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SUMMARY

The inability to quantify cardiomyocyte (CM) maturation remains a significant
barrier to evaluating the effects of ongoing efforts to produce adult-like CMs
from pluripotent stem cells (PSCs). Here, we present a protocol to quantify
stem-cell-derived CM maturity using a single-cell RNA sequencing-based metric
‘‘entropy score.’’ We describe steps for generating an entropy score using
customized R code. This tool can be used to quantify maturation levels of
PSC-CMs and potentially other cell types.
For complete details on the use and execution of this protocol, please refer to
Kannan et al.1
BEFORE YOU BEGIN

PSC-CMs show great potential in drug discovery, disease modeling, and cell therapy.2–4 However,

PSC-CMs are immature as they resemble early stage CMs which is a primary roadblock to their appli-

cation. These in vitro derived cells differ from endogenous CMs in their sarcomere organization,

mitochondrial density, morphology, calcium handling, and force production.5 Various strategies

have been reported to mature PSC-CMs, including electric stimulus,6–8 mechanical stretching,9,10

metabolic maturation media,11,12 neonatal incubation,13,14 extracellular matrix coating,15 cardiac

organoids,16,17 small molecule,18–20 and coculture with other cell types.21–23 However, there is no

established metric to compare maturity of PSC-CMs across studies. We previously used bulk tran-

scriptomic data to characterize the maturation level of PSC-CMs using a package called MatStat

based on CellNet.24,25 However, CMs exhibit significant diversity, necessitating the analysis of

CMs at the individual cell level. Drawing inspiration from the gene expression pattern from plurip-

otent stem cells to differentiated PSC-CMs, we created a quantitative maturation metric based on

Shannan Entropy. Using single cell RNA-seq data, subsequently, we validated that entropy scores

can robustly reflect the developmental stage of single CMs. Furthermore, we found that entropy

scores remain consistent for the same developmental stage across datasets. In addition, we provide

a high-quality primary mouse CMs reference dataset using large-particle fluorescence-activated cell

sorting (LP-FACS).26 LP-FACS can sort out healthy rod-shaped adult CMs and thus ensuring the qual-

ity of the scRNA-seq data. This reference reflects the endogenous CM development trajectory and

can be used to benchmark PSC-CMs through entropy score. Apart from PSC-CMs, immaturity of
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PSC-derived hepatocytes,27,28 pancreatic islet cells,29 neurons,30,31 and other cell types have been

reported. We found that entropy scores can be used as a maturation metric for other PSC-derived

cell types. Specifically, we used publicly available datasets of pancreatic beta cells and hepatocytes

as a proof of concept.1

The protocol below describes how to generate entropy score from scRNA-seq data of CMs. It is

important to note that a high-quality dataset is crucial for generating reliable entropy score. The

fraction of mitochondrial reads per cell is commonly used as a quality control metric with a high

percentage of mitochondria reads indicating that the cell is apoptotic and low-quality.32 However,

the median percentage mitochondria reads threshold in healthy cells may vary greatly between

samples from different time points. For example, mitochondria number and size increase during car-

diomyocyte maturation.33 Supporting this, we observed higher percentage mitochondria reads in

postnatal CMs than embryonic CMs in our original study.1 Therefore, instead of using one threshold

for all datasets, exploratory data analysis is necessary to determine a reasonable percentage mito-

chondrial read threshold for each CM scRNA-seq dataset. For other cell types, users need to estab-

lish new range of the percentage of mitochondrial reads based on available datasets. In addition,

low sequencing depth can bias entropy score and aminimum of 2000 counts/cell depth is necessary.

We found that drop-seq and single-nuclei RNA-seq or Nuc-seq data are not suitable for applying

entropy score likely due to low depth.
Software installation

Timing: 10 min

1. Download and install the most recent version of R from https://cran.r-project.org.

2. Download and install RStudio from https://www.rstudio.com/products/rstudio/download/.

Note: RStudio is not necessary for running R. However, we highly recommend using RStudio

as it is helpful for tracking variables and visualizing data.

