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Abstract 

Background:  Recent advances in instrument sensitivity and sample preparation 
techniques are significantly improving the ability to study the heterogeneity of cell 
populations at the single-cell level by mass spectrometry-based proteomics. Inte-
grating multiple layers of cellular data offers additional and yet unexplored insights 
in single-cell proteomics. In regenerative research, cardiomyocyte proliferation driven 
by the overexpression of the Myc transcription factor has been described, however, it 
has not yet been investigated at single-cell resolution.

Results:  By using an optimized adult cardiomyocytes isolation procedure from mouse 
models and taking advantage of the integrative capabilities of the iSanXoT application, 
we are able to minimize batch effects and cell size-related biases, obtain quantitative 
subcellular compartment information and detect protein alterations within subcellu-
lar compartments, as it had not yet been defined for this methodology. This approach 
enhances data quantification accuracy and facilitates biological interpretation. We show 
that the Myc transcription factor switches the expression profile of metabolic enzymes 
and expands a subpopulation of adult cardiomyocytes with a pro-regenerative signature.

Conclusions:  We demonstrate that different layers of information can properly pat-
tern the proteomic phenotype of single-cells. The analysis of single-cardiomyocyte 
data with the integrative statistical framework of iSanXoT provided important clues 
to understand the impact of Myc transcription factor in provoking different immaturity 
and pro-regenerative signatures in adult mouse cardiomyocytes. The cellular hetero-
geneity exerted by mouse cardiomyocytes upon Myc overexpression demonstrates 
the relevance of conducting regenerative studies at the single-cell level for precisely 
defining the amplitude of this response in the heart.
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Background
High-throughput single-cell strategies have become a powerful tool for identifying cel-
lular populations in various biological contexts. Unlike bulk analyses, which provide an 
average signal that may mask individual cell diversity, single-cell data enable the detec-
tion of heterogeneity within the same kind of cells. Single-cell transcriptomics has been 
the most commonly used approach for characterizing individual cells and mapping dis-
tinct populations based on RNA expression profiles [1–3].

Mass spectrometry-based single-cell proteomics is emerging as an alternative tool 
to discern subpopulations of cells. Progress in instrument sensitivity and in sample 
preparation approaches are enhancing our ability to study cellular heterogeneity at the 
protein level with increasing throughput and depth [4–9]. Single-cell proteomics infor-
mation can reveal functional cell clusters that may not correlate with those defined 
by the mRNA profile [6, 10, 11], providing complementary information about cellular 
heterogeneity.

To correctly interpret single-cell proteomics data various stages of the experimental 
workflow are relevant, including cell isolation, sample preparation, data acquisition, and 
analysis [12]. The ScopeMS and Scope2 sample preparation methods offer increased 
sensitivity and coverage taking advantage of multiplexing by introducing an isobaric 
labelled “carrier proteome” [4, 5, 10]. However, multiplexing inherently introduces batch 
effects that need to be removed before cell clustering. Data interpretation can also be 
biased by cellular characteristics, such as cellular size. Typically, transcript expression 
or protein abundance values normalized to each cell or to total experimental count are 
used for cellular clustering analyses [4, 10, 13–16]. However, this procedure does not 
necessarily remove the batch effect or discern whether the observed changes arise from 
diversity in cell size or represent true abundance differences between the cells [17]. In 
the field of single-cell proteomics, choosing the adequate strategy to normalize the pro-
tein abundance data is essential to elucidate the biological origin of the observed differ-
ences. This problem has not been adequately addressed yet in literature.

In this work, we evaluate the performance of iSanXoT [18] to analyze single-mouse 
cardiomyocyte data. iSanXoT is a user-friendly and fully customizable application 
based on the SanXoT package [19], that enables sequential processing of quantitative 
mass spectrometry data at any user-defined level using the Generic Integration Algo-
rithm (GIA). At each integration step, the GIA models the variance structure of quan-
titative variables and applies standardization, including normalization, by transforming 
them into Z-values. The Systems Biology Triangle (SBT) algorithm [20] included within 
iSanXoT also opens the possibility to incorporate additional tailored layers of infor-
mation, such as subcellular compartmentalization of proteins. This is a novel concept 
in data handling that to our knowledge has not been applied in the field of single-cell 
proteomics.

We applied iSanXoT to study cellular heterogeneity in single adult cardiomyocytes 
with or without overexpression of the transcription factor Myc. In mammals, the regen-
erative capacity of the heart is restricted to a very narrow post-natal window. Cardiac 
damage suffered after the regenerative window is closed results in irreversible loss of car-
diomyocytes, due to their inability to divide [21]. Recent studies show that overexpres-
sion of the transcription factor Myc promotes cardiomyocyte proliferation, potentially 
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enhancing regenerative capacity [22]. However, the effects of Myc overexpression are not 
necessarily homogeneous across the cardiomyocyte population and whether pro-regen-
erative sub-populations of cardiomyocytes exist in the adult mammalian heart remains 
unknown. Myc overexpression has been linked to several cellular phenomena, including 
a metabolic switch that may support a pro-regenerative phenotype [23] and a cardiomy-
ocyte size reduction [24, 25]. We leverage this well-established effect to validate our ana-
lytical approach, testing it at the single-cell level in the context of the cellular, molecular 
and metabolic changes induced by Myc overexpression in cardiomyocytes. Only a lim-
ited number of studies have applied single-cell proteomics to cells isolated from tissue, 
while the majority of single-cell proteomics studies have focused on cells isolated from 
cultured samples [16, 26–29]. This study is among the first of its kind in the field [16, 26], 
and the first to apply single-cell proteomics to a large population of genetically modi-
fied mammalian cardiomyocytes directly isolated from the heart, representing a novel 
approach in regenerative cardiovascular research.

Results
Analysis of single‑cell proteomics data using iSanXoT mitigates batch effects 

and compensates for cell size variations

Currently, addressing batch effects and cell size effects remains an open challenge in sin-
gle-cell proteomics [12, 17, 30, 31]. To evaluate the effectiveness of iSanXoT in handling 
these factors, we generated proteomics data on control and Myc-overexpressing adult 
cardiomyocytes, obtained by using a previously reported genetic mouse model [24, 32]. 
We first performed a pilot experiment comprising 48 control and 48 Myc-overexpress-
ing cardiomyocytes (dataset 1, [33]). To ensure cell viability, these cells were manually 
isolated (Fig. 1a and “Methods” section) and subjected to protein extraction and diges-
tion. The resulting peptides were labelled with 10-plex TMT (Fig.  1b), following two 
experimental designs for tag randomization (Fig. 1c).

Analysis of raw reporter ion intensities revealed that TMT-channels containing con-
trol cardiomyocytes consistently showed higher intensities than those containing Myc-
overexpressing cardiomyocytes (Fig. 1d), indicating higher protein amounts in control 
cardiomyocytes. This observation is also evident when comparing median intensity val-
ues across control and Myc-overexpressing cardiomyocytes (Fig. 2a). These results are in 
good agreement with the differences in cell size observed by optical microscopy (Fig. 1e), 
where control cardiomyocytes appear consistently larger than Myc-overexpressing ones, 
as previously described [24, 25]. Therefore, these results suggest that the raw proteomics 
data reflect cell size differences between the two cell groups.

Besides the cell size-related bias, unsupervised Principal Component Analysis (PCA) 
using the raw reporter ion intensities also revealed a strong TMT batch effect influenc-
ing cell distribution (Fig. 2b and c and Additional file 1: Fig. S1a showing the rest of the 
principal components) that required a proper normalization. This TMT batch effect 
reflects the compilation of cells in different groups of TMTs, where each of them con-
tains 8 different cells labelled with different reporter channels that are procesed and ana-
lyzed together in the same LC–MS run. TMT channel was not driving the clustering of 
cells as it is seen in Additional file 1: Fig. S2. Cell size and TMT batch effects explained 
around 33% and 50% of data variance, respectively, according to Limma analysis (Fig. 2g 



