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[bookmark: _Toc221608496]Fig. S1 – Metadata for integrated multiomic atlas: (a) Integration of 11 different snRNA-seq datasets that had varying numbers of fetal, non-diseased postnatal, and diseased postnatal donors. The technology used by each study also varies. (b) We defined young as age ≤40 and old as age ≥60. These cutoffs were used to provide enough donors for the aging contrast (old vs. young) in differential expression analysis and since cardiovascular disease risk increases significantly after age 60. Using other approaches such as k-means clustering and using tertiles would not greatly change the exact age cutoffs of “young” and “old”. (c) Donors in terms of age status and disease class (not binarized but split according to the disease subtype).
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[bookmark: _Toc221608497]Fig. S2 – Single-nucleus RNA-seq dataset of human cardiac development and aging generated in this study (Penn): (a) Summary of new donors included in this study, including 2 fetal donors and 17 postnatal donors (ages 22-91). 2 donors had a diagnosis of dilated cardiomyopathy (DCM). snRNA-seq data was generated using the generated the sNucDrop-seq protocol. Preprocessing of raw sequencing reads to count matrix was performed using STARSolo. (b) Cardiac regions sampled per donor and number of high-quality nuclei per region x donor. (c-d) Summary statistics of snRNA-seq libraries with different nuclei isolation methods, including number of genes and transcripts/UMIs per nucleus, in log scale, respectively. (e) Dotplot showing marker gene expression across annotated cell-types (f-g) UMAP visualization of cardiac cells colored by annotated cell types and developmental + disease status, respectively. (h) UMAP visualization of integrated snRNA-seq datasets of adult human left ventricle (LV, non-diseased) from this study and a published study (Litvinukova et al. 2020(8)). (i) Heatmaps showing the median prediction scores of paired clusters between this and the Litvinukova et al. 2020(8) using label transfer.
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[bookmark: _Toc221608498]Fig. S3 – Benchmarking of snRNA-seq integration methods and scVI annotation: (a) Strategy for integrating multiple human cardiac datasets together. (b) Benchmarking of integration methods. Since many integration methods do not scale beyond 50,000 cells, we downsampled our aggregated snRNA-seq dataset to 30,000 cells by sampling while maintaining even representation across each study and cell type. We then used the scIB(13) framework to measure the performance of 13 batch correction methods across 13 metrics, which include bioconservation metrics and batch removal metrics. The goal of batch correction is to maintain bioconservation (“signal”) while removing technical artifacts (“noise”). A higher score for both types of metrics indicates higher performance, with scores scaled from 0 to 1. (c) Integration methods ranked by their overall score, which is computed as weighted average of the mean of the scores across the 9 bioconservation metrics (weight = 0.6) and the weighted average of the mean of the four batch correction metrics (weight = 0.4). scVI and its semi-supervised variant scANVI performed best. Since scANVI involves using a reference annotation, we opted to use the unsupervised scVI instead. (d-f) scVI-based UMAP embedding based on study, technology, and developmental + disease status, respectively. (g) We explored integrating whole cells vs. nuclei together using scVI, the highest performing integration metric. 50,000 scRNA-seq cells from the only two datasets (Koenig et al. 2022(19) and Kanemaru et al. 2023(16)) that performed scRNA-seq were combined with 50,000 snRNA-seq randomly subsampled from the aggregated snRNA-seq dataset (comprised of ~2.3 million nuclei). scVI integration mixes cells and nuclei belonging to the same cell type together, but cells and nuclei do not fully mix in the UMAP embedding. This is likely due to true biological heterogeneity as some transcripts are enriched in nuclei and others are enriched in whole cells. (h) Number of nuclei per cell type in snRNA-seq aggregated dataset based on our revised annotation. (i) Concordance between revised annotation from this study, based on the scVI integration, versus the original annotation from each study. (j) Discordance rate in annotation as a function of the cell type frequency. Rarer cell types tend to have higher discordance. Transcriptionally similar cell types such as vSMC and pericyte also tend to have higher discordance rates. (k) To assess whether our annotation is more likely correct when compared to the original annotation, we sought to compare the transcriptome for cells with disagreement against the cells that are agreed upon from both annotations (serving as a “ground truth”). Therefore, we compared the Pearson correlations of those annotated as a cell type in the revised annotation to the “ground truth”, consensus-label cells versus those annotated only in the original study. The density plot of the pairwise correlations is shown for Mast cells, which had the highest discordance rate. The correlation for “revised only” cells to “ground truth” cells is higher than it is for “original only” cells, providing support that our revised annotation may be more accurate. The Pearson correlation is overall quite low due to the sparsity of single-cell data. 
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[bookmark: _Toc221608499]Fig. S4 – snRNA-seq subclustering analysis: Using a second round of scVI integration for each individual cell type (Methods), we performed subclustering annotation for all cell types. We did not identify any further Epicardial and Mast cells, so they are not displayed in this figure. Z-score scaled expression per gene is shown on dotplots to illustrate key markers per subcluster. On the right side, the fold changes of observed vs. expected for each subcluster are obtained using the chi-squared test for developmental and disease categories and non-diseased aging. Enrichments with a log2 fold change greater than 0.5 are indicated with an asterisk.