3. Create a new R script in RStudio.

4. Install R packages from CRAN and Bioconductor using the following commands.
> install.packages("ggplot2")

> install.packages("reshape2")

> install.packages("Matrix")

> install.packages("grid")

> install.packages("stringr")

> install.packages("dplyr")

> install.packages("devtools")
5. Load all necessary packages using the following commands.

devtools::install_github("pcahan1/singleCellNet")
> library(ggplot2)

> library(reshape2)

> library(Matrix)

2 STAR Protocols 5, 103083, June 21, 2024

https://cran.r-project.org
https://www.rstudio.com/products/rstudio/download/


> library(grid)

> library(stringr)

> library(dplyr)

> library(singleCellNet)
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> library(splines)
Download associated files

Timing: 10 min

6. Create a new folder as your workspace folder.

7. Download ‘‘entropy_functions.R’’ from https://github.com/skannan4/cm-entropy-score#readme

into the workspace folder that you just created.

Note: This file includes all the functions required to run this workflow.

8. Download ‘‘clean_nodatasets_060720.RData’’ from https://www.synapse.org/#!Synapse:syn21788425/

files/ into the same workspace folder.

Note: This file is necessary for running quality control (QC) on your dataset of choice.

Optional: If you wish to run sample codes and generate graphs shown in this protocol, you can

load ‘‘clean_ 060720.RData’’ from https://www.synapse.org/#!Synapse:syn21788425/files/

into the workspace folder instead of ‘‘clean_nodatasets_060720.RData’’ using the command

shown below. This file is not necessary for generating entropy score for your datasets.

Note: ‘‘clean_ 060720.RData’’ contains a full in vivo cardiomyocyte reference dataset from

embryonic day 14 (e14) to postnatal day 56 (p56),1 which you can use to benchmark against

entropy score generated from your datasets. We also published an extended in vivo cardio-

myocyte reference from embryonic day 14 (e14) to postnatal day 84 (p84).34
> load("clean_060720.RData")
Loading R workspace

Timing: 5 min

9. Set the working directory to the workspace folder that you created in Step 6. An example com-

mand is shown below.
10. Load ‘‘clean_nodatasets_060720.RData’’ into your current workspace using the following

command.

> setwd("/Users/Desktop/Entropy/MyWorkSpace")
> load("clean_nodatasets_060720.RData")
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Optional: If you wish to reproduce graphs shown in this protocol, load ‘‘clean_ 060720.RData’’

into your workspace using the following command instead of ‘‘clean_nodatasets_060720.R-

Data’’. Please note that ‘‘clean_ 060720.RData’’ is 1.75 GB in size and thus memory-

consuming.
11. Load ‘‘entropy_functions.R’’ into your current work space using the following command.

> load("clean_060720.RData")
CRITICAL: Make sure the datasets and functions are loaded into your RStudio workspace.

> source("entropy_functions.R")
Several ‘‘Data’’, ‘‘Values’’, and ‘‘Functions’’ entries should show up in the ‘‘Environment’’

box in the IDE. These are required for running the workflow.
KEY RESOURCES TABLE
GENT or RESOURCE SOURCE IDENTIFIER

osited data

and analyzed data Kannan, Farid, Lin, Miyamoto, and Kwon1 GEO: GSE147807

orkspace files (clean_nodatasets_
720.RData, clean_060720.RData)

Kannan, Farid, Lin, Miyamoto, and Kwon1 https://www.synapse.org/#!Synapse:syn21788425/files/

tware and algorithms

4.1.2 R https://www.r-project.org

udio v2021.09.1 RStudio https://www.rstudio.com/products/rstudio/download/

lot2 v3.3.5 Wickham35 https://CRAN.R-project.org/package=ggplot2

ape2 v1.4.4 Wickham36 https://CRAN.R-project.org/package=reshape2

trix v1.4-0 Maechler and Bates37 https://CRAN.R-project.org/package=Matrix

v4.1.2 Murrell38 https://CRAN.R-project.org/package=grid

gr v1.4.0 Wickham39 https://CRAN.R-project.org/package=stringr

yr v1.0.7 Wickham, François, Henry, Müller, and Vaughan40 https://CRAN.R-project.org/package=dplyr

leCellNet v0.1.0 Tan and Cahan41 https://pcahan1.github.io/singleCellNet/

ropy_functions.R Kannan, Farid, Lin, Miyamoto, and Kwon1 https://www.synapse.org/#!Synapse:syn21788425/files/

er

cOS Apple Monterey v12.0.1

cBook Pro Apple Apple M1 Max, 10-core CPU, 32GB RAM
STEP-BY-STEP METHOD DETAILS

Prepare gene expression matrix and phenotype table

Timing: 5 min

In this step, we will check the format of counts table and phenotype table and prepare them as inputs

for the entropy generating function.