Page 4 of 31Marín‑Vicente et al. Genome Biology          (2026) 27:206 

Fig. 1  General overview of our single-cardiomyocyte proteomics workflow. a Scheme of the methodological 
procedure followed for single-cardiomyocyte isolation and sample digestion. b Diagram of the steps for TMT 
labelling and data analysis of samples after digestion. TMT-isobaric labelled samples are multiplexed prior 
sample desalting and data acquisition by LC–MS. c Design A and B for TMT labelling of single-cardiomyocytes 
and booster channel. In the pilot analysis, 12 different 10-plex TMTs were used. d Median values of reporter 
ion intensities for single-cardiomyocytes in two experimental examples of Design A and Design B. Each bar 
represents the median values of reporter ion intensities of one cell. e Optical images of tissue sections from 
control and Myc-overexpressing hearts, along with quantification of cardiomyocyte cell area [25]
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Fig. 2  Normalizing strategies for analyzing mass spectrometry-based single-cell proteomics data. a 
Violin plots showing the log10 transformed median values of proteins in control and Myc-overexpressing 
cardiomyocytes with non-normalized data. b PCA distribution of cells based on non-normalized protein 
expression values highlighting the cell type as control and Myc-overexpressing cardiomyocytes. c PCA 
distribution of cells based on non-normalized protein expression values highlighting the TMT where each 
cell belongs to. d Violin plot showing the Zqall median values, where Zqall represents the relative abundance 
changes of proteins, comparing control and Myc-overexpressing cardiomyocytes. e PCA representing the 
separation of control and Myc-overexpressing cardiomyocytes based on Zqall values. f PCA representing the 
separation of cardiomyocytes based on Zqall values and indicating the TMT in which each cardiomyocyte 
was analyzed. In every section, violin representations include the median values of 503 proteins out of 48 
control cardiomyocytes and 48 Myc-overexpressing cardiomyocytes. PCA representations include the 48 
control cardiomyocytes and 48 Myc-overexpressing cardiomyocytes used in the violin plots. Comparison 
between groups was performed by Student’s t-test. (****: p < 0.0001). In this analysis, 12 different 10-plex 
TMTs were used. PERMANOVA analysis in the absence of normalization shows that F-value = 2.67 and 
p-value = 0.001. PERMANOVA analysis after applying iSanXoT shows that F-value = 4.05 and p-value = 0.001. 
g Limma analysis has been applied to analyze the influence of the cell size on the variance of protein values 
along samples when using non normalized data or data normalized by iSanXoT. h Limma analysis has been 
applied to analyze the influence of TMT batches on the variance of protein values along samples when data 
are non normalized or normalized by iSanXoT. For the cases where data are normalized by iSanXoT and 
explained variance is close to 0, p-value based on permutation test is computed to evaluate whether the 
explained proportion is significantly different from 0. In both cases, p-value > 0.05 (p-value = 0.961 (cell size), 
p-value = 1 (TMT)). See also Additional file 1: Figs. S1 and S3
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and h). Current strategies in the field typically rely on normalizing data either by cellular 
protein abundance or by the total protein abundance across each experimental batch, a 
problem highlighted in several publications [12, 16, 30, 31, 34]. When normalizing by 
cellular protein abundance (i.e. by total reporter ion intensities within each cell), the dif-
ference between median protein abundances of control and Myc-overexpressing cardio-
myocytes was corrected, and cell size explained only 2% of the median variance of the 
data (Additional file 1: Fig. S3a and S3g); however, the TMT batch effect found in PCA 
analysis remained (Additional file 1: Fig. S3b and S3c, S3h and Fig. S1c showing the rest 
of the principal components). The batch effect caused by TMT explained around the 
65% of the variance found in the data (Additional file 1: Fig. S3h). To analyze whether the 
normalized data could differentiate the two cell populations according to their multivari-
ate composition, we performed a PERMANOVA. This analysis indicated that separation 
between control and Myc-overexpressing cardiomyocytes was not significant (F = 0.704, 
p-value = 0.765). On the other hand, we tried to adjust for TMT batch effects by nor-
malizing to the total protein abundance of all channels included within the same TMT 
batch. With the resulting data, unsupervised PCA showed separation between control 
and Myc-overexpressing cardiomyocytes in some components (Additional file 1: Fig. S3e 
and Fig. S1d showing the rest of the principal components), and PERMANOVA indi-
cated that the separation between cell groups was significant (F = 2.67, p-value = 0.001). 
However, Limma analysis showed that around 40% and 45% of data variance was 
explained by cell size and TMT batches, respectively (Additional file 1: Fig. S3g and S3h), 
indicating that these effects were not corrected. The fact that the difference between the 
median protein abundance values of control and Myc-overexpressing cardiomyocytes 
remained significant (Additional file 1: Fig. S3d) suggested that cell separation in Addi-
tional file 1: Fig. S3e was primarily driven by cellular size.

In an effort to eliminate cell size and batch biases, we took advantage of the advanced 
capabilities of iSanXoT built-in GIA for data standardization [18] (see “Methods” sec-
tion for further details about the steps followed by iSanXoT). Since this package has 
been never applied before to single-cell proteomics data, we first analyzed whether 
this statistical framework was adequate to model this kind of data. We first confirmed 
that the variance calibration module of iSanXoT [18] was able to adequately model the 
distribution of scan variances (Additional file 1: Fig. S4a). We then integrated quantita-
tive data in each cell from scan to peptide, from peptide to protein and from protein 
(q) to grand mean (all), finding that in all cases the distribution of Z values had a good 
agreement with the expected standard distribution N(0, 1) (Additional file 1: Fig. S4b). 
Besides, the residual variances obtained at each of the integration steps were similar 
to those obtained when performing conventional proteomics analysis (see for instance 
[35]) (Additional file 1: Fig. S4b, violin plots). These data showed that iSanXoT was able 
to accurately model quantitative results from single-cell proteomics data.

When analyzing the median standardized Z values at the protein level (Zqall) no signif-
icant differences between control and Myc-overexpressing cardiomyocytes were found 
(Fig. 2d), while cell size and TMT batch effects were significantly reduced, explaining less 
than 5% of the data (Fig. 2e, f, g, h and Additional file 1: Fig. S1b). Besides, a permutation 
test showed that these variances were not significantly different to zero (p-value = 0.961 
for cell size and p-value = 1 for TMT batch effects) (see captions in Fig. 2), suggesting 
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that the remaining contribution of these variances were negligible. Using Zqall values, 
we found a clear separation of both types of cardiomyocytes specially driven by principal 
component 3 (Fig. 2e and Additional file 1: Fig. S1b) and PERMANOVA indicated that 
the separation between the two cell groups was significant (F = 4.05, pvalue = 0.001). 
Overall, these results suggest that the variance standardization algorithm of the GIA is 
particularly efficient to normalize quantitative data for single-cell proteomics, being able 
to avoid both batch and cell size effects.

The method for isolating cardiomyocytes is critical in single‑cell proteomics

Once we validated iSanXoT as an adequate quantitative workflow to process single-cell 
data using the pilot dataset [33], we analyzed its performance for the analysis of a larger 
dataset (analytical dataset, [36]). Due to the high number of cells that are required in 
single-cell analyses, automated isolation methods are preferable. Among these, cell isola-
tion using conventional fluorescence-activated cell sorting (FACS) is the most popular 
method. However, adult cardiomyocytes are cell types of relatively large size, and their 
isolation using FACS has been reported to have limited efficiency and to provoke stress 
to the cardiomyocytes during the procedure [37, 38]. For this reason, we decided to com-
pare the single-cell proteomics results obtained using either automated FACS-isolation 
or a manual isolation that ensures cardiomyocyte integrity prior to their lysis (Fig.  1a 
and “Methods” section for details). These two methods were tested on cell populations 
composed each one by 56 control and 56 Myc-overexpressing cardiomyocytes (datasets 
2 for FACS isolation [39] and 3 for manual isolation [36]), see “Methods” section for 
details). Single-cell proteomes were obtained and processed with iSanXoT, as above. 
The results showed that control and Myc-overexpressing cardiomyocytes isolated by 
FACS were not separated by unsupervised PCA (Fig. 3a), and PERMANOVA indicated 
that the separation was not significant (p-value = 0.184). In contrast, the PCA analysis 
on manually-isolated cells was able to separate the two conditions (Fig.  3b) and PER-
MANOVA statistics were statistically significant (p-value = 0.001). Evaluation of data 
showed that average of number of peptides and proteins per cell, percentage of missing 
values and the number of proteins present in at least 70% of cells was similar in both 

