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Mass spectrometry-based profiling of single-
cell histone post-translational modifications
to dissect chromatin heterogeneity

Ronald Cutler1,2,8 , Laura Corveleyn3,8, Claudia Ctortecka 4,8,
Francesca LiCausi 5, Joshua Cantlon6, Alvaro Sebastian Vaca Jacome7,
Dieter Deforce 3, Jan Vijg 1, Maarten Dhaenens 3,
Malvina Papanastasiou 4 , Steven A. Carr 4 & Simone Sidoli 2

Single-cell proteomics confidently quantifies cellular heterogeneity, however
quantification of post-translational modifications, such as those deposited on
histone proteins, remains elusive. Here, we develop a robust mass
spectrometry-based method for the unbiased analysis of single-cell histone
post-translational modifications (sc-hPTM). sc-hPTM identifies both single-
and combinatorial histone post-translational modifications (67 peptidoforms
in total), which includes nearly all frequently studied histone post-translational
modifications with comparable reproducibility to traditional bulk experi-
ments. As a proof of concept, we treat cells with sodium butyrate, a histone
deacetylase inhibitor, and demonstrate that our method can i) distinguish
between treated and untreated cells, ii) identify sub-populations of cells with
heterogeneous response to the treatment, and iii) reveal differential co-
regulation of histone post-translational modifications in the context of drug
treatment. The sc-hPTM method enables comprehensive investigation of
chromatin heterogeneity at single-cell resolution and provides a further
understanding of the histone code.

Epigenetic states are imprinted through chemical modifications
to DNA and associated histone proteins that reflect the intricate
relationship between the epigenome and cellular phenotypes1. The
‘histone code’ refers to the complex interplay between diverse post-
translational modifications (PTMs) of histones2. The most prevalent
histone PTMs (hPTMs) encompass acetylation (Ac), methylation (Me),
ubiquitination (Ub), and phosphorylation (Ph). These hPTMs influence
gene expression by modulating chromatin structure through their
distinct chemical properties and their capacity to attract chromatin-
modifying enzymes and binding proteins. For instance, histone
4 lysine 16 acetylation (H4K16ac) contributes to chromatin

decondensation and thereby increases gene transcription3. In contrast,
trimethylation of histone 3 lysine 27 (H3K27me3) is generally
associated with transcriptional repression and has been implicated
in epigenetic reprogramming4,5. Notably, loss of H4K16ac and
H4K20me3 are common hallmarks of cancer, while several other
hPTMs have been linked to neurodegenerative, autoimmune, and
other diseases6–9.

Bulk analysis of hPTMs, in which histones are extracted from
cells at high purity, has markedly improved our understanding of
their pivotal role in health and disease5,10–13. While bulk methods
often require substantial input material (typically around 1 million
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cells), recent advancements have enabled hPTM profiling by MS
from as few as 1000 cells, including patient-derived samples14,15.
However, established single-cell profiling methods, such as single-
cell RNA-sequencing, have revealed that conventional analyses of
bulk injections oftenmask the presence of different cell types, as well
as the variability among cells within the same type. Thus, single-cell
analysis has emerged as a powerful tool for uncovering critical
insights across diverse biomedical fields. For example, it has
revealed fibroblast clusters linked to cancer immunotherapy resis-
tance, identified stem-cell programs in metastatic breast cancer,
highlighted transcriptomic reprogramming in aging cardiovascular
endothelial cells, and shown increased epigenetic variation with
age16–19. These findings provide unprecedented resolution in under-
standing complex biological processes and disease mechanisms.

While several methods have been introduced to analyze hPTMs
from single cells, such as single-cell chromatin immunoprecipitation
sequencing, these have had limited use in the field due to sample
throughput, data sparsity, technical noise, and lack of hPTM
multiplexing20–23. Recently, Cheung et al. developed EpiTOF for
simultaneous profiling of 60 epigenetic targets in single human
immune cells using heavy metal isotope-labeled antibodies and mass
cytometry by time-of-flight19. Interestingly, this method was able to
provide insights into age-related changes of chromatin by demon-
strating an increase in hPTM cell-to-cell variability during immune cell
aging. However, a fundamental limitation of the aforementioned
approaches is that they rely on antibodies, which suffer from (i) cross-
reactivity, (ii) steric hindrance when targeting combinatorial hPTMs,
(iii) limited number of targets, (iv) quantitative ambiguity resulting
from differences in affinity, (v) lack of multiplexing, and (vi) limited
detection of novel modifications24–26. In contrast, liquid chromato-
graphy coupledwith tandemmass spectrometry (LC-MS/MS) provides
a comprehensive view of the histone code through the untargeted and
quantitative measurement of a multitude of hPTMs27–33. Recent
advances in MS instrumentation have greatly improved sensitivity,
quantification accuracy, and throughput, making LC-MS/MS the gold
standard for global single-cell proteomics34–39. Although histones are
commonly identified in such workflows due to their abundance within
the cell, a robust method for accurate quantification of hPTMs at
single-cell resolution is currently lacking.

Here, we present a method that enables robust identification and
quantification of single-cell histone post-translational modifications
(sc-hPTM) across the canonical histones H1, H2A, H2B, H3, and H4. We
combined single-cell dispensing and semi-automated sample pre-
paration using a cellenONE dispensing platform coupled with a Bruker
timsTOFUltramass spectrometer.Our sc-hPTMworkflow identified67
histone peptidoforms (i.e., distinct combinations of modified and
unmodified amino acids per histone peptide), comprising 25 unique
PTMs, per single-cell. We demonstrated high quantification accuracy
and precision of our single-cell data through comparisons with bulk
samples, previousdata, and titrationcurves. Importantly,wepropose a
strategy to distinguish technical noise from biological noise (cell-to-
cell variation) using histone standards. Finally, we treated cells with a
histone deacetylase (HDAC) inhibitor to perturb hPTMs and identified
cellular heterogeneity and differential hPTMco-regulation in response
to the treatment.

In this work, we detail the development, validation, and applica-
tion of sc-hPTM, demonstrating its robustness and utility in advancing
our understanding of the histone code. This sc-hPTM method repre-
sents a significant leap forward in single-cell epigenomics, com-
plementing existing single-cell genomics, transcriptomics, and
proteomics approaches. By enabling unbiased, multiplexed quantifi-
cation of hPTMs at single-cell resolution, sc-hPTM fills a critical gap in
our ability to study chromatin states in heterogeneous cell popula-
tions. This method has the potential to uncover insights into epige-
netic regulation in various biological processes, including cellular

differentiation, disease progression, and response to therapeutic
interventions.

Results
Identification of hPTMs at single-cell resolution using LC-MS/MS
To analyze hPTMs with bulk methods, histones are extracted from
millions of cells using sulfuric acid, followed by trichloroacetic acid
precipitation10,11,31,40. Due to the high content of lysine residues in his-
tone proteins, extracted histones are subsequently derivatized with
propionic anhydride at the protein and peptide level to modify
N-termini and free lysine residues. Propionylation is critical to hPTM
analysis by LC-MS/MS as it ensures a sufficient size and hydrophobicity
of histone peptides required for LC-MS/MS analysis. Recently, proto-
cols havedemonstrated that these steps canbe automatedusing liquid
handling, which allowed for increased throughput when profiling
hPTMs of chemical perturbations across multiple biological
backgrounds33. Our sc-hPTM protocol builds upon previous single-cell
proteomics protocols by utilizing the cellenONE (Cellenion), a robotic
picolitre dispensing platform, to automate sample preparation, which
includes single-cell isolation, cell lysis, propionylation, and
digestion35,36,41,42.

The experimental workflow, depicted in Fig. 1A, illustrates the
direct isolation of single cells to a 384-well plate (Supplementary
Fig. 1A–D) pre-filled with 1 µL cell lysis buffer, consisting of 0.2% (w/v)
n-Dodecyl β-D-maltoside in 1M Triethylammonium bicarbonate
(TEAB)43. We implemented the preparation in 384-well plates due to
their reduced well diameter and depth relative to 96-well plates to
lower the reaction volume and reduce protein loss. After each step, the
plate was sealed with adhesive aluminum foil, vortexed for 5 s, and
centrifuged at 500×g for 30 s to ensure thoroughmixing. Tominimize
evaporation or incomplete sealing of the plate, the outermost wells
were excluded from sample processing. Following cell lysis, histone
proteins were propionylated by dispensing 100 nL of a 1:4 propionic
anhydride to acetonitrile solution, followed by incubation for 30min
at room temperature (Supplementary Fig. 1E–G). Of note, dispensing
of 100 nL of a low-viscosity derivatization reagent with the cellenONE
required fine-tuning of the piezo dispensing capillary nozzle para-
meters to obtain a stable droplet (Supplementary Fig. 1E; see “Meth-
ods” section). Next, the plate sealwas removed and the temperature of
the cellenONE plate holder was increased to 50 °C, ensuring complete
evaporation of the propionylation reagents, which removes any che-
mical interference during the next digestion step. Following this, 1 µL
digestion buffer was added, consisting of 3 ng/µL trypsin, 10U/µL
Benzonase, and 1% ProteaseMAX in 1M TEAB. The plate was then
sealed and incubated for 2 h at 50 °C within the cellenONE for histone
digestion. The free amino termini of the digested peptides were sub-
sequently propionylated as described above to improve their chro-
matographic retention. Finally, injections were manually diluted with
0.1% TFA and stored at -80 °Cprior to LC-MS/MS analysis. To serve as a
reference and assess the accuracy of our workflow, we also prepared
injections consisting of ~100 cells (100-cell bulk), which were pro-
cessed identically to the single cells.

