcq1lzltebxbue
ixo&st=d0m469u5&dI=0 and on Data Dryad at https://doi.org/10.
5061/dryad.stgjg2cjc and is publicly available as of the date of this
publication.

® Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Biological samples

Human monocytes from apheresis University of Pennsylvania See Table S1
product of healthy donors Human Immunology Core

Chemicals, peptides, and recombinant proteins

p-D-Glucan Thomas Scientific C940X31
Muramyl Dipeptide (MDP) Invivogen tir-mdp
Lipopolysaccharide (LPS) Invitrogen 501122025
Deposited data

Published scRNAseq dataset of human Kong et al.® GEO: GSE184241

monocytes following in vivo BCG vaccination

Oligonucleotides

Oligonucleotides for single-molecule IDT See Table S2

RNA FISH

Software and algorithms

RNA FISH Probe Design Laboratory of Arjun Raj https://github.com/arjunrajlaboratory/ProbeDesign
Nimbusimage Laboratory of Arjun Raj; Niu et al.*” https://github.com/arjunrajlaboratory/Nimbusimage
Piscis Laboratory of Arjun Raj; Niu et al.*® https://github.com/zjniu/Piscis

Code for analysis and figure generation This paper https://doi.org/10.5061/dryad.stgjg2cjc

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

De-identified human immune cells were collected from the apheresis product of healthy donors at the Perelman School of Medicine
at the University of Pennsylvania by the Human Immunology Core. Monocytes were isolated by negative selection with StemCell
RosetteSep kits. Isolated monocytes were cultured in RPMI supplemented with 25mM HEPES, 1% penicillin/streptomycin, and
10% fetal bovine serum, and initially seeded at a density of 800,000 cells per milliliter in Cellvis 24 well glass imaging plates (Fisher
NC0397150).

METHOD DETAILS

Induction of trained immunity

We followed an in vitro procedure of training commonly used in literature.®® We introduced training ligands at the following concen-
trations: -Glucan at 5 pg/mL, and MDP at 1 pg/mL. We chose these doses based on thorough comparison to published literature. To
generate trained cells, we stimulated with training ligand during the first 24 hours of culture, while untrained cells received no
stimulation. After 24 hours, we removed the training ligand by washing all wells (including untrained controls) twice with PBS,
then allowed the cells to rest for five additional days, during which time the cells differentiated into monocyte-derived macrophages.
On the sixth day of culture, we evaluated trained cells before or after secondary stimulation. Stimulation on day six with lipopolysac-
charide (LPS) was at a dose of 100 ng/mL.

Single-molecule RNA fluorescence in-situ hybridization (RNA FISH) image acquisition
Oligonucleotides complementary to the transcripts for TNF, IL18, CXCL10, and IL6 were designed using custom Matlab software
(https://github.com/arjunrajlaboratory/ProbeDesign) and purchased from IDT. Due to the short length of these transcripts, we
included the 3’ UTR in each target sequence, to generate a total of 24 oligonucleotide probes per gene. Full sequences for each
of these probes can be found in Table S2. To generate fluorescent probes, we first added an amine group to the 3’ end of each oligo-
nucleotide using terminal transferase (TDT), then coupled to either CY3, Alexa 594, or Atto 700 dye.

Single-molecule RNA FISH was performed as described previously.*® Briefly, cells were fixed in 4% paraformaldehyde for 10 mi-
nutes, then permeabilized using 70% ethanol overnight at 4°C. Immediately before probe addition, cells were briefly washed in 5%
sodium dodecyl sulfate (SDS) for 1 minute to reduce autofluorescence.
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To perform in situ hybridization, we diluted probes in hybridization buffer (10% formamide and 10% dextran sulfate in 2X saline
sodium citrate (SSC) buffer) before incubating overnight at 37°C covered with a glass coverslip. Cells were then stained with
DAPI for 30 minutes, then imaged in 2X saline sodium citrate (SSC) buffer. Samples were imaged across 5 Z-planes on an inverted
Nikon TI-E microscope at 60X magnification.