(See figure on next page.)
Fig. 3  Comparison of two strategies for isolating single-cardiomyocytes. a PCA representing the separation 
of control and Myc-overexpressing cardiomyocytes isolated by FACS-sorter. b PCA representing the 
separation of control and Myc-overexpressing cardiomyocytes manually isolated. 948 common proteins 
to both separation techniques have been compared considering their identification in at least 16 cells, 
that would include proteins present in at least 1 TMT per condition. Metaboanalyst filters out proteins with 
constant imputed values under standard deviation and mean filtering criteria. Each PCA representation 
includes 56 control and 56 Myc-overexpressing cardiomyocytes. A total of 14 different 10-plex TMTs 
were used in each of the analyses. The 10-plex TMTs used in the manual isolation were included in the 
final analytical dataset. PERMANOVA test results: In Fig. 3a, F-value = 1.72 and p-value = 0.184. In Fig. 3b, 
F-value = 31.741 and p-value = 0.001. c and d Violin plots showing the distribution of Zqall values of proteins 
related to fatty acid oxidation that show to be discriminant in the differential analysis when manual isolation 
of cardiomyocytes is conducted. c Represents the case when FACS isolation is applied and d when manual 
isolation is performed. e Violin plots showing the distribution of the differential reporter ion intensities when 
comparing control and Myc-overexpressing cardiomyocytes isolated with FACS or manually. In all cases, 
control cells are represented in violet and Myc-overexpressing ones in green. Comparison between control 
and Myc-overexpressing groups was performed by Student’s t-test (*: p < 0.05; ***: p < 0.001; ****: p < 0.0001). f 
and g Volcano plots where discontinuous lines separate discriminant proteins when isolating cells by FACS (c) 
or manually (d) (thresholds: pvalue < 0.05 and fold change (FC) > 2)
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manual and FACS isolation methods (Additional file  1: Table  S1). However, the num-
ber of proteins present in 100% of cells differed significantly, being 32 when isolating 
by FACS and 223 when isolating manually, suggesting that manual isolation was more 
reproducible (Additional file  1: Table  S1). In addition, differential expression analysis 
showed that FACS-isolated cardiomyocytes can be discriminated with a lower number 
of proteins than when comparing control and Myc-overexpressing cardiomyocytes iso-
lated manually (Fig. 3f and g). Finally, since beta oxidation of fatty acids is known to be 
the primary metabolic pathway that provides energy to adult cardiomyocytes and that is 

Fig. 3  (See legend on previous page.)
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reduced upon Myc overexpression [23], we took this already validated fact as a hallmark 
and inspected the behaviour of these proteins in the two isolation procedures. We found 
that representative fatty acid oxidation-related proteins showed low- or non-significant 
changes when comparing both types of cells isolated by FACS; however, all these pro-
teins showed highly significant changes when comparing manually isolated cells (Fig. 3c 
and d). These results suggest that FACS isolation may introduce cellular variations that 
hinder the distinction between the two cell types during subsequent analysis.

One possible explanation is that FACS affects cell integrity. To evaluate this factor, we 
analyzed the overall distribution of non-normalized reporter ion intensities; we found 
that the values in FACS sorted cells were significantly smaller than those produced in 
manually isolated cells (Fig. 3e), suggesting a perturbation of the cell size that may inter-
fere with the analysis. Overall, these comparisons evidence the considerable impact that 
the method of cell isolation has on the generation of biologically interpretable single-cell 
proteomics data.

Myc overexpression reduces fatty acid oxidation proteins in adult cardiomyocytes

After establishing a procedure for cardiomyocyte isolation and data processing, we 
applied the overall workflow to an analytical set [36] composed by 323 control and 324 
Myc-overexpressing manually isolated cardiomyocytes and initially analyzed them as 
a pseudobulk, that is, comparing the two experimental groups, one of control and one 
of Myc-overexpressing cardiomyocytes. We quantified a total of 1624 proteins in the 
single-cell analytical dataset [36], from which 754 proteins were quantified with two or 
more peptides and 483 proteins were quantified in at least 30% of cells. We quantified an 
average of 440 proteins per cell. The median Zqall values produced by iSanXoT showed 
no significant difference between control and Myc-overexpressing cardiomyocytes and 
Limma analysis showed a neglible impact of both cell size and TMT batch on data vari-
ance, demonstrating again that iSanXoT efficiently corrects for cell size and TMT bias 
(Fig. 4a and f ). The PCA analysis detected a tendency to separate both cell types (Fig. 4b), 
and PERMANOVA analysis reported the group separation as significant (F = 9.81, 
p-value = 0.001). Differential expression analysis showed that fatty acid oxidation cat-
egory emerges as a biological process when comparing control and Myc-overexpressing 
cardiomyocytes, validating the known effect of Myc on adult cardiomyocytes metabo-
lism (see protein lists in Zenodo link [40]). The separation between the two complete cell 
groups was clearly observed by a supervised multivariate analysis such as Partial Least 
Squares Discriminant Analysis (PLS-DA) (Fig.  4c). This supervised strategy is com-
monly used for feature selection and classification to highlight the differences between 
cell groups since it leverages covariance structure across proteins, detecting coordinated 
changes that univariate tests may miss [41–43]. The separation obtained under the PLS-
DA analysis suggests the presence of proteins that can distinguish between both pre-
defined groups of cells. To control potential overfitting of the model, cross-validation 
analysis was performed, showing consistent R2 and Q2 values across components, with 
Q2 exceeding 0.54 and closely tracking R2. The Q2 curve plateaued after two compo-
nents, indicating stable predictive performance without overfitting. The classification 
accuracy increased smoothly from 0.69 (1 component) to 0.93 (5 components), sup-
porting a well-generalized model (Additional file 1: Table S2). We extracted the proteins 
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that contributed to this separation based on their PLS-DA VIP scores (113 proteins, see 
correspondant file in Zenodo link [40]) and performed functional interaction network 
analysis to investigate their nature. Besides other typical processes known to be involved 
in cardiomyocyte biology, such as cytoskeleton organization or cardiac muscle contrac-
tion, we observed that fatty acid beta-oxidation was one of the categories that discrimi-
nate both types of cardiomyocytes (Fig. 4d and Additional file 1: Fig. S5a). Among the 
proteins belonging to this category, 10 of them were discriminant proteins when com-
paring control and Myc-overexpressing cardiomyocytes and were identified in 100% of 
the cells; these proteins were consistently found at statistically significant lower levels in 
Myc-overexpressing cardiomyocytes (Fig. 4e). This decrease in fatty acid beta-oxidation 
proteins reproduces at the basal level the observed metabolic pattern described in pre-
vious studies following Myc overexpression in mouse hearts [23]. Hence, the proposed 
workflow for single-cell proteomics generates results that are consistent with the known 
effect of Myc in changing the canonical metabolism of adult hearts. The clear separation 
between the cell groups in the PLS-DA analysis also suggests that the overexpression of 
Myc consistently induces this profile change in a majority of cardiomyocytes.

Analysis of protein changes in reference to cellular compartment increases the biological 

insight of single‑cell proteomics

Myc promotes mitochondrial and ribosomal biogenesis, however, the dynamics of sub-
cellular compartments and the abundance of proteins therein has not yet been studied 
at the single-cell level. We thus analyzed whether the single-cell proteomics data could 
reveal quantitative differences in subcellular compartment distributions upon Myc over-
expression in a pseudobulk analysis. Therefore, we reanalyzed the data using the Sys-
tems Biology Triangle (SBT) module within iSanXoT [18–20] which analyzes changes 
in functional categories produced by the coordinated behaviour in abundance of the 
proteins within each category. We generated a protein-to-cellular compartment (q2cc) 
relation table by matching each identified protein with the subcellular compartment 

Fig. 4  Pseudobulk analysis based on Zqall values, comparing control and Myc-overexpressing 
cardiomyocytes in the analytical dataset. a Violin plot representing the Zqall median values of the proteins 
in control and Myc-overexpressing cardiomyocytes in the analytical dataset when integrating data to all 
experiments in iSanXoT application. Comparison between groups was performed by Student’s t-test. b 
PCA distribution of control and Myc-overexpressing cardiomyocytes based on Zqall values. PERMANOVA 
test results: F-value = 9.81and p-value = 0.001. c PLS-DA distribution of control and Myc-overexpressing 
cardiomyocytes based on Zqall values. d Functional protein interaction network analysis using STRING. The 
represented proteins are the ones extracted out of the five first components of the PLS-DA analysis with 
a VIP score higher or equal to 1.5. Fatty acid beta- oxidation-related proteins are highlighted in red. e Box 
plots representing the Zqall values of the fatty acid beta- oxidation-related proteins that contributes to the 
separation of control and Myc-overexpressing cardiomyocytes and highlighted in red in 4d. Each dot in the 
box plots represents the correspondent Zqall value in one cell type. A total of 81 different 10-plex TMTs were 
used for this analysis (analytical dataset). The final analysis includes 323 control cardiomyocytes and 324 
Myc-overexpressing cardiomyocytes. Comparison between control and Myc-overexpressing groups was 
performed by Student’s t-test. (****: p < 0.0001). See also Additional file 1: Fig. S5a. f Limma analysis is applied 
to evaluate the proportion of variation explained by cell size and TMT batches. As a complement of these 
analysis where explained variance is close to 0, p-value based on permutation test is computed to evaluate 
whether the explained proportion is significantly different from 0. In both cases, p-value > 0.05 (p-value = 1 
(cell size), p-value = 1 (TMT))