The resulting MS data were analyzed in Skyline44 using a spectral
library derived from 100-cell bulk injections, with manual adjustment
of peak boundaries based on predetermined requirements (Fig. 1B and
Supplementary Data 1). For confident peptide identification, we used a
combination of filtering criteria: (1) clear distinction of peptide signal
vs measurement noise in 0-cell injections, (2) MS1 and MS2 signal
alignment, (3) presence of the C13 isotopes, (4) retention time differ-
ence relative to the unmodified peptide, (5) the presence of unique
fragment ions, (6) alignment with 100-cell bulk and (7) alignment to
histone standards (Fig. 1B, right box). Isobaric peptidoforms of the H4
N-terminal peptide H4(4-17) (Supplementary Fig. 2A) were dis-
tinguished and separately quantified based on unique combinations of
their fragment ions (Supplementary Fig. 2B).
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Following all these criteria, we identified peptides from H1, H2A,
H2B, H3, and H4, as well as their variants H1.2/3/4, H1.5, H2A1B, H2AJ,
and H2AX (Supplementary Data 2). We were able to identify peptido-
forms that were acetylated (Ac),methylated (Me), dimethylated (Me2),
trimethylated (Me3), ubiquitinylated (Ub), succinylated (Su), and
hydroxyisobutyrylated (Hib) (Supplementary Fig. 3A). These were

present either individually or in combination with other PTMs,
resulting in 67 distinct peptidoforms. Notably, we achieved compre-
hensive coverage of the N-terminal tails of H3 and H4, in particular, of
peptides H3(9–17) and H4(4–17) that were identified with multiple
peptidoforms (Fig. 1C). Missing regions included the H2B N-terminus
and H1 C-terminus, which lack arginine residues, resulting in long
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hydrophobic peptides. Identification of these peptides via LC-MS/MS
is challenging due to their poor chromatographic behavior and the
presence of several isobaric peptidoforms. Additionally, some well-
studied marks, such as H3K4me2/me3 and H4K20me2/me3, were
undetected at the single-cell level and only at the bulk level, pre-
sumably due to their relatively low abundance45.

Benchmarking of sc-hPTM quantification
To benchmark the quantification accuracy of our method, we pre-
pared 3 batches of HeLa cells and histone standards on separate days
(Supplementary Table 1), totaling 60 injections with varying amounts
of cells as input (Supplementary Fig. 3B). A batch is defined as a single
384-well plate with blank, single-cell, and histone standard samples
that were prepared and injected for LC-MS/MS analysis together. We
consistently detected 67 histone peptidoforms across all injections
with <0.1% missing values, highlighting the strength of the data-
independent acquisition (DIA) method. MS1 intensities in our mea-
surements were on average over 3× greater than MS2 intensities and
generally suffered less from distortion at lower signal intensities
(Supplementary Fig. 1C). We therefore quantified histone peptide
abundances at the MS1 level and normalized the raw intensities using
the histone peptide ratio method to obtain relative abundances, as is
done for MS-based histone analysis with the EpiProfile 2.0 program46.
This included resolving co-eluting isobaric acetylation patterns of the
H4(4–17) histone peptide, where the MS1 peak area is deconvolved
using a combination of MS2 fragment ion intensities specific to the
modification (Supplementary Fig. 2A, B; see “Methods” section).

Next, to distinguish between a positive peptidoform signal and
measurement noise, we compared the raw intensities of injections
containing single cells to those containing no cells, which were injec-
tions that contained only reagents (i.e., negative controls). Despite the
expectedly low signal from single cells, we found that the MS1 signal
intensities in the single-cell injections were on average ~9.5× above the
injections containing no cells (Fig. 2A and Supplementary Fig. 3D).
Peptides from single cells that had similar MS1 signal intensities in
injections with no cells were considered as background noise and
excluded in subsequent analyses (Fig. 2B, Supplementary Fig. 3E, and
Supplementary Data 2; see “Methods” section).

To benchmark the quantification accuracy of our method, we
assessed the linearity of signal intensities using our sc-hPTMworkflow
by preparing a 5-point titration curve of varying cell inputs (i.e. 0, 1, 2,
4, and 8 cells) and a commercially available bovine histone standard
from calf thymus (i.e. 0, 10, 20, 40, and 80pg; 1 cell contains ~6.5 pg of
histone protein47). As expected, the MS1 intensity was proportional to
thenumber of cells acrossmostpeptidoforms and yielded consistently
high Pearson R values, which demonstrated high quantification accu-
racy of themethod (Fig. 2C, D and Supplementary Fig. 4A, B). Similarly,
the titration of the bovine histone standards revealed comparable
quantification (Supplementary Fig. 5A–D). Peptidoforms with an
average R value of less than 0.8 were therefore excluded from sub-
sequent analysis to ensure accurate quantification (see “Methods”
section). As accurate quantification can be influenced by ‘under’ and
‘over’ propionylation of evaluated histone peptides, we assessed the
efficiency of peptide derivatization using our sc-hPTM workflow.

Levels of ‘under’ and ‘over’ propionylation were extrapolated based on
the representative H3.1(9–17) peptide, which consistently showed the
highest signal in single cells (see “Methods” section). We found
between ~5–30% of the H3.1(9–17) peptide was under-propionylated,
whichdiffered between batches, while ~40% consistently showed over-
propionylation across batches. Based on this, cells with abnormal
levels of under-/over-propionylation percentages were excluded from
downstream analyses (Supplementary Fig. 2F; see “Methods” section).

To further assess the accuracy of hPTM quantification in single
cells, we compared the 100-cell bulk to single-cell injections. After the
aforementioned quality control filtering, normalization, and batch-
correction (Supplementary Fig. 6A–D; see “Methods” section), we
quantified 44 peptidoforms across 4 100-cell bulk and 16 single-cell
injections. Data were normalized using the peptide ratio method as
previously described in ref. 46, followed by a Log(1 + x) transforma-
tion. The peptidoform relative abundances were averaged across all
single cells within each batch to create a cumulative ‘pseudobulk’
sample. We observed good correlation (R = 0.94) of the ‘pseudobulk’
peptidoform relative abundances to the average of the bulk injections
within each batch (Fig. 2E; see “Methods” section). Similar results were
also obtained without normalization (average R value of 0.89; Sup-
plementary Fig. 7A). The high correlation between the single-cell
pseudobulk and 100-cell bulk injections indicated accurate quantifi-
cation, while the variation between samples reflected the single-cell
precision of our data.

We then performed principal component analysis (PCA) on the
relative abundances of all peptidoforms. The single-cell and 100-cell
bulk injections separated along PC1 and accounted for 33.88% of the
variance in the data (Fig. 2F).We confirmed that this differencewas not
due to large systematic differences as the average difference of hPTM
relative abundances between single-cell and the mean of 100-cell bulk
injections was only 1.28 × 10−3 Log2-fold (Supplementary Fig. 7B).
Nonetheless, we noted small, but consistent, differences including
higher relative abundance of H3K9me2 and lower relative abundance
of H3K9meK14ac in single cells as compared to 100-cell bulk injections
(Supplementary Fig. 7C). The signal of peptidoforms reflecting such
differential abundance was above background levels (Supplementary
Fig. 3D) with high quantification accuracy (Supplementary Fig. 4A).
These observations therefore suggested that the sc-hPTM method
offers greater accuracy than bulk injections with larger input, which
may be due to less manual sample handling or fewer enrichment and
clean-up steps prior to acquisition. Finally, we compared the relative
abundances of individual PTMs on histone H3 between single cells,
100-cell bulk injections, and bulk HeLa cell injections from previous
studies, and found high correspondence between the single-cell and
bulk data (Fig. 2G and Supplementary Figs. 7D, E). Collectively, we
validated the accuracy of our sc-hPTM quantification against tradi-
tional bulk methods.

Biological cell-to-cell variability of hPTMs
To distinguish between technical and biological variability in single-
cell injections, we leveraged the technical replicates that were
acquired, defined as separate injections of the same amounts of bovine
histone standard. After quality control filtering, normalization, and

Fig. 1 | Overview of the sc-hPTM method and identified peptidoforms.
A Schematic overview of the method, from left-to-right: (1) suspensions of single
cells or histone standards were isolated and prepared within the wells of a 384-well
plate using the liquid handling capabilities of the cellenONE instrument, (2) histone
peptidoforms were acquired using the Vanquish LC and TimsTof Ultra MS instru-
ments, and (3) data analysis was performed with Skyline and custom R scripts. For
details on cellenONE cell isolation and preparation, see Supplementary Fig. 1.
Created in BioRender. Cutler, R. (2025) https://BioRender.com/hvhvfvu.
B Extracted ion chromatograms (XICs) of MS1 precursor (top panels) and MS2
fragments (bottom panels) for four representative histone peptidoforms in a

representative single-cell. Peaks are picked based on the criteria shown in the box
on the right side. For additional XICs of isobaric peptides, see Supplementary
Fig. 2A. Source data are provided as a Source Data file. C Overview of the histone
peptidoforms identified by the sc-hPTM method. Detected peptide sequences are
highlighted. PTMs are represented by symbols shown in the legend on the bottom-
right. Single PTMs are shown on top of sequences, while combinatorial PTMs are
shownbya connecting line underneath the sequence.Note that specific isoformsof
histone H1, H1.2/3/4, and H1.5 are not shown. For proportions of each modifica-
tion type, seeSupplementary Fig. 3A. Sourcedata are providedas a SourceDatafile.
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batch-correctionof thehistone standard injections, wedetermined the
coefficient of variation (CV) of the relative abundances of peptido-
forms for the injections prepared within a batch (intra-) or across
batches (inter-). For the 10 pg histone standard injections (roughly
equivalent to the amount of histone in a single-cell48), both intra- and
inter-CVs were below 25% on average (Fig. 3A, B). For data that were
unnormalized and not batch-corrected, intra-CVs were still below 25%,
while inter-CVs were approximately double, which highlighted the
impact of normalization and batch-correction (Supplementary Fig. 8A,
B). To further assess the technical variability of our method, we com-
pared the 10 pg histone standard technical replicate injections to
technical replicates of bulk HeLa cells49,50 and processing replicates of
cell lines treated with DMSO in the NIH Library of Integrated Network-
Based Cellular Signatures consortium (LINCS)33 (Supplementary

Table 2). We found that our across batch CVs were comparable to the
CVs of the bulk HeLa data49,50 (Fig. 3C, left and middle panels) and the
cell lines from the LINCS dataset33 (Fig. 3C, right panel). Overall, this
analysis established a baseline for the technical variation expected
from single-cell injection input amounts both within batches (intra-
batch) and across batches (inter-batch), which opens up the oppor-
tunity to study cell-to-cell variation.

