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[bookmark: _gjdgxs]METHODS
Datasets selection and filtering criteria
We used a cardiac single-cell RNA-seq dataset from Mus musculus model organism provided by DeLaughter et al. [1]. The dataset was generated from 1,695 single-cells from 4 embryonic (E9.5, E11.5, E14.5, E18.5) and 4 post-natal (P0, P3, P7, P21) stages, according to 5 different regions of the heart (ventricle, atrium, left ventricle, right ventricle, and left atrium), captured using the Fluidigm integrated fluidic circuits (IFC). For the lncRNA reference database, we combined lncRNAs from Gencode (M20), Ensembl (GRCm38.95) and Amaral et al. (2018) [2], which contained 18,339, 9,074 and 15,757 lncRNAs, respectively. For coding transcripts, we selected the Gencode (M20) dataset. Since the lncRNAs reference dataset was built from 3 different databases, preprocessing was performed to remove the redundant sequences and generate the final dataset. In this process, we eliminated the lncRNAs with more than 50% of overlap [2] from one database to another, resulting in the final dataset of 21,044 lncRNAs. To obtain expression levels of lncRNAs and coding transcripts we performed the following pipeline: Fastqc version 0.11.9, to execute the quality control [3,4]; Trimmomatic version 0.39, to trim and crop the bases with low quality as well as to remove the adapters [5] (parameters: 2:30:10 LEADING:5 TRAILING:5 SLIDINGWINDOW:4:28 MINLEN:32); Hisat2 version 2.1.0, to mapping sequencing reads [6], using --dta-cufflinks parameter to makes Hisat2 alignment tailored specifically for Cufflinks; Samtools version 1.3.1, to convert SAM to BAM and sort the BAM's files [7]; Cuffnorm, part of Cufflinks package version 2.2.1, to report expression levels normalized by FPKM [8]. To determine expressed transcripts and its filtering to avoid sparsity issues, we used a filter of an expression value (FPKM > 0.001) [2] and transcript expression percentage in cells: transcript had to be expressed in at least 5% of the cells [9,10]. Then, we performed transcriptome saturation at a random stage of the heart development (left ventricle at E18.5) to show that lncRNAs are identified with this pipeline (Supplementary Fig. 2).
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Cell clustering
We utilized the M3Drop R package [11], which fits a Michaelis-Menten model to the pattern of dropouts in single-cell RNA-seq data. This model was used to identify significantly variable (i.e. differentially expressed) genes to clusterize cells. Next, we utilized the Silhouette method [12] to estimate the best clusters and performed unsupervised hierarchical clustering with Ward linkage from scikit-learn Python library to group the cells. Then, we performed Principal Component Analysis (PCA) to reduce the dimensionality and t-distributed Stochastic Neighbor Embedding (t-SNE) for better visualization of the clusters with high dimensionality.

[bookmark: _1fob9te]Gene markers, cell types identification, and clustering assignment
We generated a cell marker database using gene markers from DeLaughter et al. [1], Gladka et al. [13], Farbehi et al. [14], and Franzén et al. [15]. Markers that were classified for more than one cell type were eliminated. The number of final gene markers for each cell type was: cardiomyocytes (70); endothelial cells (100); fibroblasts and myofibroblasts (140); macrophages and monocytes (128); B-cells (76); dendritic cells (42); glial cells (2); natural killer cells (35); T-cells (59); mural cells, vascular smooth muscle cells and pericytes (42) and myoblasts (16). Using this cell marker unified database, we checked the frequency of appearance of these genes in cardiac single cell samples from DeLaughter et al. [1] and saw that there was no significant appearance of markers from glial cells and natural killer cells and eliminated these 2 cell types. Our final dataset was composed of markers for 9 cell types, which were used to assign cell types to the clusters: cardiomyocytes; endothelial; fibroblasts and myofibroblasts; macrophages and monocytes; B-cells; dendritic; T-cells; mural cells; vascular smooth muscle cells and pericytes; and myoblasts. M3Drop [11] was used to find the marker transcripts of each cluster and chi-squared and adherence tests were used to determine the cluster's assignment signification (i.e. p-value < 0.05). 
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Co-expression modular analysis
To get the knowledge of genes and lncRNAs that are co-expressed and to understand the biological processes linked we used CEMiTool [16], a systems biology method that identifies co-expression gene modules. We also used CEMiTool to perform comprehensive modular analyses, including: gene set enrichment analysis (GSEA) within samples, modules and cell types; functional enrichment analysis of modules (using Supplementary Dataset 1); and integrate co-expression results with protein-protein interaction data (using Supplementary Dataset 2). It allowed us to identify functional categories of protein-coding genes co-expressed with lncRNAs and identify those lncRNAs which were associated with the modules that were enriched in heart development processes.

[bookmark: _2et92p0]Cardiomyocyte sub-populations differential expression and functional enrichment analysis
To identify the biological variation between cardiomyocyte sub-populations, we performed differential expression (DE) analysis among sub-populations in each time point and chamber in which two types of cardiomyocytes were identified: ventricle E9.5; left ventricle E11.5; right ventricle E14.5; and left atrium P0. DE transcripts were determined using Cuffdiff, from Cufflinks [17]. Transcripts were considered as statistically DE when presenting fold-change and p-value cut-offs of 1.5 and 0.05, respectively. Functional overrepresentation analyses of DE transcripts were performed using different databases available in the EnrichR web tool [18], using a corrected p-value cut-off of 0.05, and considering the databases Gene Ontology Biological Process [19], KEGG pathways [20] and Jensen Diseases [21].
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