(See figure on next page.)
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where it canonically localizes according to DAVID database [44, 45] (see “Methods” 
section), creating a total of 11 compartments, and executed the SBT module using this 
table (see relation table in Zenodo link [40]). This module performs, in each cell sam-
ple, GIA integrations from protein to cellular compartment and from cellular compart-
ment to the grand mean, obtaining standardized Zqcc (e.g. quantitative protein values 
standardized by cellular compartment) and Zcca values (e.g. quantitative cellular com-
partment values standardized by cell). As expected due to standardization, no statisti-
cally significant differences were observed when comparing the median Zqcc values of 
control and Myc-overexpressing cardiomyocytes (Fig. 5a). However, PCA analysis using 

Fig. 4  (See legend on previous page.)
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the individual Zqcc values revealed the existence of a principal component that clearly 
separates control and Myc-overexpressing cardiomyocytes (Fig. 5b), being this separa-
tion considerably better than that achieved when using Zqall (e.g. quantitative protein 
values standarized by cell) (compare with Fig. 4b), with PERMANOVA analysis yielding 
improved statistics (F = 11.78, p-value = 0.001). These results indicate that the analysis of 
protein changes by cellular compartment generates a different kind of information that 
is more efficient in separating the two groups of cells than analyzing protein changes 
by cell. We then performed supervised analysis of Zqcc values with PLS-DA (Fig. 5c). 
In this case, again, cross-validation showed consistent R2 and Q2 values across compo-
nents, with Q2 exceeding 0.62 and closely tracking R2; the Q2 curve plateaued after two 
components, indicating stable predictive performance without overfitting. The clas-
sification accuracy increased smoothly from 0.785 (1 component) to 0.937 (5 compo-
nents), supporting a well-generalized model (Additional file 1: Table S3). As a result of 
the PLS-DA analysis we extracted the proteins with highest VIP scores (123 proteins, see 
Zenodo link [40]). Functional analysis with these proteins also revealed that fatty acid 
beta-oxidation was a discriminant category, containing 13 proteins (compare Fig.  5d 
with Fig.  4d). As expected, Zqcc values of these proteins were decreased in a statisti-
cally significant manner in Myc-overexpressing cardiomyocytes in comparison with the 
controls (Fig. 5e). Cardiac muscle contraction was also highlighted as a differential cat-
egory (Additional file 1: Fig. S5b). Interestingly, the analysis of Zqcc values revealed new 
discriminant categories that had not been detected in the Zqall analysis, like canonical 
glycolysis (Fig. 5d and Additional file 1: Fig. S5b). Contrary to fatty acid-beta oxidation, 
proteins belonging to canonical glycolysis increase significantly in Myc-overexpressing 
cardiomyocytes (Fig.  5f ). Our data thus show that within the mitochondria there is a 
reduction of fatty acid beta-oxidation proteins concomitant with an increase in proteins 
of glycolytic metabolism in Myc-overexpressing cardiomyocytes, which correlate with 
the previously described metabolic changes upon Myc overexpression [23]. Overall, 
the results obtained by integrating protein abundance to cellular compartment indicate 

(See figure on next page.)
Fig. 5  Pseudobulk analysis based on Zqcc values, comparing control and Myc-overexpressing 
cardiomyocytes in the analytical dataset. a Violin plot representing the Zqcc median values of the proteins 
in control and Myc-overexpressing cardiomyocytes in the analytical dataset when integrating data to 
the cellular compartment where they canonically belong to, using the iSanXoT application. Comparison 
between groups was performed by Student’s t-test. b PCA distribution of control and Myc-overexpressing 
cardiomyocytes based on Zqcc values. PERMANOVA test results: F-value = 11.78 and p-value = 0.001. c 
PLS-DA distribution of control and Myc-overexpressing cardiomyocytes based on Zqcc values. d Functional 
protein interaction network analysis using STRING of the top proteins extracted out of the five first 
components of the PLS-DA analysis. The selected proteins are the ones with a VIP score higher or equal to 
1.5. Fatty acid beta-oxidation-related proteins are highlighted in red. Canonical glycolysis related proteins are 
highlighted in blue. e Box plots representing the Zqcc values of the fatty acid-beta oxidation-related proteins 
that contributes to the separation of control and Myc-overexpressing cardiomyocytes and highlighted in red 
in d. f Box plots representing the Zqcc values of the canonical glycolysis-related proteins that contributes 
to the separation of control and Myc-overexpressing cardiomyocytes and highlighted in blue in d. Each dot 
in the box plots represents the correspondant Zqcc value in one cell type. The analysis includes 323 control 
cardiomyocytes and 324 Myc-overexpressing cardiomyocytes. A total of 81 different 10-plex TMTs were 
used for this analysis (analytical dataset). Comparison between control and Myc-overexpressing groups was 
performed by Student’s t-test. (*: p < 0.05; ***: p < 0.001; ****: p < 0.0001). See also Additional file 1: Fig. S5b
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improved ability to discriminate changes in cellular functions, irrespectively from the 
global abundance of the cellular compartment.

The Zcca values obtained with the SBT algorithm collapse the information of 
the proteins canonically belonging to each cellular compartment into a standard-
ized weighted average. In other words, Zcca informs about the relative abundance 
of each subcellular compartment as a unique entity. Among the studied compart-
ments, endoplasmic reticulum, sarcomere, ribosome, nucleus and cytoskeleton 
showed a trend to increase in Myc-overexpressing with respect to control cardio-
myocytes, whereas the secreted, golgi, extracellular matrix (ECM) and cytosol com-
partments showed the opposite trend. Mitochondria and membrane showed no 

Fig. 5  (See legend on previous page.)
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significant difference (Fig.  6). These results thus confirm that Myc-overexpressing 
cardiomyocytes modify the balance between different cellular compartments, with 
an increase in protein synthesis and maturation machinery in Myc-overexpressing 

Fig. 6  Comparison of cellular compartment behaviour based on Zcca values. Violin plots representing the 
Zcca values per cell of each cellular compartment in control and Myc-overexpressing cardiomyocytes. Zcca 
value is the result of integrating cellular compartment values to the grand mean (all) using the SBT algorithm, 
performed with iSanXoT. The analysis includes 323 control cardiomyocytes and 324 Myc-overexpressing 
cardiomyocytes in each violin plot. A total of 81 different 10-plex TMTs were used for this analysis (analytical 
dataset). Comparison between groups was performed by Student’s t-test. (ECM = Extracellular matrix; 
ER = Endoplasmic reticulum). (**: p < 0.01; ***: p < 0.001; ****: p < 0.0001). See also Additional file 1: Fig. S6
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cardiomyocytes, in accordance with the known effect of Myc [46, 47] and a decrease 
in the secretion pathway related to golgi. Taken together, all these results show that 
SBT analysis offers a dual information; while Zqcc values show protein differences 
within each cellular compartment, Zcca offers information on the representation of 
the different cellular compartments within the cell. Both parameters reveal signifi-
cant differences between control and Myc-overexpressing cardiomyocytes.

A cell cluster enriched in Myc‑overexpressing cardiomyocytes shows markers 

of immaturity

Given that Zqcc and Zcca provide comprehensive and complementary information 
about the state of control and Myc-overexpressing cardiomyocytes, we used these two 
values to cluster cells following the SEURAT workflow adapted for analyzing single-cell 
proteomics data (see “Methods” section; and see code in Zenodo link [40]). Z values for 
both Zqcc and Zcca data for each cell were concatenated by row, meaning that each cell 
contained both protein and cellular compartment information, which was included as 
input for the SEURAT workflow. This joint analysis would thus help to define cell clus-
ters based both on their cellular compartment dynamics and on the protein variations 
within them. Five clusters appeared in the UMAP diagram (Fig.  7a-c). Interestingly, 
cluster 4 was composed of 90% Myc-overexpressing cardiomyocytes, whereas the other 
clusters contained a balanced proportion of control and Myc-overexpressing cardiomyo-
cytes (Fig. 7c). Cells belonging to cluster 0 exhibited higher proportion of membrane, 
endoplasmic reticulum, ribosome and cytoskeleton related proteins (Fig. 7e and Addi-
tional file 1: Fig. S6), which suggests elevated protein synthesis, maturation and trans-
port. Within cellular compartments, cluster 0 shows increased electron transport chain 
complex I proteins or mitochondrial transporters (Lists of markers related to Fig.  7d 
found in Zenodo link [40] and in Additional file 1: Fig. S7), indicating a specific mito-
chondrial protein composition in this cluster, without significant changes in relative 
mitochondrial protein content.