An important capability for single-cell analysis is the quantifica-
tion of subtle cell-to-cell biological variation that can reveal cell states
and regulatory relationships inaccessible by bulk analyses. Indeed, the
CVs of the majority of peptidoforms across single cells using sc-hPTM
were significantly higher than those amongst the technical replicates
(Fig. 3D). To determine biological cell-to-cell variation for individual
peptidoforms, we adjusted for technical noise (determined by the
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10 pg histone standard injections) and ranked peptidoforms by their
CV (Fig. 3E, F and Supplementary Fig. 8C; see “Methods” section). This
analysis revealed H4K5acK12ac and H3K14ac as the most biologically
variable peptidoforms in our cell model, perhaps due to variation in
cell cycle phase51, whereas H2AJK5acK9ac and H3K9me3K14ac were
found to be the least variable.

Distinct single-cell hPTM profiles following HDAC inhibitor
treatment
To determine if our sc-hPTM method can detect the change in abun-
dance of biologically relevant hPTMsdue to chemical perturbation, we
treatedHeLa cells with 5mMHDAC inhibitor sodiumbutyrate (NaBut).
NaBut competitively binds to the zinc sites of class I and II HDACs,
resulting in hyperacetylation of several histone sites, particularly those
locatedonhistonesH3andH4.After a 24hour incubation, both control
(PBS vehicle) and NaBut-treated cells were harvested and processed
using our sc-hPTM workflow in 2 batches on separate days (Fig. 1A).
Single cells were isolated from three different cell populations, con-
trol, treated, and a 1:1 mixture of control and treated (mixed) (Fig. 4A
and Supplementary Table 3). We included a mixed population of cells
to evaluate if these cells can be classified based on their hPTM profiles
without prior knowledge of whether they originated from the control
or treated groups. As in previous experiments, we also included 100-
cell bulk injections for the control and treated groups. Following our
quality control filtering, normalization, and batch-correction pipeline
(Supplementary Fig. 9A–G; see “Methods” section), we were able to
quantify 42 peptidoforms (Supplementary Data 2) in 5 controls, 11
treated, and 32 mixed single cells. Due to the low number of control
cells that passed filtering criteria in this experiment, we further inclu-
ded 16 single HeLa cells and 4 100-cell bulk injections from the
benchmarking experiments (as described above) in the analysis. It
should be noted that these additional control cells did not receive any
treatment and showedno substantial differences fromthe control cells
in the HDACi experiment (Supplementary Fig. 9H). PCA of all analyzed
injections revealed clear separation between control and treated cells
along PC1, accounting for 35.46% of the variation, which was
significantly correlated to the NaBut treatment variable (two-sided
t-test, R =0.53, p <0.001). Mixed cells appeared to be uniformly dis-
tributed across PC1 and the two treatment groups, as expected
(Fig. 4B). HDACi treatment did not impact global protein identification
and quantification (Supplementary Fig. 10A-B). Importantly, global
protein abundance did not correlate with hPTM quantities per single
cell, which indicated that the treatment-specific clustering was driven
by the epigenetic marks (Supplementary Fig. 10C).

Because acetylation of histone H4 is known to be regulated by
NaBut treatment13, we summarized the 16 different combinations of
acetylation on H4 (4–17) into five main types based on the number of
acetylations (i.e., 0, mono, di, tri, and tetra) and calculated the sum-
marized H4 acetylation relative abundances (see “Methods” section).
PCA of summarize H4 acetylation relative abundances clearly sepa-
rated the control and treated cells along PC1 and was significantly
correlated to the NaBut treatment variable (two-sided t-test, R =0.46,
p <0.001) (Fig. 4C). Importantly, focusing on only collapsed H4 acet-
ylation patterns increased the explained variance of PC1 from 35.46%
to 73.2%, compared to analyzing all peptidoforms. We therefore
leveraged the collapsed H4 acetylation relative abundances to train a
k-nearest neighbor (KNN) classifier. We used a random sample of 50%
of cells with known groups (i.e., control or treated) for training and the
other 50% of labeled cells for testing, which achieved an accuracy of
84.21% (see “Methods” section). We then used the trained classifier
to assign cells from the mixed population to the control or treated
groups (i.e., control = 15 cells and treated = 17 cells), which resolved
two distinct clusters of cells separated based on the NaBut treatment
(Fig. 4D, E). The successful cell classification was further supported
through pathway analysis of the differentially regulated proteins in the
treated cells, which highlighted induced cell cycle arrest and inhibited
mitochondrial complex formation (Supplementary Fig. 10D)52,53. In
summary, this analysis demonstrated cell classification without
knowing the assigned condition a priori by using informed selectionof
hPTM subgroups. This is particularly critical in the analysis of complex
cell populations in vivo that contain different cell types or different
cellular states at distinct ratios.

HDAC inhibitor treatment induces histonehyperacetylation and
cell-to-cell chromatin heterogeneity
We next performed differential abundance analysis to assess changes
in the abundance of all peptidoforms using 35 control and 29 treated
single cells (see “Methods” section). As expected, we found many of
the acetylated peptidoforms of H2A.1, H3 and H4 to be significantly
increased in the treated group relative to the controls (Fig. 5A and
Supplementary Table 4). The largest increase in relative abundance
was observed for the tri-acetylated H4 peptidoforms, H4K5acK8-
acK16ac and H4K5acK12acK16ac. In support of this, analysis of the
collapsed H4 acetylation relative abundances revealed a significant
increase in di-, tri-, and tetra-acetylated hPTMs, independent of the
mono-acetylated hPTMs (Fig. 5B). Analysis of global PTM relative
abundances of each modification type (i.e. acetylation, mono-methy-
lation, di-methylation and tri-methylation), confirmed the significant

Fig. 2 | sc-hPTM quantification enabled by high sensitivity and precision.
A Comparison of the raw MS1 intensity of empty wells (Cell #0) and wells con-
taining single cells (Cell #1) for 4 representative histone peptidoforms for each
batch. Each batch represents an independent experiment. For all peptidoforms see
Supplementary Fig. 3D. Statistics: for the number of injections analyzed in each
groupperbatch seeSupplementary Fig. 3B. Boxplots show themedian (center), the
25th and 75th percentiles (bounds), and whiskers extending to the most extreme
data points within 1.5× IQR. B Distribution of MS1 intensities for all histone pepti-
doforms in all batches for empty wells and wells containing single cells after fil-
tering out peptides with low signal (see “Methods” section). For each batch
separately, see Supplementary Fig. 3E. C Titration curves for four representative
histone peptidoforms of raw MS1 intensity, where various amounts of cells were
prepared in a single well and then assessed for linearity. Statistics: the significance
of Pearson R correlation coefficients for each batch was tested using a two-sided t-
test. For H2AK15Ac, the correlations were R =0.98 (p < 2.2 × 10⁻¹⁶), R =0.99
(p = 1.2 × 10⁻¹¹), and R =0.99 (p = 4.3 × 10⁻¹¹) for batches 1–3, respectively. For
H3K23Ac, R =0.98 (p < 2.2 × 10⁻¹⁶), R =0.98 (p = 2 × 10⁻¹⁰), and R =0.98
(p = 9.5 × 10⁻¹⁰). For H3K9Me2, R =0.98 (p < 2.2 × 10⁻¹⁶), R =0.99 (p = 6.6 × 10⁻¹²),
and R =0.99 (p = 2.5 × 10⁻¹¹). For H4K5AcK12Ac, the correlations were R =0.92
(p = 4.8 × 10⁻¹³), R =0.97 (p = 6.7 × 10⁻⁹), and R =0.94 (p = 4.2 × 10⁻⁷) for batches
1–3, respectively. Shaded areas represent 95% confidence intervals of the fitted