Note: To run entropy score, you will need two matrices: a counts table and a metadata or

phenotype table. We use the Bioconductor format for the counts table, in which genes are

in the row names and cells are in the column names.

1. Make sure the counts table have gene names as row names and cell barcodes as column names.
STAR Protocols 5, 103083, June 21, 2024
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Note: Here we use ‘‘kannan_ref_data’’ as our counts table. The counts table format is shown

below. Counts table can be either a dataframe or a sparse matrix. Here we use the sparse ma-

trix format.
counts_table = kannan_ref_data

counts_table[1:4,1:4]

3 4 sparse Matrix of class "dgCMatrix"

GAGGCAAAAGTT AAGAGGCAATATAG AAGAGGCAATCAAA AAGAGGCAATGAAT

ai3 . . 1 .

sn . . . .

c45 . . . 2
Optional: If your dataset has row names in ENSEMBL format, youmay use the rename_genes()

function to convert ENSEMBL ID to gene symbols. For mouse datasets, run the following

command.

H19 14 93 9 19
Similarly, for human datasets, simply replace ‘‘mouse’’ for ‘‘human’’

> rename_genes(counts_table, species = "mouse")
rename_genes(counts_table, species = "human")
2. Generate a vector containing all the time points or other conditions of your cells. An example of a

time point vector is shown below.
pheno_table = combined_datasets[combined_datasets$data == "kannan_ref_data",]

pheno_table$timepoint[1:10]
CRITICAL: Make sure the order of cells in your vector or phenotype table matches the or-

[1] e18 e14 e18 p0 e14 e18 p0 e18 e14 e14
der of cells in the counts table.
Optional: You can also create a phenotype table which encompasses other metadata you wish

to include. Similarly, the order of cells in the phenotype table must match the order of cells in

the counts table.
Run data QC and generate entropy score

Timing: 6 min (936 cells, Run on a MacBook Pro, Apple M1 Max, 10-core CPU, 32 GB RAM)

In this step, we will perform data QC of the counts table and simultaneously generate entropy scores

for each cell.

Note: Apart from entropy scores, this function also calculates and outputs a series of QC met-

rics which we will explain in details in the ‘‘expected outcomes’’ section. Both entropy scores

and QC metrics will be recorded in the output data frame. No cell is excluded in this process.
STAR Protocols 5, 103083, June 21, 2024 5



Table 1. data_qc() running times benchmarked for three datasets in the order of increasing sizes on two computers

with different numbers of CPU cores and RAM sizes

MacBook pro, apple M1 max,
10-Core CPU, 32 GB RAM

iMac, 3.2 GHz intel core i5,
Quad-core CPU, 16 GB RAM

936 cells 5.39 min 14.43 min

2224 cells 5.09 min 14.00 min

13595 cells 6.87 min 23.29 min
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Note: This step can be time-consuming depending on the size of your dataset. We provided a

benchmarking table (Table 1) showing running time for datasets of three sizes on two com-

puters with different CPU and RAM specifications.

3. Run data_qc(), which output QC metrics and entropy score for each cell. Each input field is ex-

plained in details below.
> qc_output = data_qc(dataset = "counts_table",

study = "Kannan study",

timepoint_list = pheno_table$timepoint,

scn_calc = TRUE,

species = "mouse",

sample_type = "in vivo",

isolation = "LP-FACS",

sequencing = "mcSCRB-seq",

mapping = "zUMIs",

datatype = "UMIs",

doi = "doi:12345",

other_meta = NA)

6

a. dataset: REQUIRED. Your dataset object name as a character. Please note that your dataset

name must be in quotes.

b. study: REQUIRED. A character giving the name of the study, e.g., ‘‘Kannan et al.’’

c. timepoint_list: REQUIRED. Vector listing the time points of cells in the dataset as generated in

Step 2.

d. scn_calc:Optional. Defaulted to TRUE. Here you can choose whether to run the SingleCellNet

function to compute cell type classification using a Tabula Muris ref. 42. Skipping will signifi-

cantly speed up this step as SingleCellNet is the most time-consuming portion of data_qc();

however, we strongly encourage you to run this step even if you are confident in the identity

of your cells.