Cluster 1 is characterized by high proportion of sarcomere and mitochondrial content 
(Fig. 7e and Additional file 1: Fig. S6), and by protein abundance differences within the 
sarcomere-cytoskeleton and the mitochondria that, together, reflect a major specializa-
tion of these subcellular components (Additional file 1: Fig. S7). Furthermore, proteins 
related to oxidative phosphorylation, tricarboxylic acid cycle and fatty acid beta-oxida-
tion are high in this cluster, indicating that they contain working myocardium cardiomy-
ocytes, with a high production of ATP based on the oxidative phosphorylation pathway. 
Interestingly, glycolysis and lactate biosynthetic process are increased as well, suggest-
ing a mixed metabolic signature in parallel with the described cellular compartment 
alterations.

Cluster 2 is characterized by an enrichment in cell-adhesion proteins without promi-
nent alterations in metabolic markers (Additional file  1: Fig. S7). Notably, the cells 
belonging to this cluster are primarily enriched in cytosolic proteins, secreted proteins 
and ECM, being the only cell subpopulation displaying this feature (Fig. 7e and Addi-
tional file  1: Figure S6). The coordinated change in the secretory and ECM compart-
ments suggests that these cardiomyocytes are likely associated with the production and 
secretion of ECM proteins such as collagens. This evidence, together with the higher 
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expression of cell-adhesion proteins suggests that these cardiomyocytes may play a 
structural role in the heart [48–50].

Cluster 3 displays no specific alterations in subcellular compartments, but shows 
the most enriched node of fatty acid beta-oxidation proteins among all the clusters 

Fig. 7  Clustering analysis of control and Myc-overexpressing cardiomyocytes. a Results of UMAP analysis 
using Zqcc and Zcca values, where control and Myc-overexpressing cardiomyocytes are represented 
distributed in five different clusters. b UMAP diagrams showing control and Myc-overexpressing 
cardiomyocytes separately. c Representation of the proportion of control and Myc-overexpressing 
cardiomyocytes in each of the five clusters shown in Fig. 7a. (CTRL = Control cardiomyocytes; 
MYC = Myc-overexpressing cardiomyocytes). For this representation, the amount of each type of 
cardiomyocytes per cluster is normalized by the total amount of cells of each cluster. d Heat map showing 
the differential expression of the top 100 proteins contributing to the clustering of cardiomyocytes in the 
five clusters in UMAP shown in Fig. 7a (see also Additional file 1: Fig. S7). e Heat map showing the differential 
expression of the subcellular compartments analyzed per cluster. The analyses of all the items include 323 
control cardiomyocytes and 324 Myc-overexpressing cardiomyocytes. A total of 81 different 10-plex TMTs 
were used for this analysis (analytical dataset). See also Additional file 1: Figs. S7, S9 and S11-S13
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(Additional file 1: Fig. S7) indicating that it may be composed of working myocardium 
cardiomyocytes. The rest of metabolic markers resemble those of cluster 1, including an 
enrichment in glycolysis and lactate biosynthesis together with tricarboxylic acid cycle. 
However, no enrichment in oxidative phosphorylation proteins is observed in this clus-
ter, suggesting a multitasking use of mitochondria (Additional file 1: Fig. S7).

Finally, cluster 4, which is predominantly composed of Myc-overexpressing cardiomy-
ocytes, shows enrichment in proteins of glycolytic metabolism, with no altered fatty acid 
beta-oxidation (Additional file 1: Fig. S7). Lactate biosynthetic process, oxidative phos-
phorylation and tricarboxylic acid cycle appear coupled to glycolysis, suggesting that 
their energy production is mostly driven by the consumption of glucose. This cluster is 
characterized by an increase in the proportion of mitochondrial content, an aspect that 
has been described before in Myc-overexpressing cardiomyocytes [23, 47, 51] and that 
has been observed by us in P1 and adult postnatal bulk hearts (Additional file 1: Fig. S8), 
where it is also observed that this compartment increases in adult respect to P1 hearts. 
Endoplasmic reticulum, ribosomes, sarcomere-cytoskeleton or nucleus also appear as 
increased cellular compartments (Fig. 7e and Additional file 1: Fig. S6). These changes 
are consistent with an increased activity of protein synthesis, one of the Myc well-estab-
lished roles [46, 47]. In contrast with the metabolic fingerprint of cluster 1 and 3, cluster 
4 forms the most purely glycolytic subpopulation of cardiomyocytes given the absence of 
fatty acid-beta oxidation and the presence of lactate biosynthetic process together with 
canonical glycolysis markers among the discriminatory pathways (Additional file 1: Figs. 
S7 and S9).

Glycolysis and lactate biosynthesis are processes related with embryonic or early post-
natal hearts [52, 53], correlating these markers with a more immature phenotype. Inter-
estingly, Cox7a1, which is progressively activated as cardiomyocytes mature ([54] and 
Additional file 1: Figure S10a), represents a brake for regeneration in the zebrafish and 
adapts the respiratory chain to a fatty acid-based metabolism [55], is a marker for clus-
ter 1 and not for cluster 4 (Additional file 1: Fig. S7). Similarly, Cox7a2, which is pro-
gressively repressed as cardiomyocytes mature ([54] and Additional file 1: Figure S10a) 
is a marker in cluster 2 (Additional file  1: Fig. S7), reinforcing the idea that this clus-
ter does not contain fully hypertorphic working cardiomyocytes. In addition, there is a 
switch between Myosin 6 and 7 during postnatal heart development; while Myosin 6 is 
higher in adult cardiomyocytes, Myosin 7 is higher in young cardiomyocytes ([52, 53] 
and Additional file  1: Fig. S10b). Myosin 7 is strongly expressed specifically in cluster 
4 (Additional file 1: Fig. S9d). Meanwhile, Myosin 6 is a main marker in cluster 1, sug-
gesting again that this cluster is composed by cardiomyocytes with a mature phenotype 
(Additional file 1: Fig. S9d). Similarly, the relative increase in the nuclear compartment 
in Myc-overexpressing cardiomyocytes is consistent with previous observations in early 
postnatal cardiomyocytes [56] and with the increased proportion of nuclear proteins in 
P1 mouse hearts when compared with adult mouse hearts (Additional file 1: Fig. S10c). 
This is also evident when comparing control and Myc-overexpressing hearts, where 
the latter show a relative increase in nuclear compartment (Zcca) in both P1 and adult 
stages, while this value decreases with time in both heart phenotypes (Additional file 1: 
Fig. S8). Interestingly, it has been described that protein synthesis rates are among the 
lowest in mammalian adult myocardium and are downregulated compared with the 
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neonatal heart [57]. Our data suggests as well this fact when comparing the ribosomal 
levels, which are increased in Myc-overexpressing cardiomyocytes as it is seen as well 
in bulk analysis when comparing control and Myc-overexpressing mice hearts in P1 and 
adult stages. It is observed that ribosomal proteins decreases with time, however they 
tend to increase under Myc control (Additional file 1: Fig. S8). Overall, the subcellular 
and metabolic markers, together with the myosin variant profile underscore the pres-
ence of a distinct immature population promoted by the Myc transcription factor and 
represented in cluster 4 (Additional fie 1: Fig. S9).

To understand how Myc expression affects each of the defined clusters, we studied 
differential patterns at the protein and cellular compartment levels between Myc-over-
expressing and control cardiomyocytes within clusters 0 to 3. Intracluster PCA and 
PLS-DA analysis produced a clear separation between these cell types in all clusters 
(Additional file 1: Fig. S11). While clusters 0–3 showed decreased markers of fatty acid 
beta-oxidation in Myc-overexpressing cardiomyocytes (Additional file 1: Figs. S11, S12 
and S13a), clusters 1–3 showed increased markers of glycolysis (Additional file 1: Figs. 
S11, S12 and S13b). Moreover, nuclear and ribosomal compartments are increased in 
Myc when compared to control cardiomyocytes in most clusters (Additional file 1: Fig. 
S13d). Data also show that Myosin 7 tends to increase in the four clusters in Myc-overex-
pressing cardiomyocytes with respect to control ones, whereas Myosin 6 only increases 
mildly in clusters 0 and 3 (Additional file 1: Fig. S13c). These results suggest that Myc 
promotes an immature signature in all cardiomyocyte subtypes but with different effica-
cies. They also indicate that Myc expands a minoritary subtype of cardiomyocytes repre-
sented by cluster 4, or is able to reprogram cardiomyocytes from other clusters into the 
cluster 4 phenotype.