linearmodel. For all peptides, see Supplementary Fig. 4A.DDistributionof Pearson
R correlation coefficients for titration curves of all histone peptidoforms in each
batch. A dashed line is drawn at R =0.8 to indicate the threshold used for filtering
out histone peptidoforms deemed to be non-quantifiable. Statistics: the sig-
nificance of Pearson R correlation coefficients for each batch was tested using a
t-test. E Correlation of histone peptidoform relative abundance between bulk
(~100-cell) and ‘pseudobulk’ (meanof single cells) samples inbatches 1–3. Statistics:
significance of Pearson R correlation coefficients for each batch was tested using a
t-test; R =0.95 (p < 2.2 × 10⁻¹⁶) for batch 1, R =0.90 (p < 2.2 × 10⁻¹⁶) for batch 2, and
R =0.97 (p < 2.2 × 10⁻¹⁶) for batch 3. Shaded areas represent 95% confidence
intervals of the fitted linear model. For correlation using unnormalized MS1
intensity, see Supplementary Fig. 7A. F Principal component analysis of histone
peptidoform relative abundances for single-cell and 100-cell bulk samples. For plot
without batch-correction see Supplementary Fig. 6C. For direct comparison of
single-cell and bulk samples see Supplementary Fig. 7B, C. G Individual histone
PTMs (single and combinatorial PTMs) relative abundances detected on histoneH3
in single cells (top) and 100-cell bulk (bottom) samples from batches 1–3. For
comparison to previous bulk studies, see Supplementary Figs. 7D, E. Statistics: for
the number of injections analyzed in each group per batch, see Supplementary
Fig. 3B. Data are presented asmean values, and error bars are ±1 SD. Source data are
provided as a Source Data file.
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increase in acetylation, while also revealing a corresponding increase
in mono-methylation and a decrease in di-/tri-methylation (Fig. 5C).
Together, the global increases in acetylation are indicative of an open
chromatin state with higher levels of transcription in NaBut treated
cells relative to the controls, which was additionally supported by the
100-cell bulk injections (Supplementary Fig. 11A–DandSupplementary
Table 5).

Interestingly, the relative abundance of H3 and H4 peptidoforms
that were found to be significantly differentially abundant between
control and treated groups (Fig. 5A, red points) was also observed to
vary from cell-to-cell within the treated group, indicative of a hetero-
geneous response to the HDACi treatment (Fig. 5D, right side). This
was supported by an increase in cell-to-cell heterogeneity in the trea-
ted group relative to the controls (Supplementary Fig. 12A). Thus, we
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sub-clustered the treated group andperformeddifferential abundance
analysis on the two resulting subclusters (Fig. 5E, Supplementary
Fig. 11E, and Supplementary Table 6; see “Methods” section). Sub-
cluster A was characterized by hyperacetylation of H4 tails, as well as
high levels of H3K9acK14ac, which are known to be associated with
active transcription. In contrast, cells within subcluster B showed
relatively lower levels of H4 acetylation, as well as high levels of
H3K9me3K14ac and H3K9me2, which are all associatedwith repressed
transcription (Fig. 5E). Importantly, this differential response to the
NaBut treatment was masked when analyzing the 100-cell bulk injec-
tions (Supplementary Fig. 11D). As it is possible that the classificationof
mixed cells into control or treated groups (asdescribed in the previous
section) may artificially induce intra-group variability, reanalysis
without the mixed cells revealed comparable results (Supplementary
Fig. 11F–I). In summary, our sc-hPTM method recapitulated the
expected hyperacetylation effect of NaBut treatment using this ana-
lysis. Importantly, despite the relatively homogenous characteristics of
HeLa cells within an in vitro system, the single-cell resolution revealed
heterogeneous responses of individual cells to NaBut treatment.

Differential hPTM regulation induced by HDAC inhibitor treat-
ment revealed by covariance analysis
The single-cell resolution of our sc-hPTM data has the potential to
study the covariance of hPTM abundances and identify patterns of
hPTM regulation in different biological contexts, such as modules of
co-regulation thatmay indicate a shared function of a group of hPTMs.
Importantly, this type of analysis is not possible in bulk data, as it is
often masked by the averaging effect (Supplementary Fig. 11D). To
perform hPTM covariance analysis, we correlated the relative abun-
dance of each modified peptidoform with one another across the sin-
gle cells and analyzed the resulting significant correlations (p-
value < 0.05; see “Methods” section). It is important to note that
because our MS-based bottom-up approach reflects the global profile
of hPTMs within each cell, it does not offer single-molecule or single-
nucleosome resolution to study the co-occurrence of hPTMs and is
limited to the constraints of the proteolytic fragments produced by
the digestion of histone tails. Thus, our covariance analysis is limited
by the indirect correlations made between global hPTM levels. The
resulting covariance matrices for the control (Fig. 6A, lower-left tri-
angle; 125 significant correlations) and treated groups (Fig. 6A, upper-
right triangle; 151 significant correlations)were hierarchically clustered
relative to the control group (Supplementary Data 3). In the control
group, this analysis revealed a module of positively correlated acety-
lated peptidoforms composed of H3K18ac and the majority of di-, tri-,
and tetra-acetylated H4 peptides. Interestingly, these acetylated pep-
tidoforms share a common association with open chromatin and gene
expression3. In contrast, H3K9me and the H3K9me3K14ac bivalent
mark were negatively correlated with the aforementioned cluster of
acetylated peptidoforms, which corresponds to their known associa-
tions with inactive chromatin (Fig. 6A, lower-left triangle)54,55.

We then compared the covariance matrices of the control and
treated group, which were found to be significantly different
(Mantel’s test, p-value = 9.99 × 10−5) with a shift towards positive
correlations in the treated group (Supplementary Fig. 12C). We
checked if this was related to increased peptidoform variance, but
found no difference (Supplementary Fig. 12B). Thus, the shift
towards more positive correlations in the treated group suggests
that under normal conditions, a role of HDACs are to suppress
positive coordination between hPTMs. An example of this can be
seen from the increased correlation between H3K23ac and H3K14ac
in the treated group relative to the control group (Fig. 6B). This was
orthogonally validated via flow cytometric immunostaining of
intracellular H3, H3K23ac, and H3K14ac epitopes, providing single-
cell measurements with robust statistical power derived of tens of
thousands of cells (Supplementary Fig. 13; see “Methods” section).
On the contrary, a significant loss of correlation was found between
H4K5acK8acK12ac and H4K5ac in the treated group relative to the
controls, which suggests that the coordinated acetylation of these
mono- and tri-acetylated H4 peptidoforms is dependent on
HDACs (Fig. 6C).

To obtain a complementary perspective of hPTM covariance, we
visualized histone PTM–PTM correlations as networks for the control
and treated groups, respectively (Fig. 6D, E). This revealed patterns of
hPTM co-regulation bothwithin (intra-) and across histone tails (inter).
For example, an increase in intra-H3 co-regulation was observed in the
treated groups as compared to the control group, which supports a
regulatory role of HDACs to suppress intra-hPTM crosstalk (Fig. 6D).
Interestingly, highly connected hPTM hubs potentially indicating
central regulatory roles, such as H4K5acK16ac or H3K9meK14ac, were
more prevalent in the treated group as compared to the control
(Fig. 6E). Taken together, the analysis of how hPTMs indirectly interact
or co-regulate, and how this changes across different biological con-
texts, will contribute to deciphering the histone code that was hypo-
thesized over 20 years ago2.

Discussion
This study presents an innovative MS-based workflow that enables
comprehensive and accurate profiling of hPTMs at single-cell resolu-
tion, termed sc-hPTM (Fig. 1A). We successfully identified 67 histone
peptidoforms encompassing 25 individual hPTMs; of which at a mini-
mumof 44were confidently quantified. Comparatively, in bulk histone
analysis via LC-MS/MS, approximately 200–300 histone peptidoforms
are typically identified28,50,56,57. Our workflow constitutes a significant
advance over previous antibody-based single-cell epigenomic
approaches, which are limited in the number of targets and prone to
cross-reactivity.Moreover, ourmethodology enables the identification
and quantification of less common PTMs beyond currently available
antibodies, such as H3K23su and H3K27hib, or previously unrecog-
nized modifications (i.e., histidine methylation on H2A as demon-
strated in bulk analysis58).

Fig. 3 | Low technical noise allows for analysis of hPTM biological cell-to-cell
variability. A, B CV of histone peptidoform relative abundances for histone stan-
dard technical replicates within each batch (intra-) (A) and across the batches 1–3
(inter-) (B). For results using raw MS1 intensities see Supplementary Fig. 8A, B.
Statistics: for number of injections analyzed in each group per batch see Supple-
mentary Fig. 5B. Boxplots show the median (center), the 25th and 75th percentiles
(bounds), and whiskers extending to the most extreme data points within 1.5× IQR;
points beyond whiskers are plotted individually as outliers. C CV of histone pep-
tidoformrelative abundances for 10pg histone standard technical replicates across
batches 1–3 compared to bulk technical replicates of HeLa cells (Sidoli et al. A49;
Sidoli et al. B50) and processing replicates of cell lines treatedwith DMSO in the NIH
LINCS (Dele-Oni et al.33). Histone peptidoforms were filtered to match those
quantified in each respective study (Supplementary Table 2). Statistics: histone

standard 10 pg (all panels)n = 12, Sidoli et al. A49Helan = 5, Sidoli et al. B49Helan = 4,
Dele-Oni et al. (LINCS)33 n = 3; boxplots show themedian (center), the 25th and 75th
percentiles (bounds), and whiskers extending to the most extreme data points
within 1.5× IQR; points beyondwhiskers are plotted individually as outliers.DCV of
histone peptidoform relative abundances for 10pg histone standard compared to
single cells across batches 1-3 and matched by 39 peptidoforms. Statistics: histone
standard 10pg n = 12, single cells n = 22; two-sided paired Wilcoxon test,
****p ≤0.0001; boxplots show the median (center), the 25th and 75th percentiles
(bounds), and whiskers extending to themost extreme data points within 1.5× IQR.
E, F CV of histone peptidoform relative abundances ranked from highest to lowest
amongst single-cells from batches 1–3, shown with technical noise (E) and after
removal of technical noise (i.e., cell-to-cell variation) (F). Source data are provided
as a Source Data file.
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The single-cell resolution of our method allowed us to further
dissect the heterogeneity of chromatin dynamics in response to the
HDAC inhibitor NaBut. Although this treatment is known to induce
histone acetylation to activate gene expression, we identified an

unexpected subpopulation of cells with a hPTM profile suggestive of
chromatin silencing (Fig. 5E). It will be interesting for future studies to
elucidate what factors might lead to the development of this sub-
population of cells. In addition, differential hPTM covariance analysis