e. species: Optional. Defaulted to ‘‘mouse’’. Set to ‘‘human’’ to analyze human datasets.

f. sample_type: Optional. For example, ‘‘in vivo’’, ‘‘directed differentiation’’, or ‘‘direct

reprogramming’’.

g. isolation:Optional. You can store the method by which sample was acquired, e.g., 10x, FACS,

fixation, manual picking.

h. sequencing: Optional. You can store the sequencing protocol, e.g., SCRB-seq, TotalSeq.

i. mapping: Optional. You can store the mapping method, e.g., STAR/FeatureCounts, zUMIs,

kallisto.

j. datatype: Optional. You can store the datatype, e.g., reads, UMIs.

k. doi: Optional.
STAR Protocols 5, 103083, June 21, 2024



>

t

(

t

>

ll
OPEN ACCESSProtocol
l. other_meta: Optional. If you have another metadata field of interest (for example, atrial vs.

ventricular), you can input here as a vector. Similar to ‘‘timepoint_list’’, the order of cells in

this vector must match that of cells in the counts table.

Optional: If you are very confident that your datasets has been properly filtered and include

only high quality cardiomyocytes, you can simply run master_entropy() function as shown

below. This function will return a vector of entropy score for each cell in your dataset, and

does not return any QC metrics. However, we strongly recommend you using the data_qc()

function outlined in Step 3.
> master_entropy(counts_table)
Data visualization examples

Timing: 10 min

In Step 3, you have generated entropy score and QC metrics as the output of running the data_qc()

function. You can now explore the dataset based on your interest.

Note:We provided some plots generated using ggplot2 in the section below as an example.

For a detailed explanation of the data_qc() output table, please proceed to the ‘‘expected

outcomes’’ section.

4. Plot the entropy scores of cells that pass QC over different time points. An example plot is shown

in Figure 1.
CRITICAL: If your cell type of interest is not cardiac muscle cell, please use the code shown

> qc_output_goodcell = qc_output[qc_output$good_cell == "TRUE",]
below to select for cells that pass QC as ‘‘qc_output_goodcell’’. Here, we use ‘‘erythro-

cyte’’ as an example. Please exchange this input field with the cell type name of your inter-

est. Note that the cell type name needs to be spelled exactly the same as used in the Tabula

Muris ref. 42. We have provided a list of cell type names in the supplementary files.
ggplot(qc_output_goodcell , aes(x = timepoint, y = entropy, fill = timepoint)) + geom_jit-

er(size = 0.5) + geom_violin(scale = "width") + geom_boxplot(position = position_dodge

width = 1)) + xlab("Timepoint") + ylab(expression(’Shannon Entropy’�italic(S))) +

heme_linedraw() + theme(legend.position = "none")

qc_output_goodcell = qc_output[qc_output$top5_norm < 1.3 & qc_output$depth_norm > -0.5 &
5. Visualize gene expression trend over entropy score. An example plot is shown in Figure 2.

Note: Here we normalize the raw counts table for sequencing depth in each cell using counts

per million method. You can explore the genes of your interest by simply replacing the gene

names in ‘‘y = Myh6’’ and plot title names in ‘‘title = Myh6’’ in the plotting command ggplot().

Note: Plot the negative values of the entropy score so that the more mature state is aligned

with the positive direction of the x-axis.

qc_output$max_celltype == "erythrocyte",]
STAR Protocols 5, 103083, June 21, 2024 7



> counts_table_goodcell = counts_table[,rownames(qc_output_goodcell)]

> head(counts_table_goodcell)[1:5,1:5]

> lib_size = colSums(counts_table_goodcell)

> lib_size[1:5]

> counts_table_goodcell_norm = sweep(counts_table_goodcell, 2, lib_size, FUN = ’/’)

> counts_table_goodcell_norm * 10e+06

> head(counts_table_goodcell_norm)[1:5,1:5]

> dim(counts_table_goodcell_norm)

> counts_table_goodcell_norm = t(counts_table_goodcell_norm)

> dim(counts_table_goodcell_norm)

> head(counts_table_goodcell_norm)[1:5,1:5]

> plot_entropy = -1*qc_output_goodcell$entropy

> plot_data = as.data.frame(as.matrix(counts_table_goodcell_norm))

> plot_data$plot_entropy = plot_entropy

> plot_data$timepoint = qc_output_goodcell$timepoint

> ggplot(plot_data, aes(x = plot_entropy, y = Myh6, color = timepoint)) + geom_jitter(size = 1) +

geom_smooth(method = lm, formula = y � ns(x, df=3), se = FALSE, color = "black", size = 0.5) +

theme_linedraw() + ylim(0,NA) + theme(legend.position="none") + labs(title = "Myh6") + theme
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6. Plot the entropy scores generated from two datasets in one graph. An example plot is shown in

Figure 3.