Analysis of the total cellular protein content suggested that cells in clusters 0 and 4 
have smaller size (Additional file  1: Figs. S14c and S15a, b). The smaller size is more 
prominent in Myc-overexpressing cardiomyocytes as previously described (Additional 
file 1: Fig. S16a-c) and see references [24] and [25]. Recent studies have shown a nega-
tive correlation between ploidy and the regenerative capacity of the heart [58–60]. It 
has been described that cellular protein content scales sublinearly with ploidy [61] and 
histone amount correlates with ploidy [62]. To compare cellular with histone content 
we generated a chromatin category composed by the histones identified in the analy-
sis (Additional file  1: Table  S4) and used iSanXoT to perform the protein to category 
integration. We found that the protein content of the chromatin category had the same 
behaviour across the clusters than that of the whole cell defined by the total cellular pro-
tein content (Additional file 1: Fig. S14c,d). Indeed the total cellular protein content cor-
related very well with the chromatin content (Additional file 1: Fig. S17a), in agreement 
with the known correlation between ploidy and cell size. We also found that the average 
chromatin protein content of clusters 0 and 4 was approximately two-fold lower than the 
rest of clusters, suggesting that clusters 0 and 4 had a lower ploidy (Additional file 1: Fig. 
S15d). The same decrease was observed when comparing the average total cell protein 
content (Additional file 1: Fig. S15b). Concerning the rest of cellular compartments, as 
a general trend, the distribution among clusters of their protein content followed the 
same trend than the total cellular content (Additional file 1: Fig. S14e-o) and showed a 
very clear correlation with protein content of chromatin (Additional file 1: Fig. S17b-l), 
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corroborating that ploidy controls the scaling of cellular size and organelles [61, 63–65]. 
Our data agree with previous reports describing that Myc-overexpression promotes 
lower ploidy in cardiomyocytes [25], which correlates with an improved recovery after 
infarction. These results further support the specific effects of Myc in expanding cluster 
4 cardiomyocytes and highlight their potential pro-regenerative fingerprint.

Our study underscores the relevance of studying non-normalized protein contents of 
total-cell and subcellular-compartments, the analysis of the relative abundance of each 
subcellular compartment within the cell and the relative abundance of proteins within 
their specific cellular compartment. Each of these levels provides different and comple-
mentary information that allows to better understand cellular dynamics. While global 
changes may mask subtle changes at the subcellular level, one should not disregard all 
levels of information for better profiling a cell signature. Overall, the integration of infor-
mation from different layers of proteomics data provided by the iSanXoT framework 
allowed to characterize single-cardiomyocytes with an unprecedented subcellular detail. 
Using this approach, our study identified a minoritary cardiomyocyte population with 
pro-regenerative characteristics and showed its expansion upon Myc-overexpression.

Discussion
In this work we show that the analysis of single-cell proteomics data may be improved 
using the integrative statistical framework provided by iSanXoT. This was done using 
a cell population that contains control and Myc-overexpressing mouse cardiomyocytes. 
While it is known that Myc overexpression promotes a more immature metabolism in 
adult cardiomyocytes [23], this metabolic fingerprint has never been studied before at 
the single-cardiomyocyte level. Working with single-adult cardiomyocytes is a chal-
lenging task due to the difficulty in handling these cells and also in regard to the high 
dynamic range exhibited by this cell type at the proteome level. Technically, our work 
first highlights the importance of using an appropriate method to isolate individual car-
diomyocytes for conducting single-cell proteomics. Although current publications in the 
field make use of advanced automatized cell isolation strategies for analyzing cardiomy-
ocytes, some of them compatible with sample preparation for MS analyses [16, 26], here 
we intend to highlight the need of a careful control of cell integrity when isolating single-
adult cardiomyocytes. These cells require a step-by-step controlled procedure that pre-
serves the fitness of the isolated cells to obtain robust quantitative data.

Our results also show the ability of iSanXoT to remove batch- and cell size- effects in 
single-cell proteomics data, avoiding the missinterpretation of information biased by cell 
size. Furthermore, cellular compartment-based normalization strategies have not been 
explored in the field so far. The flexibility offered by iSanXoT allows the use of the SBT 
algorithm for straightforward analysis of single-cell alterations based on protein abun-
dance within cellular compartments, and to study global changes of the compartments 
at the single-cell level. Of note, using a statistically-validated algorithm to integrate the 
quantitative protein information at the subcellular compartment level is a new concept 
in single-cell proteomics. We should note here that the canonical localization of proteins 
in the correspondant subcellular compartment is limited by the database knowledge and 
therefore may carry possible miss-assignements of some proteins in a specific context, 
for instance of proteins that traslocate to different cellular compartments.
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Our data demonstrate that integration of protein information to the cellular compart-
ment using the SBT algorithm in pseudobulk analysis detects the known effect of Myc 
overexpression in increasing ribosomal protein [46, 47], but also the down-regulation 
of fatty acid beta-oxidation and the up-regulation of glycolysis [23], which were other-
wise not detected. This metabolic fingerprint can be correlated with a pro-regenerative 
capacity in Myc-overexpressing cells, since it has been described that the inhibition of 
fatty acid beta-oxidation reactivates the regenerative capacity of the heart [66, 67] and at 
the same time the increase in glycolysis has been correlated with a higher regenerative 
capacity in Zebrafish heart [68].

Interestingly, our results show that using information about subcellular compartment 
protein abundance provides improved cell classification and a highly valuable insight 
into the biology of clustered cell subgroups. In our case, a cluster enriched in Myc-over-
expressing cardiomyocytes is shown to contain cells with increased proportions of mito-
chondrial and ribosomal content, as described for cells overexpressing Myc [23, 46, 47, 
51]. Nuclear compartment is linked as well to this cluster of Myc-overexpressing cardio-
myocytes. Interestingly, cluster 2 shows larger proportions of ECM, golgi and secretory 
pathway compartments, linking this group of cells with a role in ECM secretion, which 
has been connected to the golgi activity [69].

The clustering analysis indicated that all except one cluster show a similar propor-
tion of control and Myc-overexpressing cardiomyocytes, however, intracluster analyses 
reveal that Myc overexpression promotes a metabolic switch to immaturity. This fact 
may underlie the contradicting result that for several clusters markers of fatty acid oxida-
tion coexist with markers of glycolysis. Nonetheless, not all clusters are equally sensitive 
to Myc overexpression, with cluster 0 apparently being more resistant to it, even though 
Myc levels in the studied model have been characterized to be within physiological lev-
els, corresponding to one extra allele of Myc homogeneously expressed in the nucleus 
along all the Myc-overexpressing cardiomyocytes [24, 25].

Moreover, the clustering analysis showed that the cell cluster highly enriched in Myc-
overexpressing cardiomyocytes is characterized by canonical glycolysis as one of the 
most represented pathways, together with lactate biosynthesis and the absence of mark-
ers of fatty acid beta-oxidation. The prevalence of fetal Myosin 7 over the adult Myosin 6 
in this cluster points as well to the immaturity of this group of cells. Moreover, the lower 
DNA content shown by this group of cells correlates as well them with a pro-regenera-
tive phenotype [25, 58–60]. Two possible mechanisms can be envisioned to explain the 
expansion of cluster 4 by Myc; expansion of the naturally scarce population of cluster 4 
cardiomyocytes, or conversion of cardiomyocytes originally belonging to other clusters. 
In the case of conversion, given that ploidy reduction is unlikely to occur in cardiomyo-
cytes [70], the cluster 0 cardiomyocytes would be the most likely source, provided their 
similar ploidy to cardiomyocytes in cluster 4. The scarcity of this type of cardiomyocytes 
in wild type hearts may underlie the poor regenerative ability of the adult mammalian 
heart and our results suggest the ability of Myc to specifically expand this rare popula-
tion. Our study thus suggests different sensitivity of cardiomyocyte populations to Myc 
overexpression and specific expansion of a rare, potentially pro-regenerative cardiomyo-
cyte population.
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Overall, the methods proposed in this work allow profiling specific cardiomyocyte 
phenotypes within the heart, providing different layers of information that can help to 
better understand the nature of these cardiomyocyte subgroups and their response to 
regenerative therapies. The analytical details and precision offered by this procedure can 
be of substantial interest for defining molecular phenotypes difficult to be detected by 
current methodologies and may therefore be of general utility for single-cell proteomics 
analyses.

Conclusions
In this work we show that using optimized protocols it is possible to study cardiomyo-
cyte subpopulations by single-cell proteomics. We also show that by using integrative 
quantitative workflows to process single-cell data it is possible to add additional layers of 
information to study protein alterations within cellular compartments or the behaviour 
of the compartments themselves; these are unconventional pieces of information that 
may help to interpret these complex datasets.

Heart regeneration is a hot topic in cardiology and it is known that overexpression 
of transcription factor Myc enhances cardiomyocyte proliferative capacity. However, it 
was unknown whether all cardiomyocytes had the same response to Myc overexpres-
sion since it had not been studied yet at the single-cell level. Here we show that the indi-
vidual cardiomyocyte response to Myc is heterogeneous and promotes different degrees 
of immaturity expanding a subpopulation of purely immature pro-regenerative cardio-
myocytes, highlighting the relevance of conducting studies at the single-cell level when 
evaluating regenerative therapies. Beyond basic research, this new approach will allow 
the deep phenotypation of cardiomyopathies in humans.