Single-molecule RNA fluorescence in-situ hybridization (RNA FISH) image analysis

RNA FISH images were analyzed in the custom imaging software Nimbusimage.*” Nimbuslmage is an open-source, in-browser pro-
gram that allows for direct visualization and analysis of large imaging datasets, and includes in-built analysis tools such as Cellpose,
Segment-Anything, and Piscis.

Images were uploaded to Nimbuslmage, and cell cytoplasm was manually segmented using the “Manual Blob Annotation” tool.
Morphology measurements for these annotations were calculated using the “Blob Metrics” tool.

RNA FISH spots (one spot is equivalent to one mRNA transcript) were identified across all Z planes using the deep learning algo-
rithm Piscis.*® Piscis is a deep neural network classification algorithm that employs a novel loss function (the SmoothF1 loss) to ac-
count for class imbalance inherent to RNA FISH spot detection during training, ensuring accurate spot detection. Following identi-
fication, spots were counted and assigned to each cell using the “Point Count 3D Projection” tool in Nimbusimage. Proportions of
cells expressing each gene were calculated using a threshold of 1 spot per cell after manual noise correction. When calculating spot
count for expressing cells for TNF, IL1p, IL6 and CXCL10, we first filtered to only include cells with at least one transcript, then normal-
ized by cell area, plotting as spots per square micron.

For local density calculations in Figure S4B, we relied on the natural variations in cell density present across the plate of cells. Pri-
mary monocytes began their culture in suspension, and settled onto the bottom of the plate as they differentiated, leaving the center
of the well slightly more dense than the periphery by day six of culture. We also observed minor differences in macrophage density
across cells from different donors. As such, to determine local cell density, we counted the number of cells present within a single
microscopy image frame.

Single cell RNA sequencing data analysis
We downloaded a publicly available scRNAseq dataset originally published in Kong et al.,?® of human monocytes from three individ-
uals before, two weeks after, and three months after BCG vaccination. We downloaded the data as raw sequencing counts, then
used the same preprocessing steps used in°? (filtered out cells with less than 200 unique gene counts and genes detected in less
than three cells). We then used a centered log-ratio transform before differential expression analysis using Seurat (also as described
in Kong et al.?®).

Of the 1,710 cells in the full dataset, we filtered to remove the cells sampled at resting state (before any restimulation), leaving the
855 cells sequenced four hours after ex vivo restimulation with LPS. We then plotted the normalized expression of each gene of in-
terest, and calculated the p-value of differential expression between trained vs untrained cells using the t.test() function.

QUANTIFICATION AND STATISTICAL ANALYSIS

To calculate statistical significance across proportions of IL6 and CXCL 10 first responders in trained and untrained cells, we used the
following equation: z = %, where Pirained is the proportion of first responder cells in the trained popu-

1
Protal (1 = Protal) (7*'7
Ntrained Nuntrained

lation, puntrainea is the proportion of first responders in the untrained population, py: is the overall sample proportion, and niineq and
Nuntrained @re the sample sizes. We then used the pnorm() function in R to convert the z-score to a p-value, using a two-tailed test for
statistical significance.

To calculate statistical significance for TNF, IL1p, IL6, and CXCL10 expression per cell, we calculated the number of spots per
square micron in each expressing cell, before using the t.test() function in R to calculate the p-value for a two-tailed test for statistical
significance.

For the log2 odds ratio calculation between /L6 and CXCL10 expression (at two hours post restimulation in

Figure 2E, Figure S3, and at six hours post restimulation in Figure S3B) we used the following equation: OR =

Number of Cells Expressing Neither Gene x Number of Cells Expressing Both Genes
Number of Cells Expressing IL6 Only = Number of Cells Expressing CXCL10 Only *

For one of the 39 conditions assessed at two hours (Donor ND608B, untrained condition), we artificially added one count to the IL6
only group, to prevent a divide-by-zero error. For one of the 9 conditions assessed at six hours (Donor ND624, -Glucan-trained con-
dition), we artificially added one count to the IL6 only group and one count to the neither gene group, to prevent a divide-by-zero error
and to allow the log2 to be calculated.

Spearman correlation coefficients were calculated using the cor() function in R, with the method set to ‘spearman’. We then boot-
strapped the result using boot() 1000 times, to calculate the bootstrapped standard error of the correlation.
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