Note: Here we generated separately the entropy scores of the Murphy dataset (‘‘murphy_-

data’’ included in ‘‘clean_ 060720.RData’’) which sequenced mouse in vivo cardiomyocytes

at postnatal day 0, 7, 14, 21, 28 (p0, p7, p14, p21, p28). We plot them with the entropy scores

generated previously in Step 3 from ‘‘kannan_ref_data’’.

(plot.title = element_text(hjust = 0.5)) + xlab("-1*Entropy") +ylab("Relative Expression")
> counts_table_1 = murphy_data

> pheno_table_1 = combined_datasets[combined_datasets$data == " murphy_data",]

> qc_output_1 = data_qc(dataset = "counts_table_1",

study = "Murphy study",

timepoint_list = pheno_table_1$timepoint,

scn_calc = TRUE,

species = "mouse",

sample_type = "in vivo",

isolation = "LP-FACS",

sequencing = "mcSCRB-seq",

mapping = "zUMIs",

datatype = "UMIs",

doi = "doi:12345",

8 STAR Protocols 5, 103083, June 21, 2024



other_meta = NA)

> qc_output_goodcell_1 = qc_output_1[qc_output_1$good_cell == "TRUE",]

> qc_output_goodcell_combined = rbind(qc_output_goodcell_1, qc_output_goodcell)

> ggplot(qc_output_goodcell_combined , aes(x = timepoint, y = entropy, fill = study)) + geom_jit-

ter(size = 0.5) + geom_violin(scale = "width") + geom_boxplot(position = position_dodge(width =

ll
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1)) + xlab("Timepoint") + ylab(expression(’Shannon Entropy’�italic(S))) + theme_linedraw()
EXPECTED OUTCOMES

Quality control remains an active area of discussion in scRNA-seq analysis. In addition to computing

entropy scores, our R code computes multiple metrics that can enable users tomake decisions about

individual cell quality. Some of the metrics included are:

‘‘top5’’ and ‘‘top5_norm’’: Several pipelines have suggested using the number of reads attributed to

the top expressed genes as a QC metric.32,43 We compute this percentage as ‘‘top5.’’ We further

normalize within time points within datasets (top5_norm) to have a QC metric that can be standard-

ized across study.

‘‘mito’’ and ‘‘mito_all’’: The number of mitochondrial reads can reflect cell membrane integrity when cells

are being captured for generating scRNA-seq library.32 We compute the percentage of mitochondrial

reads among genes used for entropy score calculation as ‘‘mito’’ and among all genes as ‘‘mito_all’’.

Both values are provided for users to evaluate the quality of their specific samples or datasets.

‘‘depth_norm’’: We found in our original study that cells with low depth can lead to inaccurate en-

tropy quantification.1 We compute the normalized depth of each cell by dividing the median

‘‘depth’’ value of the corresponding time point as ‘‘depth_norm’’.

‘‘ribo’’: A high percentage of ribosomal protein genes reads is associated with RNA degradation and

thus used as a QC metric.44 We compute this percentage as ‘‘ribo’’.

‘‘max_celltype’’: We use SingleCellNet to classify cells by comparing against the Tabula Muris

ref. 41,42 ‘‘max_celltype’’ is the most likely cell type determined by the SingleCellNet pipeline.
Figure 1. Shannon Entropy S computed for each time point from the reference dataset

Only cells that pass QC (‘‘good_cell’’ = = ‘‘TRUE’’) are plotted here. Entropy score for individual cells are plotted as

dots.