Fig. 4 | Classification of single cells following HDAC inhibitor treatment.
A Schematic overview of experimental design. After HDAC inhibitor treatment,
control and treated cell suspensions are mixed 1:1 to create the ‘mixed’ group,
where the label of each cell was unknown. For plate layout, see Supplementary
Table 2. Created in BioRender. Cutler, R. (2025) https://BioRender.com/hit8jl5.
B PCA of histone peptidoform relative abundances for single-cell injections. Note
that samples from benchmarking experiments were included to increase the
number of control cells. For details, see Supplementary Fig. 9G.C PCAof single-cell
injections as in (B), but using the summarized relative abundances of H4 peptide
acetylation (i.e., mono, di, tri, and tetra) instead of individual hPTMs. These sum-
marized relative abundances were used for classifying the mixed cells into control
and treated groups as shown in (D). D Results of mixed cell classifcation shown as

a heatmap with hierarchical clustering of scaled H4 peptide acetylation summar-
ized relative abundances (Z-score). Cells are shown incolumns, and summarizedH4
PTMs are shown in rows. A description of the annotation rows at the top of the
heatmap starting from the 1st row andmoving down to the 4th row is as follows: 1st
row: batch each cell was prepared in; 2nd row: labels of cells that are known used to
train and test the k-nearest neighbors (KNN) classifier, as well as validate the
accuracyof thepredictions; 3rd row: randomassignment of cellswith knowngroup
(control or treated) to training (50%) and test (50%) groups to assess KNN classi-
fication accuracy; 4th row: predicted labels of mixed cells using KNN classification.
E PCA, as shown in (B), with mixed cells now classified as control or treated as
predicted by KNN classification as shown in (D).
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revealed a strengthened positive correlation between H3K23ac and
H3K14ac in response to the NaBut treatment (Fig. 6B and Supple-
mentary Fig. 13F). These orthogonally validated results support pre-
vious findings implicating p300/CBP as the common lysine
acetyltransferase to target these histone PTMs59, as well as results
demonstrating that a positive cross-talk between these histone PTMs

can be attributed to binding of the DPF subunit of the MORF complex
to acylated H3K14, promoting H3K23ac60. Thus, differential hPTM
covariance analysis has the potential to shed light on how epigenetic
networks are rewired in development and disease.

In contrast to traditional bulk or low-input analysis, we utilize
excess sample preparation reagents to account for the low sample
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concentration, bypass histone extraction, and prepare the entire cell
contents to minimize adsorptive losses. Intuitively, histone extraction
may lead to increased sensitivity by reducingbackground interference.
However, introducing this step is infeasible for single-cell amounts due
to the centrifugation step required32. In addition, bypassing histone
extraction allowed for the analysis of other proteins within the same
cell, providing simultaneous insights into cellular processes and their
relation to the histone code (Supplementary Fig. 10). Advances in
instrumentation have recently allowed the detection of protein PTMs
using standard SCP workflows, including histone modifications due to
their relatively high abundance in the cell61,62. While these publications
are excellent proofs of concept for selected PTMs, they have intrinsic
limitations, including the reduced coverageof detectable peptides due
to trypsin digestion without derivatization. Although the use of pro-
pionylation in our sc-hPTM method provides good histone coverage,
employing phenyl isocyanate for secondary histone propionylation
could further enhance the detection of short hydrophilic peptides and
low-abundance acetylations, such as H3K27Ac and H3K36Ac15,63.
Moreover, detection of long, hydrophobic peptides may be improved
by using RgpB (also known as Gingipain or GingisREX, GRX), an ArgC-
specific enzyme that eliminates the need for lysine derivatization.
However, GRX digestion fails to retain shorter H3 and H4 N-tail pep-
tidoforms, which are biologically significant64. In addition to optimiz-
ing sample preparation, we aim to increase the analysis throughput by
employing isotopic multiplexing and targeted MS acquisition, such as
parallel reaction monitoring (PRM)35,65. We expect that very short
gradients, such as 5min, will be feasible whilemaintaining comparable
sensitivity, potentially allowing the analysis of hundreds of cells per
day35,65.

In contrast to existing single-cell methods for hPTM analysis,
which are exclusively antibody-based, our MS-based method enables
the detection of co-occurring histone modifications, or combinatorial
histone marks. We anticipate that technological developments to
reduce input requirements for middle-down and top-down MS
approaches will enhance the detection of combinatorial PTMs by
analyzing longer peptides or intact histone proteins and thus preser-
ving spatial relationships between the modifications. Combinatorial
hPTMpatterns are thought to play a crucial role in establishing distinct
chromatin states and recruiting chromatin-modifying enzymes. How-
ever, accurate quantification of combinatorial hPTMs from bulk
injections is challenged by cell-to-cell heterogeneity. Our sc-hPTM
method has demonstrated that specific histone peptidoforms, such as
H3K9me2K14ac and H3K9me3K14ac (Supplementary Fig. 3D), are
relatively abundant in single cells, which has the potential to shed light
on the role of chromatin domains decorated by both silencing and
activating marks. We identified H4K5acK12ac as having the largest
variation amongst HeLa cells in culture, which is likely due to its known
role in chromatin condensation during mitosis, as cells in these

experiments were not synchronized by cell-cycle51,66. In contrast, the
lack of variation in H2AJK5acK9ac is poorly studied, butmay represent
a stable epigenetic modification in proliferating cells in culture
(Fig. 3F). Such insights into the cell-to-cell variability of the epigenetic
landscape have important implications forunderstandingmechanisms
of cellular proliferation, differentiation, adaptation, disease progres-
sion, and aging.

While the intricate combinatorial complexity of the histone code
allows for billions of combinations of hPTMs, the comprehensive and
reproducible fragmentation patterns generated with DIA enable the
relative comparison of these hPTMs across large sample numbers.
However, manual peak picking (e.g., due to identical mass shifts of
certain PTMs that result in isobaric peptidoforms) is a major bottle-
neck as it is time-consuming and requires in-depth knowledge of his-
tone peptides. At present, only a limited number of tools, such as
EpiProfile46, which is specifically designed for data produced by a
Thermo Fisher Scientific MS instrument, can automatically process
histone DIA data. Thus, the development of dedicated computational
tools tailored for the analysis of histone diaPASEF data from Bruker
instruments will be an important step towards increasing the accessi-
bility and scale of this approach. We anticipate that especially shorter
gradients will benefit from current ion mobility prediction tools67–69,
capable of accurately predicting highly modified peptidoforms to
improve the confident and streamlined interpretation of convoluted
sc-hPTM data70. While the present study was conducted on a single
cultured cell model, future validation in primary tissues and hetero-
geneous samples (e.g., organoids and biopsies) will be needed to
establish broader applicability and translational relevance.

In conclusion, this study presents a robust and versatile MS-based
workflow, sc-hPTM, toprofile the histone code at single-cell resolution.
We provide unprecedented insights into the epigenetic heterogeneity
within cell populations, and we envision that this method will open
avenues for investigating the role of the histone code in diverse bio-
logical processes and diseases.

Methods
Cell culture
LowpassageHeLa cells (ATCCCCL-2) were grown as adherent cultures
in Eagle’s Minimum Essential Medium (ATCC 30-2003) supplemented
with 10% fetal bovine serum (Thermo Fisher Scientific A5256801) and
1% penicillin-streptomycin (Thermo Fisher Scientific 15140122) in
10 cm dishes (Thermo Fisher Scientific 172931) at 5% CO2 and 37 °C.
Cells were passaged at 70–80% confluence every 3 days. For drug
treatment studies, freshmediumwas supplemented with either 1× PBS
(Thermo Fisher Scientific 10010023) as a vehicle control or sodium
butyrate (Sigma-Aldrich 303410) at a concentration of 5mM. The
treatment was administered for 24 h, after which the cells were har-
vested for single-cell isolation and downstream sample preparation.