Methods
Animal models

Myc-overexpressing mice lines have been previously described and characterized, where 
Myc transcription factor was knocked-in in the locus of Rosa26 allowing an homogene-
ous expression of this transcription factor in the nucleus of cardiomyocytes [24, 32, 71, 
72]. Mice were genotyped by PCR. All experiments were conducted using male wild-
type mice, aged over 14 weeks for adults and 1 day (P1) for neonatal mice. Cryo-sections 
of control and Myc-overexpressing hearts were evaluated by optical microscopy (Leica 
DM6B Upright Navigator).

Single‑cardiomyocyte isolation

For isolating single-cardiomyocytes, two methods were followed: a manual isolation genu-
inely designed in our lab for isolating single- cardiomyocytes, and a regular fluorescence-
activated cell sorting (FACS) isolation. For both methods, mice hearts (n = 2 of each mice 
type) were dissected and conveniently prepared for Langendorff perfusion after excluding 
atria [73]. In the manual isolation [33, 36], cardiomyocytes obtained after Langendorff per-
fusion were plated in a 9 cm dish containing 1 × PBS. Subsequently, cardiomyocytes were 
handled with a steripette and individually distributed in 1 × PBS droplets under the scope. 
Cell viability was checked in each droplet under the optical microscope and individual 
cells were picked up with a regular pippete in 5 µl 1 × PBS and disposed in a 96 well-plate 
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conveniently refrigerated at 4ºC. This procedure ensured single-cells were collected and no 
doublets were disposed into each well. Each well contained a volume of 15 µl HPLC-grade 
water (Sigma) for initiating the cell lysis after cell disposal. In the FACS-sorting assisted 
isolation method [39], cardiomyocytes resultant from the Langendorff procedure were 
disposed in an Eppendorf tube containing 1 × PBS. BD FACSAria Fusion cell sorter was 
used for isolating single-cardiomyocytes using the maximum 100 µm nozzle for sheath 
pressure. Convenient gating was designed for excluding doublets. Single- cardiomyocytes 
were disposed in a volume of 5 µl 1 × PBS into each 96-well plate conveniently refrigerated 
at 4ºC and containing 15 µl HPLC-grade water (Sigma) for initiating the cell lysis. Sam-
ples were frozen at −80ºC after manual and FACS sorting collection. 12 different 10-plex 
TMTs were used in the pilot analysis [33]; in the comparison of FACS (dataset 2) and man-
ual isolation (dataset3) analyses, 14 different 10-plex TMTs were used [36, 39]. The 14 dif-
ferent 10-plex TMTs analyzed in the manual isolation section (Fig. 3) were included in the 
analytical dataset where a total of 81 TMTs were included.

Preparation of single‑cell samples for mass spectrometry analysis

Cells lysates were thawed and prepared for mass spectrometry analysis equally in manu-
ally- and FACS-sorted collected cells as described in [74]. Scope-MS protocol was fol-
lowed for sample preparation [4]. Specifically, samples were sonicated for 3 min in a 
water bath sonicator (Branson 3800 ultrasonic bath) and subsequently denatured under 
95ºC for 15 min. Proteins were digested overnight with trypsin at 37ºC. Per cell, 75 ng 
of trypsin were added. After digestion, samples were labelled for 1 h with 1 ul of 85 mM 
10 plex-Tandem Mass Tag (TMT) isobaric label reagents for multiplexing [4, 5, 10]. Tag 
130 N was left empty and tag 131 was used for booster cells containing a lysate corre-
spondent to 200 cardiomyocytes composed by 100 control cardiomyocytes and 100 
Myc-overexpressing cardiomyocytes [74]. Cells for booster channel were prepared fol-
lowing the same procedure as for single cells, but adjusting trypsin values to 150 ng 
for digestion. Final concentration of 1.2% of Tri-fluoroacetic acid (TFA) was used for 
quenching the labelling reaction. Each TMT-single-cell-labelled batch was composed by 
four control cardiomyocytes and four Myc-overexpressing cardiomyocytes. For label-
ling, two designs were followed so that each type of cardiomyocyte (control or Myc-
overexpressing cardiomyocytes) was differentially labelled with alternative tags to avoid 
a biased influenced by tag type (Fig. 1c). After labelling, samples were pooled as recom-
mended by manufacturer and desalted on C18 Omix cartridges (Agilent Technologies) 
[74] (Fig. 1b). Eluted peptides were concentrated till dryness and resuspended in 0.1% 
formic acid in 2% acetonitrile (ACN) for mass spectrometry (MS) analysis.

Preparation of bulk samples for mass spectrometry analysis

Mice hearts were dissected and disrupted with Fastprep-24 ™ 5G (MP Biomedicals) in 
a lysis buffer containing 2% SDS [75, 76]. Samples were digested with trypsin (Promega) 
overnight in Pall filters (Pall Corporation) following the FASP protocol [77] and using 
a 1:30 ratio of trypsin (1 ug trypsin per 30 ug of protein) after reducing and alkylating 
with dithiothreitol (50 mM) (DTT, Sigma) and iodoacetamide (20 mM) (IAA, Sigma). 
The resulting peptides were desalted on C18 Oasis cartridges (Waters Corporation) and 
vacuum dried. The peptides were then subjected to isobaric TMT labelling following 
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manufacturer’s instructions. An internal control was constructed by pooling all the 
samples and using it as an internal reference. After labelling, samples were desalted 
on C18 Oasis cartridges. Eluted and desalted peptides were concentrated till dryness. 
Samples were re-constituted in 0.1% formic acid in 2% ACN for individual MS analy-
sis. In the case of the bulk analysis where we compared control and Myc-overexpressing 
hearts, eluted peptides were submitted to a high pH fractionation procedure following 
manufacturer´s instructions (High pH Reversed phase-peptide fractionation kit-Pierce). 
Eluted peptides from each fraction were concentrated till dryness and re-constituted in 
0.1% formic acid in 2% ACN for individual MS analysis.

LC–MS data collection of single‑cell samples

Peptides were loaded onto a 2 cm C18 trap column (ThermoFisher Scientific) con-
nected in-line to a 50 cm C18 reversed-phase analytical column (ThermoFisher Scien-
tific) with 100% buffer A (0.1% formic acid in water). Vanquish UPLC system (dataset 1, 
[33]) (ThermoFisher Scientific) or Ultimate 3000 nano UPLC system (Analytical dataset 
[36] and datasets 2 [39], for FACS isolation and 3 [36], for manual isolation) (Thermo 
Fisher Scientific) were used coupled via a nanoelectrospray ion source (ThermoFisher 
Scientific) to an Orbitrap Eclipse tribrid mass spectrometer equipped with a FAIMS Pro 
device (ThermoFisher Scientific). Peptides were eluted over a 100 min linear gradient 
of buffer B (0.1% formic acid in 80% ACN) at 200 nL/min. FAIMS was configured to 
alternate between compensation voltages of −50 V and −70 V across two consecutive 
cycles. Data were acquired following the real-time search-assisted acquisition RETI-
CLE method [78]. In this method, MS1 spectra were acquired at 120,000 resolution 
with a scan range from 375 to 1500 m/z, normalized AGC target of 300% and maxi-
mum injection time of 50 ms. Precursors were filtered with a dynamic exclusion of 120 s 
and were isolated for MS2 analysis in the quadrupole with a 0.7 Th window. Fragmenta-
tion was performed at linear ion trap (LIT) with 30 normalized collision energy by colli-
sion induced dissociation (CID) and MS2 spectra were acquired in the LIT MS2 at scan 
rate turbo. LIT MS2 spectra were subjected to real time search (RTS) using the mouse 
database obtained from Swiss-Prot with isoforms (downloaded on 05/2021) and trypsin 
set as enzyme. TMT 10-plex (+ 229.1629 Da) on lysine (K) and N-termini was set as 
static modification, and oxidation of methionine (M) as variable modification. Maxi-
mum missed cleavages were set to 1 and maximum variable modifications was set to 1. 
FDR filtering was not enabled, maximum search time was set to 40 ms and the scoring 
threshold was set to 1.4 Xcorr, 0.1 dCN, and 10 ppm precursor tolerance. Use as Trigger 
Only was checked and Close-Out was enabled with maximum number of peptides per 
protein set to 4. Subsequently, precursors identified via RTS were isolated in the quadru-
pole with a 0.7 Th window, ions were collected for a maximum injection time of 500 ms 
and normalized AGC target of 500%, fragmented with 38 normalized collision energy by 
higher energy collision dissociation (HCD) and MS2 spectra were acquired in the Orbit-
rap at 120,000 resolution with first mass set to 110 m/z [78]. MS instrument stability 
was checked by monitoring the mass accuracy of the lock mass 445.12 every second to 
ensure homogenous performance of the system for all TMT batches. The mass spec-
trometry proteomics data have been deposited to the ProteomeXchange Consortium via 
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the PRIDE [79, 80] partner repository with the dataset identifiers listed along the text 
and in the Availability of Data and Materials section.