STAR Protocols 5, 103083, June 21, 2024 9



Figure 2. Gene expression trends over the negative value of entropy score, relative gene expression levels are

normalized by counts per million

The relative expression values of a inquired gene are plotted as dots. This dataset contains data acquired from

primary mouse CMs from embryonic day 14, 18 (e14, e18), and postnatal day 0, 4, 8, 11, 14, 18, 22, 28, 35, 56 (p0, p4, p8,

p11, p14, p18, p22, p28, p35, p56).
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‘‘good_cell’’: This column returns ‘‘TRUE’’ if a cell meets all the criteria and passes QC. Our default

criteria are ‘‘top5_norm’’ less than 1.3, ‘‘depth_norm’’ less than �0.5, and ‘‘max_celltype’’ equal to

‘‘cardiac muscle cell’’. Since ‘‘max_celltype’’ equal to ‘‘cardiac muscle cell’’ is required for ‘‘good_-

cell’’ = = ‘‘TURE’’ in the data_qc() function, this criteria for QC does not apply to other cell types.

For how to select cells that pass QC for cells types other than cardiac muscle cell, please refer to

Step 4 in the ‘‘Data Visualizing Examples’’ section.

By providing these metrics, we enable users to make informed QC decisions about their input data-

sets. However, based on extensive benchmarking across multiple datasets, we recommend a default

threshold strategy of ‘‘depth_norm’’, ‘‘top5_norm’’, ‘‘max_celltype’’. These selection criteria are

already implemented by default into the output of data_qc() in the column ‘‘good_cell’’, e.g., a

cell is marked as TRUE if it meets those criteria and FALSE if not. Note that ‘‘mito’’ and ‘‘ribo’’ are

not used as thresholds for ‘‘good_cell’’. Therefore, we recommend using these values to flag low

quality datasets and rerun data_qc() with only high quality datasets.

An example of qc output is shown below in Tables 2, 3, 4, and 5. The row names are individual cell

barcodes in the same order as the counts table.

It is expected that only a portion of cells will pass QC (good_cell = = ‘‘TRUE’’). The fraction of cells

that can pass QC is largely dependent on the quality of the cells used to generate the library for

sequencing. In Figure 4, we compare the entropy scores of all cells (Figure 4A) and cells that pass

QC (Figure 4B) from the Murphy dataset (‘‘Murphy_data’’) included in ‘‘clean_ 060720.RData’’.
10 STAR Protocols 5, 103083, June 21, 2024



Figure 3. Shannon Entropy S computed for murphy_data and kannan_ref_data for each time point plotted in one graph

Cells from the two datasets are plotted in different colors. Similar to Figure 1, only cells that pass QC (‘‘good_cell’’ = = ‘‘TRUE’’) are plotted. Entropy

score for individual cells are plotted as dots.
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As shown in Figure 4C, the QC process mainly eliminated cells that have artificially lower entropy

score likely due to poor cell quality. By applying the same QC standards to all datasets, transcrip-

tomic entropy score can help us compare developmental maturity of cardiomyocytes from different

studies.

LIMITATIONS

We have shown that in vivomaturation time points are strongly correlated with decreasing transcrip-

tomic entropy. Therefore, transcriptomic entropy score serves as a quantitative metric to decode the

maturation state of cardiomyocytes. Through the process of developing entropy score, we found

that careful QC is necessary and crucial for computing entropy score. We incorporated QC steps

by setting thresholds for ‘‘top5_norm’’, ‘‘depth_norm’’, and ‘‘max_celltype’’ in the entropy gener-

ating function. However, users need to determine the quality of their datasets by themselves based

on ‘‘mito’’ and read depth distribution. As mentioned previously, entropy scores will be drastically

lower if input cells have an unreasonably high percentage of mitochondrial reads or ribosomal reads,

and thus fail to reflect the maturation state of the cells. We set this threshold to be 30% for PSC-CMs

as we observed that the majority of good quality cells fall below this threshold. However, this

threshold is subjected to change if users work with more mature PSC-CMs in the future or a different

cell type than cardiomyocytes. Therefore, thorough exploratory analysis of the input datasets is

necessary for determining a proper ‘‘mito’’ threshold. Datasets generated by drop-seq library prep-

aration methods are not suitable for applying entropy score. We found that entropy score performs

poorly on drop-seq datasets likely due to the low sequencing depth. Similarly, Nuc-seq is not suit-

able given the low read counts. We suspect that entropy score may still work with Nuc-seq datasets
Table 2. Column 1–5 of data_qc() output