Fig. 5 | HDAC inhibitor treatment induceshistone hyperacetylation andcell-to-
cell chromatin heterogeneity. A Differential abundance of modified histone
peptidoforms relative abundances in single cells for treated vs. control compar-
ison. For the table of full results, see Supplementary Table 4. Statistics: control
n = 35, treated n = 29; two-sided Wilcoxon test with Benjamini–Hochberg multiple
testing correction. Red points are peptidoforms that are significantly differentially
abundant (adjusted p-value <0.05).B,C Summarized relative abundances of global
PTMs (B) and H4 peptide acetylation (C) in single cells for control and treated
groups. Statistics: control n = 35, treated n = 29; two-sided Wilcoxon test with
Benjamini–Hochberg multiple hypothesis correction, adjusted p-values were
1.26 × 10⁻¹⁴ for 0-ac, 0.0534 for mono-ac, 2.16 × 10⁻¹⁶ for di-ac, 7.48 × 10⁻¹³ for tri-
ac, and 1.59 × 10⁻¹¹ for tetra-ac, 1.07 × 10⁻⁷ for ac, 5.08 × 10⁻¹¹ for me, 0.0211 for
me2, and 0.00018 for me3; p-value legend: *p ≤0.05, **p ≤0.01, ***p ≤0.001,
****p ≤0.0001. Boxplots show the median (center), the 25th and 75th percentiles

(bounds), and whiskers extending to the most extreme data points within 1.5× IQR;
points beyond whiskers are plotted individually as outliers. D Heatmap and hier-
archical clustering of modified histone peptidoform scaled relative abundances
(Z-score) that were significantly differentially abundant (adjusted p-value <0.05)
between treated vs control groups as determined in (A). Single cells are shown in
columns and histone peptidoforms are shown in rows. Peptidoforms are grouped
by histone proteins (left side). E Sub-clustering results of treated group as shown in
(D, right side), showing 2 subclusters (A and B) of cells identifiedwithin the treated
group and the modified histone peptidoforms that are significantly differentially
abundant (adjusted p-value < 0.1) between the subclusters. Subclusters were
identified at the 2nd level of the hierarchical clustering tree shown in (D, top-right).
Statistics: two-sided Wilcoxon test with Benjamini–Hochberg multiple testing
correction. For full subcluster differential abundance results, see Supplementary
Fig. 11E and Supplementary Table 6. Source data are provided as a Source Data file.
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Fig. 6 | Differential hPTM crosstalk induced by HDAC inhibitor treatment
revealed by co-variation analysis. A Covariance matrix of modified histone
PTM–PTM correlations derived from histone peptidoform relative abundances.
PTM–PTM correlations for the control group are shown in the lower-left triangle,
and the upper-right triangle are PTM–PTM correlations for the treated group.
Colored boxes indicate Significant Pearson R correlation coeeficients (p-value
< 0.05). Correlations of H3K23ac vs. H3K14ac and H4K5acK8acK12ac vs. H4K5ac,
which are significantly altereddue toNaBut treatment (adjustedp-value < 0.05), are
highlighted in the control (blue dashed outline) and treated (red dashed outline)
groups. Statistics: significance of Pearson R correlation coefficients was tested
using a two-sided t-test; Significance of differential Pearson R correlation coeffi-
cients was tested using a permutation test with 10,000 permutations (see “Meth-
ods” section). For a table of Pearson R correlation coefficients p-values, see
SupplementaryData 3. For full results and tableofdifferential PearsonR correlation
coefficient testing between treated vs. control groups, see Supplementary Fig. 12C,
D and Supplementary Data 3. B Correlation of H3K23ac vs. H3K14ac histone pep-
tidoform relative abundances in the control (left) and treated (right) groups was

found to be significantly different (adjusted p-value < 0.0001) between the groups.
Statistics: same as in (A). Control: R =0.23, p =0.19; Treated: R =0.63, p =0.00027.
Shaded areas represent 95% confidence intervals of the fitted linearmodel.C Same
as in (B), but for H4K5acK8acK12ac vs. H4K5ac whose correlation was significantly
different (adjusted p-value <0.0001) between the groups. Statistics: same as in (A).
Control: R =0.54, p =0.00089; Treated: R =0.13, p =0.5. Shaded areas represent
95% confidence intervals of the fitted linear model.D, E Network diagrams derived
from covariance matrices as shown in (A), showing the significant Pearson R cor-
relation coefficients (p-value < 0.05) of modified histone PTM–PTM correlations
(edges) for each of themodified peptidoforms (nodes). The control group is shown
in (D) and treated in (E). Node size represents node degree (i.e., number of sig-
nificant correlations), node color represents mean relative abundance amongst all
cells in control and treated groups, edge color represents absolute correlation
coefficient, and edge width represents the scaled correlation coefficient (see
legend on left side). Statistics: same as in (A). Source data are provided as a Source
Data file.
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Cell isolation
Prior to harvesting, cells were washed with ice-cold 1× PBS. Cell
detachment was achieved by treating the cells with 1mL of trypLE
(Thermo Fisher Scientific 12604013), followed by incubation at 37 °C
for 3–5min. The cells were washed two times with ice-cold 1× PBS,
centrifuged at 500×g for 5min at 4 °C, and the cell pellet was resus-
pended in ice-cold 1× PBS and strained using a 40 µm cell strainer
(Millipore Sigma CLS431750), followed by centrifugation and washing.
Cell concentration was determined using a Countess™ 3 Automated
Cell Counter (Fisher Scientific AMQAX2000) to obtain a 200 cells/µL
suspension. Cells were kept on ice prior to cell sorting.

Single-cell isolation and histone peptide preparation
All reagents were prepared fresh on the day of sample preparation.
Each experiment (including sample preparation) were performed on
separate days, which constituted a batch. For each batch, cells are
isolated into a 384-well plate, which is then subject to histone peptide
preparation. A type 1 piezo dispense capillary (Cellenion) was used for
cell sorting and liquid handling within the cellenONE (Cellenion). All
workflow steps outside of the cellenONE were done in a sterile cell
culture hood with laminar air flow. Custom scripts were written within
the cellenONE software for each step of the process (see ‘Code Avail-
ability’). One microliter of lysis reagent (0.2% dodecyl maltoside,
Thermo Fisher Scientific 89902 in 1M TEAB, Millipore Sigma 18597)
was dispensed to respective wells of the 384-well plate (Thermo Fisher
Scientific AB1384) using an electronic multichannel pipette (Sartorius
LH-747321) and then placed in a 384-well plate holder in the cellenONE
at 4 °C. A 1 pg/nL bovine histone standard (Sigma-Aldrich H9250)
suspension in 1× PBS was degassed on ice for 10min, and indicated
amounts (i.e., 10, 20, 40, 80, and 100 pg) were dispensed using the
‘Reagent_Dispense’ program (Supplementary Table 1). Following this,
the plate was sealed (Thermo Fisher Scientific AB0626), vortexed for
5 s, and centrifuged at 500×g for 30 s. To filter out dead cells during
cell sorting, DAPI stain (Thermo Fisher Scientific D1306) was added to
the cell suspension prior to sorting at a concentration of 1 µg/mL,
followed by degassing on ice for 10min. Live single cells (DAPI-) were
sorted into the plate using the ‘cellenONE_Basic_WithscanFields’ pro-
gram, where images of each isolated cell were acquired to verify suc-
cessful isolation (Supplementary Fig. 1A–D and Supplementary
Tables 1 and 3). For the 100-cell samples, the original cell suspension
was resuspended in lysis reagent at a concentration of 100 cells/µL and
manually dispensed 1 µL into the specified wells (Supplementary
Tables 1 and 3) and were prepared identically to single-cell injections.
The plate was then sealed, vortexed for 5 s, and centrifuged at 500×g
for 30 s.

The 10× propionylation reagent (25% propionic anhydride, Sigma-
Aldrich 240311 in acetonitrile Sigma-Aldrich 34851) was degassed on
ice for 10min. Nozzle parameters, i.e., voltage, pulse, and delay
(400ms), were tuned to account for the low viscosity of the propio-
nylation reagent to obtain a stable drop (Supplementary Fig. 1E). The
‘Derivatization_Dispense’programwas thenused todispense 100nLof
propionylation reagent to obtain a final concentration of 1X in each
well. The plate was then sealed, vortexed for 5 s, and centrifuged at
500×g for 30 s. Images of wells were acquired to confirm successful
reagent dispense (Supplementary Fig. 1F, G). The plate was then
incubated at room temperature for 30min, followed by drying inside
the cellenONE for 10–15min at 50 °C. One microliter of master mix
reagent (3 ng/µL trypsin Gold Promega V5280, 0.2U/µL Benzonase®
Nuclease Millipore E1014, 0.01% ProteaseMAX™ Promega V2071, and
1M TEAB) was dispensed into wells. The plate was then sealed, vor-
texed for 5 s, and centrifuged at 500×g for 30 s. The sealed plate was
placed back into the cellenONE and incubated for 2 hours at 50 °C
using the ‘Digestion_Incubation’ program. Following the incubation,
the plate was centrifuged at 500×g for 30 s to pull down any con-
densation. The plate was then placed back into the cellenONE for

the 2nd round of derivatization, as described above. Finally, deriva-
tized and digested histone peptides were diluted by dispensing 2.9 µL
of dilution solution (0.1% Trifluoroacetic acid, Sigma-Aldrich T6508,
5% DMSO Thermo Fisher Scientific 85190, mass spec grade H2O,
Sigma-Aldrich 900682) using an electronic multichannel pipette.
The plate was then sealed, vortexed for 5 s, and centrifuged at 500×g
for 30 s. Prepared plates were stored at −80 °C until LC-MS/MS
analysis.

Intracellular immunohistochemistry
Isolated cells were incubated with 1:5000 fixable viability stain (BD
Biosciences 565388) in 100 µL dPBS for 30min on ice, followed by a
PBS wash (5min, 500×g). Then, cells were fixed and permeabilized
using the Intracellular Flow Cytometry Kit (Methanol) (Cell Signaling
13593), followed by a wash in PEB buffer (PBS supplemented with 0.5%
BSA and 2mM EDTA; 8min, 500×g).