LC–MS data collection of bulk samples

Bulk samples were acquired using an Ultimate 3000 nano UPLC system (Thermo Fisher 
Scientific) coupled via a nanoelectrospray ion source (Thermo Fisher Scientific) to a Q 
Exactive HF mass spectrometer (Thermo Fisher Scientific). C18-based reversed-phase 
separation was used with a 2-cm trap column connected in-line to a 50-cm analytical 
column (Thermo Fisher Scientific). Peptides were loaded in 100% buffer A (0.1% formic 
acid in water) and eluted with a 300 min linear gradient of buffer B (0.1% formic acid in 
80% ACN) at 200 nL/min. Mass spectra were acquired in a data-dependent manner, with 
an automatic switch between MS and MS/MS using a top 15 method. MS spectra were 
acquired in the Orbitrap analyzer with a mass range of 390–1700 m/z and 60,000 resolu-
tion, using an AGC of 3e6 and a maximum injection time of 50 ms. HCD fragmentation 
was performed at 30 normalized HCD and MS/MS spectra were analyzed at 30,000 res-
olution in the Orbitrap, using an AGC of 2e5 and a maximum injection time of 120 ms. 
The mass spectrometry proteomics data have been deposited to the ProteomeXchange 
Consortium via the PRIDE [79, 80] partner repository with the dataset identifiers listed 
in the Availability of Data and Materials Section [75, 76].

Data analysis of single‑cell and bulk samples

Single-cell and bulk raw files were submitted to Proteome Discoverer 2.5 (Thermo Fisher 
Scientific) with the built-in TMT Reporter ion quantification workflow for obtaining 
reporter ion quantification values. Default settings were applied, with trypsin as enzyme 
specificity. Spectra were matched against the 10090 Mus musculus database obtained 
from Uniprot (Swiss-Prot with isoforms for single-cell data and Swiss-Prot and TrEMBL 
with isoforms for bulk analysis (downloaded on 05/2021)). Oxidation (M) and acetyl 
on protein N-termini were set as dynamic modifications. TMT-10 plex (+ 229.163 Da) 
as tag on both peptide N-termini and Lys (K) residues was set as static modification. 
Spectra were searched using the Sequest HT search engine with 800 ppm of precursor 
mass tolerance, followed by post-processing where the false discovery rate (FDR) was 
set to 1% [81], with an additional filter for precursor mass tolerance of 15 ppm [82]. For 
the reporter ion quantification, normalization mode and scaling mode were set to None 
and average reporter s/n threshold was set to 0. Isotopic error correction was applied 
including the correspondent batch correction matrix. PSM txt files output from Pro-
teome Discoverer were analyzed in iSanXoT [18] for quantitative and statistical analysis. 
Quantitative values (referred to as X values according to iSanXoT nomenclature) were 
expressed as the 2-base logarithm of the ratio of the reporter intensity to that of an inter-
nal standard composed by a pool of all the analyzed samples, in the case of bulk data 
analysis, or to the average of the reporter intensities of all individual cells within each 
TMT, in the case of single-cell data analysis. In the timeline bulk analysis we quantified 
a total of 3400 proteins and 1724 out of them were identified with 2 or more peptides. In 
the bulk analysis where we compared control and Myc-overexpressing hearts we quanti-
fied a total of 5194 proteins and 3225 of them were quantified with 2 or more peptides.
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Quantitative analysis of single‑cell data

iSanXoT calibrates the experimental variance of the input data at the scan level [18, 
35], and the GIA algorithm within iSanXoT automatically models quantification errors 
and expresses quantitative values in terms of standardized log2-ratios (Z values) [20]. 
Briefly, iSanXoT performs several steps of iterative modelling. The first one, called vari-
ance calibration, fits the variance distribution of the quantitative data to reporter inten-
sities. Once variance is calibrated, iSanXoT computes, in each cell, weighted averages 
to integrate quantitative values at the reporter (or scan) level to obtain peptide values. 
Similarly, peptide values are integrated to obtain protein values, and protein values are 
integrated to a grand mean per each cell. Standardized Z values are computed at each 
of the levels (scan, peptide and protein) so that the transformed data are expected to 
follow a standard distribution. Thus, in the case of proteins, quantitative protein values 
are standardized by cell content (grand mean). In each integration step the variance dis-
tribution is iteratively modeled by fitting the Z values to the expected N(0,1) sigmoidal 
curve, obtaining a residual variance specific of each integration. iSanXoT automatically 
lists residual variances and generates plots to check the accuracy of the iterative model-
ling at each step and for each cell. Representative examples of calibration and integration 
plots and the distribution of residual variances are shown in Additional file 1: Fig. S4.

To generate the protein to cellular compartment relation table, a reference list of pro-
teins extracted out of the timelapse bulk analysis containing all the identified proteins in 
single-cell data has been used as a reference list. In this list, the proteins were matched to 
the canonical celular compartment where they are localized according to DAVID data-
base [44, 45]. Later, a manual curation of gene ontology terms, using information from 
Uniprot database and in some specific cases from the literature, allowed us to compile 
the information into 11 compartments. The table with the proteins and their putative 
compartment assignations is included in Zenodo link [40].

The SBT module of iSanXoT [18, 20] was used to integrate quantitative protein val-
ues to the cellular compartment where each protein was assigned, obtaining the protein 
value data standardized by cellular compartment (Zqcc). Subsequently, cellular com-
partment values were integrated to the grand mean, obtaining cellular compartment 
values standardized by cell (Zcca). For the analysis of cellular compartment and total 
cell protein abundances, Xa and Xcc values obtained from iSanXoT were used, respec-
tively, where Xcc is the weighted average of the quantitative protein values within each 
compartment and Xa is the weighted average of all the cell compartments (Xcc) values. 
Note that these X values are the ones obtained before standardization and hence are 
not normalized. Data were imputed using a constant value [83]. Interaction network and 
enrichment analysis were performed using STRING [84]. For comparing trends in the 
analytical pseudobulk strategy, median values of proteins present in at least 30% of cells 
were considered. Linear multivariate analyses such as Principal Component Analysis 
(PCA) and Partial Least Square Discriminant Analysis (PLS-DA) were conducted with 
Metaboanalyst (vs. 6.0) [85, 86] while non-linear multivariate approaches, such as Uni-
form Manifold Approximation and Projection (UMAP) is performed within SEURAT 
(vs. 4.3.0) workflow [87]. In Metaboanalyst, we applied filters based on standard devia-
tion and on mean quantitative values; since the Z data was standardized, no normaliza-
tion was required. Top ranked proteins with VIP score higher than 1.5 in the PLS-DA 
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analysis were selected for functional analysis among the first five components. Permuta-
tional Multivariate Analysis of Variance (PERMANOVA), a non-parametric multivariate 
analysis of variance based on permutation tests was applied for assessing group separa-
tion in the PCA analyses following an R code [88, 89]. As a result F-value, a measure-
ment of the between-group variance and p-value, a measurement of the significance of 
the between-groups separation is provided. The contribution of experimental covariates 
(TMT set and cell size) to the observed variance was performed by using the Limma 
package in R. For each feature we estimated the coefficient and residual variance across 
samples, and computed the proportion of variance attributable to each covariate. Pro-
portions were then summarized across all features to obtain an overall distribution of 
variance explained across samples [90–92]. To evaluate the contribution of the covari-
ates to the total variance in the proteomic dataset a linear model fitted per protein was 
used. To determine whether this proportion was significantly different from zero, a per-
mutation test was performed, where the values of the covariate were randomly permuted 
across samples for 1000 times and the proportion of variance explained was recalcu-
lated for each permutation. The p-value was estimated as the fraction of permutations 
that produced a proportion of variance greater or equal to the observed value. PLS-DA 
models were evaluated using crossvalidation analysis in Metaboanalyst (vs 6.0) to assess 
model performance together with its prediction capacity [93, 94]. For finding markers in 
the clustering analysis, ROC analysis was used and the positive elements with area under 
the curve (AUC) value higher than 0.6 were selected. In SEURAT, the data generated 
by iSanXoT were included in the scale step of SEURAT, where each included feature is 
scaled along the total number of cells. Both Zqcc and Zcca values are concatenated by 
row in the same input file for SEURAT. Chi-square test was used to evaluate the depend-
ency of the clusterization in UMAP with TMT batch. The used codes are available in the 
provided zenodo links [40, 95, 96].
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