Time point Study Depth Genes entropy

AAGAGGCAAAAGTT e18 Kannan Reference 13122 3618 6.09789614267799

AAGAGGCAATATAG e14 Kannan Reference 32392 6511 6.20830508482549

AAGAGGCAATCAAA e18 Kannan Reference 22638 4752 5.98835728271229

AAGAGGCACCCTGG p0 Kannan Reference 25684 4468 5.68027652156496

. . . . . .
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Table 3. Column 6–8 of data_qc() output

top5 top5_norm depth_norm

AAGAGGCAAAAGTT 0.0823045267489712 0.953345229637834 �0.266424340364696

AAGAGGCAATATAG 0.0556310200049395 1.00143035583828 0.592636018258444

AAGAGGCAATCAAA 0.0961215655093206 1.11338998671512 0.278915358922847

AAGAGGCACCCTGG 0.123773555520947 1.22995318293779 �0.867837685768919

. . . .
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but cannot be compared with studies using whole cell RNA-seq data. In addition, entropy score is

not recommended for bulk RNA-seq datasets. Bulk RNA-seq samples contain cardiomyocytes of

varied qualities. Since the transcriptomic information is pooled in bulk RNA-seq data, we cannot

properly QC bulk samples with the metrics we developed. Furthermore, bulk RNA-seq samples

often contain varied percentages of non-cardiomyocytes. In the past, we observed extensive

batch effect due to varied purity of cardiomyocytes in bulk RNA-seq samples and thus nomeaningful

comparison can be made. To study subpopulations of a specific cell type using entropy score, for

example, atrial cardiomyocytes and ventricular cardiomyocytes, we recommend annotating the

cell subtypes using established markers or referencing single-cell RNA-seq atlas of your choice

and incorporating the annotation using the ‘‘other-meta’’ input field in the ‘‘data_qc’’ function.

Subsequently, you can plot entropy scores of the cell subpopulations of interest.
TROUBLESHOOTING

Problem 1

In Step 3, you receive the error message.
Error in matrix(0, nrow = length(genes), ncol = ncol(expDat)) :

non-numeric matrix extent
Potential solution

This error occurs likely because 1) the gene names in the counts table are not in the form of gene

symbols or, 2) the species is not typed correctly. For scenario 1), please use rename_genes() function

to convert to gene names as described in Step 1. For scenario 2), please check if ‘‘species =’’ argu-

ment in the data_qc() function has been correctly input.
Problem 2

In Step 3, you receive the error message.
Error in ‘$<-.data.frame‘(‘*tmp*‘, "timepoint", value = c(21L, 18L, 21L, :

replacement has 930 rows, data has 936
Potential solution

This error occurs because the length of vector ‘‘timepoint’’ does not match the number of columns in

the counts table which should both equal the number of cells. In the case of the error message
Table 4. Column 9–11 of data_qc() output

Mito mito_all Ribo

AAGAGGCAAAAGTT 0.110564304461942 0.116979119036732 0.0376528547549925

AAGAGGCAATATAG 0.0658584757883266 0.0795258088416893 0.0528837622005324

AAGAGGCAATCAAA 0.0946907498631637 0.132299673116 0.0338911471255873

AAGAGGCACCCTGG 0.156433458397705 0.184433888802367 0.0417477617750097

. . . .

12 STAR Protocols 5, 103083, June 21, 2024



Table 5. Column 12–15 of data_qc() output

cm_score max_score max_celltype good_cell

AAGAGGCAAAAGTT 0.714 0.714 cardiac muscle cell TRUE

AAGAGGCAATATAG 0.494 0.494 cardiac muscle cell TRUE

AAGAGGCAATCAAA 0.614 0.614 cardiac muscle cell TRUE

AAGAGGCACCCTGG 0.786 0.786 cardiac muscle cell FALSE

. . . . .
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above, the ‘‘timepoint’’ vector has 930 entries while the counts table has 936 columns. To resolve this

problem, make sure the ‘‘timepoint’’ vector has an entry for every cell in the counts table and the or-

der cells must match that in the counts table. Likewise, this error message can pop up for ‘‘other_-

meta’’ for the same reason.

Problem 3

At the end of Step 3, you find that the entropy score of the cardiomyocytes in one or several exper-

imental group are unexpectedly low, i.e., <5 for embryonic or perinatal cardiomyocytes, <4 for adult

cardiomyocytes.