For intracellular staining, cells were incubated with 1:50 anti-
H3K23ac for 45min in 300 µL PEB (Thermo Fisher Scientific, BS-3774R)
and then washed with PEB (5min, 500×g). This was followed by
staining with 1:1000 Alexa Fluor 555–conjugated secondary antibody
for 30min in 300 µL PEB (Thermo Fisher Scientific A-21428) and then
washed 2× with PEB (5min, 500×g). Cells were then stained with 1:50
conjugated anti-H3 (Cell Signaling 82952) and 1:50 conjugated anti-
H3K14ac (Cell Signaling 26828) in parallel for 45min in300 µL PEB, and
then washed with PEB (5min, 500×g). Finally, 30min before flow
cytometry analysis, cells were incubated with 1:1000 FxCycle (Invi-
trogen R37166).

For compensation and gating controls, single-stained controls
were prepared in parallel, which included: unstained, viability only
(using cells heated at 55 °C for 15min to induce cell death), FxCycle
only, anti-H3 only, anti-H3K14ac only, anti-H3K23ac only, and Alexa
Fluor 555-conjugated secondary only. We also included a control
where staining was performed with the conjugated antibodies anti-H3
and anti-H3K14ac with the Alexa Fluor 555-conjugated secondary to
ensurenominimal cross-reactivity between theprimaryand secondary
antibodies.

Flow cytometry analysis
Cells were analyzed on a Cytek Aurora spectral flow cytometer
equipped with 405 nm, 488 nm, and 561 nm lasers. Acquisition was
performed using SpectroFlo software (version 3.3.0) for spectral
unmixing and autofluorescenceextraction. Single-staining controls (as
described above) were used to build a robust unmixing matrix, and
single-cell level compensated parameters were exported in the CSV-
channel format with the FlowJo software (version 11). Following this,
downstream analysis was performed using a custom R script (version
4.5.1), including: (1) quality control to remove debris, cell doublets,
dead cells, and outliers based on H3, H3K23ac, H3K14ac, and FxCycle;
(2) cell cycle analysis; (3) differential abundance comparing control
and treated populations; and (4) histone PTM–PTM covariance ana-
lysis (see ‘Code Availability’).

LC-MS/MS
Each batch of injections (i.e., a 384-well plate containing prepared
histone peptides) was acquired using a Vanquish Neo UHPLC system
(ThermoFisher Scientific) coupled to a timsTOFUltra (Bruker Daltonik
GmbH). The contents of each well within the 384-well plate were
defined as an injection, which consisted of blanks, cells, or histone
standards. Peptides were separated on an Aurora Ultimate (25 cm×
75 µM, 1.7 µm particle size and 120Å pore size IonOpticks AUR3-
25075C18-CSI) integrated emitter column and eluted over a 30-min
window using the following gradient: 5–23% Solvent B (0.1% formic
acid Sigma-Aldrich F0507, acetonitrile) in 25.7min, 23–35% Solvent B
in 2.6min and 35–45%Solvent B in 1.7min, at a flow rate of 200 nL/min.
The actively acquired sample plate was stored in the Vanquish Neo
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autosampler at 7 °C. To minimize evaporation, injections were
unsealed for 12 h of measurement time, and the entire sample volume
was injected for every analytical run.

For the dia-PASEF acquisition, full MS data were acquired in the
range of 100–1700m/z and 1.3 1/K0 [V-s/cm−2] to 0.6 1/K0 [V-s/cm−2].
DIA windows ranged from 300m/z to 1000m/z with 30 Th isolation
windows and were acquired with ramp times of 200ms. High sensi-
tivity detection for low sample amounts was enabled without dia-
PASEF data denoising. The collision energy was ramped as a function
of increasingmobility, starting from20 eV at 1/K0 [V-s/cm−2] to 59 eV at
1.6 1/K0 [V-s/cm−2].

Histone peptide identification and quantification
Peptide identification andquantificationwereperformedusing Skyline
(version 22.2) as previously described in ref. 12. Briefly, ArgC was used
as thedigestion enzymedue topeptidederivatization. Charge states +1
and +2were considered for precursor ions, and charge states +1 and +2
were considered for product ions. All sidechainmodifications were set
as variable modifications, and a maximum of four modifications were
allowed to occur on any peptide. Propionyl on K and the N-terminus
were set asfixed. Importantly, Skyline only allows onemodificationper
amino acid. However, a first position K can present a propionyl on the
N-terminus and a variable modification on the side chain. To allow for
multiple modifications per amino acid, new modifications were
defined by combining the mass of propionyl groups with all possible
side chain modifications. Next, a FASTA database containing all his-
tone variants and all possiblemodifiedhistoneArgCpeptideswas used
to create a target library in Skyline, as previously described in ref. 13.
Shared peptides between different histone variants were given names
of both histone variants. The staggered windows used for diaPASEF
acquisition (as described in the previous section) were set as the iso-
lation scheme. Raw diaPASEF data of the 100-cell and 100 pg histone
standard injections were used to manually curate a reference for
single-cell injections. Thiswasdonebasedon the alignment ofMS1 and
MS2 XICs, relative retention time differences expected between
unmodified andmodified peptides, and filtering for unique transitions
(if applicable). Peptides that could not be confidently identified were
filteredout for further analysis. One Skylineproject containing 100-cell
samples was used to create a spectral library to facilitate peak picking
for all single-cell injections and additional separate projects per batch.

Peak picking was limited to scans within 2min of the MS/MS ID in the
spectral library, with manual adjustment if needed. Each identified
peptide was validated against signal absence in injections containing
no cells and peak alignment with the histone standard and the 100-cell
injections.

Isobaric histone peptide identification and quantification
Histone H4 contains isobaric peptides that do not separate chroma-
tographically (Supplementary Fig. 3A). Thus, we deconvoluted the
MS1 signal intensity using a combination of unique fragment ions for
each peptidoform (Supplementary Fig. 3B) as has been previously
described46. All fragment ion intensities unique for the isobaric peptide
were summed, and the contributing proportion of that isobaric pep-
tide to all fragmentswas calculated. The relative proportion of isobaric
peptides that contain a unique combination of fragment ions is cal-
culated through their proportion relative to the sum of all the
fragment ions of that peptide. The relative contribution of all
isobaric peptides totals to the MS1 intensity of the respective isobaric
peptide. These calculations can be expressed as the following set of
equations.

For a set of n isobaric peptides (P1, P2,…, Pn), where P1 has unique
fragments and P2 to Pn have a unique combination of fragments:

MS1deconvoluted Pi

� �
=MS1originalProp Pi

� �
ð1Þ

Where

Prop P1ð Þ= UF P1ð Þ
TF P1ð Þ ð2Þ

Thus, for i = 2 to n:

PropðPiÞ= 1� Prop P1ð Þð Þ*
UCF Pið Þ
TF Pið Þ

Pn
j = 2

UCF Pjð Þ
TF Pjð Þ

ð3Þ

Given: MS1original = Original (convoluted) MS1 signal,
MS1deconvoluted(Pi) = Deconvoluted MS1 signal for peptide I,
Prop(Pi) = Proportion of signal attributed to peptide I, UF(Pi) = Sum of
unique fragment intensities for peptide I, UCF(Pi) = Sum of unique
combination fragment intensities for peptide I, and TF(Pi) = Sum of all
fragment intensities for peptide i.

Derivatization efficiency analysis
We obtained estimates for propionylation derivatization efficiency
for single and 100-cell injections by extracting various forms of
the H3.1 9–17 peptide, which is easily detected in all injections56,71.
To calculate this, we extracted the MS1 areas of the fully propiony-
lated peptide (ArgC digest with propionylation on lysine and N-ter-
minus), under propionylated in the 1st round (Trypsin digest with
propionylation on lysine and N-terminus), under propionylated in
the 2nd round (ArgC digest with propionylation on lysine), under
propionylated in the 1st and 2nd rounds (Trypsin digest with no
propionylation), and over propionylation (ArgC digest with propio-
nylation on lysine, tyrosine, and N-terminus). Propionylation deri-
vatization efficiency was then calculated as the percent of the
peptide not correctly propionylated (i.e., the under- or over-
propionylated forms) using the unnormalized MS1 intensities in the
following equation:

Cell filtering
Our ‘one-pot’histonederivatization protocol enabled the evaluationof
the global ‘background’ proteome to determine sample preparation
dropouts prior to dedicated hPTM quality control filtering (Supple-
mentary Fig. 10A). To account for any errors that may have occurred
during the histone peptide preparation, the distribution of unnorma-
lizedMS1 intensities for blank and single-cell injections are plotted and
then used to calculate the median absolute deviation (MAD) for each
injection relative to all cells in the given analysis. We then used a
dynamic threshold to exclude cells, whichwas based on theMADvalue
that was sufficient to exclude all the injections containing no cells. This
threshold varied from MAD>0.8 in the analysis, which included
injections from batches 1–3, to MAD> 1 in the analysis that included
batches 1–5 (Supplementary Figs 6A, 9A).

To account for variation in derivatization efficiency thatmay have
occurred during the histone peptide preparation, we calculated and
plotted the propionylation derivatization efficiency (i.e., percent of
histone peptides that were under- and overpropionylated) for single-
and 100-cell injections as described in the previous section. We then
used this to calculate the MAD for each injection relative to all cells in

1� Intensity of correctly propionylated peptide
ðIntensity of correctly propionylated peptide+ Intensity of incorrectly propionylated peptideÞ
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the given analysis, and then used a MAD threshold > 2 to exclude
cells (Supplementary Figs. 3F, 9E).

Peptidoform filtering
Histone peptides that were only detected in their unmodified form
were removed, as both unmodified and modified forms are needed to
calculate hPTM relative abundance (described in the following section).
For peptidoforms withmultiple precursor charges (e.g., +2 and +3), the
peptidoform with the charge state that showed a lower median
MS1 signal intensity across all single cells in the analysis was removed.
Peptidoforms that were not detected in greater than 50% of injections
were removed due to inconsistent detection. Peptidoforms with a
median MS1 intensity in single-cell injections that was not at least 150%
greater than the median MS1 intensity in injections containing no cells
were removed due to low signal intensity (Supplementary Fig. 3D).
Peptidoforms that resulted in low (median R <0.8) or insignificant
correlations (p-value > 0.05) when calculating their respective titration
curves were removed due to lack of quantifiability (Supplementary
Fig. 4A). The peptidoforms and the reasons they were filtered out for
each of the analyses can be found in Supplementary Data 2.

hPTM relative abundance normalization
To calculate the hPTM relative abundance, for each histone peptide,
the MS1 intensity of the unmodified and modified peptidoforms was
dividedby the sumof unmodified andmodifiedpeptidoforms (e.g., for
H2A1 4–11, H2A1K5unK9un andH2A1K5acK9unwereused to create the
peptide ratio), followedbya Log(1 + x) transformation (Supplementary
Figs. 6B, 9B). Single PTM ratios were calculated by summing the pep-
tide ratios for every unique modification at their respective amino
acids within a peptide (e.g., H3K9ac =H3K9acK14un +H3K9acK14ac).
Global PTM ratios were calculated by summing the PTM ratios for each
unique modification (e.g., ac =H3K9ac +H3K14ac +H4K8ac + etc.).
The summarized H4 acetylation PTM ratios were calculated by sum-
ming the peptide ratios of peptides containing 0 (Unmodified), 1
(Mono-Acetylation), 2 (Di-Acetylation), 3 (Tri-Acetylation) acetylations,
or 4 (Tetra-Acetylation) (e.g., mono =H4K5acK8unK12unK16un +
H4K5unK8acK12unK16un +H4K5unK8unK12acK16un +
H4K5unK8unK12unK16ac).

Batch correction
The presence of batch effects was determined by performing PCA and
then through qualitative examination of the first 2 principal compo-
nents and their correlation to batch identities (Supplementary
Figs. 6C, 9G). The removeBatchEffect function from the limma
package72 was then used to correct for the observed batch effect while
preserving the effects due to differences in treatment.

Single-cell vs 100-cell bulk comparisons
The 100-cell bulk and single-cell injections from batches 1–3 were
processed through our quality control filtering, normalization, and
batch-correction pipeline as described above. Themean hPTM relative
abundance was calculated across all single cells to create ‘pseudobulk’
samples.

Technical and biological noise analysis
To define technical noise, bovine histone standard injections from
batches 1–3 were processed through our quality control filtering as
described above. The CVs of hPTM relative abundances were calcu-
lated within each batch (intra-) or across batches (inter-). Single-cell
level 10 pg histone standards were compared to external datasets,
including histone peptide ratio data of bulk technical replicates
derived fromHeLa cells (Sidoli et al. A49: 5 replicates, 16 peptidoforms;
Sidoli et al. B50, 4 replicates, 12 peptidoforms) and level 3 normalized
data (Light(PTM)/Heavy(PTM) divided by Light(NORM)/Heavy
(NORM)) of processing replicates for cell lines in the NIH LINCS

(3 replicates, 29 peptidoforms) (https://panoramaweb.org/lincs_
pccse_gcp_2020.url33,73). For both external datasets, peptidoforms
were matched to those identified in histone standard injections. CVs
were then calculated for the matched peptidoforms (Supplementary
Table 2) of the technical replicates in the external datasets relative to
the inter-batch CV of the respective peptidoforms of the histone
standards in the current dataset.

To define biological noise, single-cell injections from batches 1–3
were processed through our quality control filtering as described
above, and the CVs of hPTM relative abundances were calculated. To
remove technical noise, the variance of each peptidoform derived
from the 10 pgbovine histone standard injectionswas subtracted from
the respective variances of peptidoforms in the single cell injections.
Following this, the square root of the adjusted variance of each pep-
tidoform is divided by its respective mean to obtain the CV after
technical noise removal (i.e., biological noise). Peptidoforms with
greater technical noise than the sum of biological and technical noise
were discarded from downstream analyses.

Cell classification analysis
Single-cell injections from batches 1–5 were processed through our
quality control filtering pipeline as described above (Supplementary
Fig. 9). PCA of single cells was performed using the PCAtools
package74, where hPTM relative abundances were centered and scaled.
SummarizedH4 acetylation relative abundances (i.e., 0,mono-, di-, tri-,
and tetra-acetylation) were calculated as described above. Following
this, PCA was performed on the centered and scaled summarized H4
acetylation relative abundances. The heatmapof thiswasplotted using
the ComplexHeatmap package75, where hierarchical clustering was
performed on the rows (collapsed H4 acetylations) and columns (sin-
gle-cell injections). To classify mixed cells (i.e. those where the group
was unknown), either the control or treated groups, we trained and
evaluated a K-nearest-neighbors (KNN) classifier based on the sum-
marized H4 acetylation relative abundance Z-scores. To evaluate the
KNN classifier, cells from the control and treated groups were ran-
domly split 50:50 into training and test groups, where k = 2. Following
this, all cells from the control and treated groupswere used to train the
classifier and this was then used to classify the mixed cells into the
control or treated groups. The predicted labels (control or treated) of
the mixed cells were then used in the downstream analyses.

Differential abundance analysis
Single-cell and 100-cell injections from batches 1–5 were processed
through our quality control filtering pipeline as described
above (Supplementary Fig. 9). For 100-cell injections, hPTM differ-
ential abundance (4 treated vs 8 control samples)wasperformedusing
an unpaired two-sided t-test followed by Benjamini–Hochberg multi-
ple hypothesis correction. For single-cell injections, hPTM differential
abundance (29 treated vs 35 control cells) was performed using an
unpaired Wilcoxon rank sum test followed by Benjamini–Hochberg
multiple hypothesis correction. Following this, the relative abun-
dances of hPTMs that were identified to be significantly differentially
abundant between the treated and control groups (adjusted
p-value < 0.05)were centered and scaled (Z-scores) and thenplotted as
a heatmap using the ComplexHeatmap package75, where hierarchical
clustering was performed on the rows (peptidoforms) and columns
(single cells) within each group. Differential abundance analysis of
relative abundances for global PTM and collapsed H4 acetylation PTM
relative abundances for single-cells and 100-cell injections was per-
formed using an unpaired Wilcoxon rank sum test.

Sub-clustering analysis
Following single-cell hPTM differential abundance analysis and hier-
archical clusteringof the significantly differentially abundant (adjusted
p-value < 0.05) peptidoforms, 2 subclusters were identified at the 2nd
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level of the hierarchical clustering tree which were labeled ‘A’ and ‘B.’
hPTMdifferential abundance analysis (5 cells in subcluster A vs 24 cells
in subcluster B) was performed using an unpaired Wilcoxon rank sum
test followed by Benjamini–Hochberg multiple hypothesis correction.
Following this, the relative abundances of hPTMs that were identified
to be significantly differentially abundant between the A and B sub-
clusters (adjusted p-value < 0.1) were scaled and centered (Z-scores)
and then plotted as a heatmap as described above.

hPTM covariance analysis
For each treatment group (29 control cells and 35 treated cells), a
covariance matrix was calculated for all pairs of modified peptido-
forms to obtain Pearson R values of each PTM–PTM correlation, and
the significance of the correlations was estimated using a two-sided t-
test. The lower triangle of each covariancematrix was visualized using
the corrplot package76, where only significant correlations (p-value <
0.05) were shown. Comparison of treated vs control covariance
matrices at the global level was performed usingMantel’s permutation
test with 10,000 permutations. Comparison of treated vs control
PTM–PTMcorrelations at the peptidoform level was calculated as Log2
fold changes, and p-values were estimated using a permutation test
followed by Benjamini–Hochberg multiple hypothesis correction.
Following this, scatter plots of hPTM relative abundance for PTM–PTM
correlations that were found to be significantly different in the treated
vs control comparison were plotted, where Pearson R correlation
coefficients were calculated, and p-values of these correlations were
estimated using a two-sided t-test.

Cell–to-cell variation analysis
Single-cell injections from batches 1–5 were processed through our
quality control filtering pipeline as described above (Supplementary
Fig. 9). For each treatment group (29 control and 35 treated), pairwise
Euclidean distance based on the relative abundance of all modified
peptidoforms was calculated for all pairs of cells within each group.
The distribution of pairwise Euclidean distances was then compared
between treated vs control groups, and the significance of this com-
parison was estimated using a two-sided t-test.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The raw mass spectrometry-based proteomics data generated in this
study have been deposited in the MassIVE database under accession
code MSV000094801. Source data is publicly available and has been
deposited in figshare at https://doi.org/10.6084/m9.figshare.
3040320177.

Code availability
The code used to develop the perform the analyses and generate
results in this study is publicly available and has been deposited in
Github at, https://github.com/cutleraging/single-cell-histone-ptm
under an MIT license. The specific version of the code associated
with this publication is archived in Zenodo and is accessible via https://
doi.org/10.5281/zenodo.1728224078.
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