Potential solution

This error occurs likely due to the low quality of input cells for sequencing. This mainly reflects in high

mitochondrial reads. We recommend discarding cells, or sometimes the entire sample, with unex-

pectedly high percentage mitochondrial reads compared to the predetermined ‘‘mito’’ threshold

for your dataset.

Problem 4

In Step 5 of the Data Visualization Examples section, you receive the error message.
Error in ‘geom_jitter()‘:

! Problem while computing aesthetics.

Error occurred in the 1st layer.

Caused by error in ‘FUN()‘:

! object ’myh7’ not found
Potential solution

This error occurs because the name of the gene is not input correctly. For mouse datasets, gene

names should be typed with the first letter in uppercase, i.e., Myh7. For human datasets, genes

names should be typed in all uppercase letters, i.e., MYH7.
Problem 5

When running the code, you find that certain packages are no longer supported by the version of R

you are using.
Potential solution

This may occur when using a more updated version of R. The code described in this protocol is run in

R version 4.1.2.We recommend reverting to this version of R. R version 4.1.2 forWindows is available

at https://cran.r-project.org/bin/windows/base/old/. R version 4.1.2 for macOS is available at

https://cran.r-project.org/bin/macosx/base/.
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Figure 4. Comparing Shannon Entropy S of cells before and after QC

(A) Entropy score of all cells from the Murphy dataset (combined_datasets$data = = "murphy_data").

(B) Entropy score of only cells that pass QC from the same dataset.

(C) Cells which pass QC and has a value of ‘‘TRUE’’ in the ‘‘good_cell’’ column are shown in blue. Cells which did not pass QC and has a value of ‘‘FALSE’’

in the ‘‘good_cell’’ column are shown in red.
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RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be ful-

filled by the lead contact, [Chulan Kwon] (ckwon13@jhmi.edu).

Technical contact

Elaine Zhelan Chen (zchen119@jhu.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

All R workspace files are available on SYNAPSE at https://www.synapse.org/#!Synapse:

syn21788425/files/. R code used in this protocol is available on GitHub at https://github.com/

elainezhlchen/entropy_star_protocol. R code is also available on Zenodo at https://doi.org/10.

5281/zenodo.10971926. Entropy function code and code used in the original publication are avail-

able on GitHub at https://github.com/skannan4/cm-entropy-score#readme. All sequencing data

produced in the original study can be found on GEO with accession number GSE147807. Additional

information is available from the lead contact from request.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.xpro.2024.103083.

ACKNOWLEDGMENTS

We thank Kwon lab members for helpful discussions and critical feedback in preparing this manu-

script. This work was supported by grants from NIH (R01HL156947 and T32HL007227), AHA

(23TPA1058685), and MSCRF (2023-MSCRFD-6139). The graphical abstract was created with

BioRender.com.

AUTHOR CONTRIBUTIONS

Conceptualization, S.K. and M.F.; research design and methodology, S.K. and M.F.; data analysis

and interpretation, E.Z.C., S.K., and M.F.; writing – original draft, E.Z.C., S.K., S.M., and C.K.;

writing – review and editing, E.Z.C., S.K., S.M., and C.K.; funding acquisition, C.K.
14 STAR Protocols 5, 103083, June 21, 2024

mailto:ckwon13@jhmi.edu
mailto:zchen119@jhu.edu
https://www.synapse.org/#!Synapse:syn21788425/files/
https://www.synapse.org/#!Synapse:syn21788425/files/
https://github.com/elainezhlchen/entropy_star_protocol
https://github.com/elainezhlchen/entropy_star_protocol
https://doi.org/10.5281/zenodo.10971926
https://doi.org/10.5281/zenodo.10971926
https://github.com/skannan4/cm-entropy-score
https://doi.org/10.1016/j.xpro.2024.103083
http://BioRender.com


ll
OPEN ACCESSProtocol
DECLARATION OF INTERESTS

The authors declare no competing interests.
REFERENCES
1. Kannan, S., Farid, M., Lin, B.L., Miyamoto, M.,
and Kwon, C. (2021). Transcriptomic entropy
benchmarks stem cell-derived cardiomyocyte
maturation against endogenous tissue at
single cell level. PLoS Comput. Biol. 17,
e1009305. https://doi.org/10.1371/journal.
pcbi.1009305.

2. Brodehl, A., Ebbinghaus, H., Deutsch, M.A.,
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