[bookmark: _Hlk219794786] (a) Two subclusters of Adipocytes were identified. These include white adipocytes, which show high expression of ADIPOQ/LPL/CEBPA; and beige adipocytes, which express the non-white adipocyte driver TFs EBF2(132) and PRDM16(133).
White adipocytes are slightly enriched in HCM. 
[bookmark: _Hlk220229190][bookmark: _Hlk219829558](b) Seven clusters are cardiomyocytes were identified. These include: a “DCM-HCM enriched” cluster with high expression of genes involved in hypertrophy and adverse remodeling (BCLAF1(134)/CDYL(135)/GATA6(136)); two fetal-enriched clusters: “fetal_enriched_conduction” marked by IRX5/GJA5 and a “fetal_enriched_metabolic” with high expression of metabolic genes (FABP2/DECR1/PECR); an “inflammatory” cluster marked by high expression of SERPINB1(137)/ANKRD1(11)/BCL3; a “metabolic” cluster with high expression of metabolic genes (PRKAA2/GPX2/COX20); a “senescent” cell population expressing canonical senescence markers CDKN1A/CDKN2A and PTCHD4(51); and a “stressed” cluster expressing high levels of ANKRD1 but also contractile proteins important for survival such as CNN1(138).
[bookmark: _Hlk219804519](c) Four endocardial cell clusters were identified. These include an “arterial” cluster enriched for genes important for Notch-signaling genes important for arterial specification (DLL4(139)HES5(140)/VEGFC(141)); and a “fetal-enriched” cluster marked by developmental TFs such as HAND2(142) and Wnt signaling regulators (WNT5A/LRG5(143)); a cluster with “valvular”/endocardial cushion features, as supported by expression of neuregulin and BMP signaling-associated genes, which are critical for endocardial cushion formation (NRG117/BMPR1B/GDF7(145)); and an “activated” cluster with expression of valvular-associated genes as well as immediately early gene signatures (NR4A1(146)/EGR3/CREM).
The “Valvular-activated” cluster is enriched in several diseases (AMI, ACM and ICM).
(d) Seven endothelial subclusters were identified, associated with vascular localization. These include an “activated” cluster marked by expression of inducible nitric oxide (NOS2(147)) and inflammatory genes (EBI3(148)/TNFRSF4(149)); an “arterial” cluster (GJA5/EFBN2/BMX(150)); an “arteriole” cluster, which has a mixture of arterial markers such as HEY1(150), distal arterial markers such as CXCL12(151) and capillary associated markers such as NTRK2(152); two capillary clusters (marked by CA4(150)); a fetal-enriched cluster marked by cell-cycle associated genes (AURKB/DIAPH3/EZH2); and an venous cluster (marked by NR2F2 and selectins SELE/SELP(150)). 
The “fetal-enriched” cluster is enriched for both fetal and ICM hearts. The “activated” cluster is enriched in fetal hearts and in HCM and ICM.
[bookmark: _Hlk219927228](e) Seven fibroblast subclusters were identified. These include an “activated” cluster (POSTN(8)/FAP(153)/TNC); an “anti-fibrotic” cluster with expression of TGF-beta antagonists SMAD6/SMAD7 and PRDM16(154); a “DCM-HCM enriched” cluster expressing pro-fibrotic markers such as SMOC2 and type IV collagen (COL4A5); a “non-disease enriched” cluster with high expression of ACE2(155)/EDNRB/ELANE; an “inflammatory” cluster with expression of IL6, THBS1(156), and stress-induced TFs such as NR4A1; an “interstitial” cluster with high expression of ECM genes (PCOLCE2(8)/CD81(157)/FBLN2); and a “perivascular” cluster, with high expression of vasculature-associated markers such as PDGFD/ANGPT1/CCBE1. The “activated” cluster is enriched in fetal and AMI. 
(f) Four subclusters of LECs were identified. These include an “activated” cluster with high expression of stress TFs such as FOSLB and RELB; a “capillary”/collecting lymphatic cells, with high expression of NR2F2(150); a “fetal-enriched” cluster with high expression of developmental regulators (WNT7A/WNT11/CELSR); and a “valvular” cluster with high expression of NRP1(158)/SLIT3/SOX5. The “activated” cluster is enriched in DCM and pediatric HF.
(g) Eight lymphoid subclusters were identified. These include B cells (MS4A1/PAX5/BANK1) and plasma B cells (MZB1/SDC1/XBP1); cycling cells with high expression of cell-cycle genes (EZH2/MCM2/E2F2); plasmacytoid dendritic cells (“pDCs”), with high expression of IRF8(159); two populations of natural killer cells (“NK_1” with cytotoxic effector expression such as GNLY and PRF1, and “NK_2” with inhibitory markers such as KLRC1/2(160); two populations of T-cells: helper T-cells with high expression of co-stimulatory gene CD28, and cytotoxic T-cells with high expression of CD8A/B and effector GZMK). 
Plasma B cells were enriched in ICM “NK_1” was enriched in DCM, while helper T-cells were enriched in fetal, AMI, and ICM states. A decline of several immune cell populations, including cycling cells, was observed across aging, providing support for immunosenescence. 
[bookmark: _Hlk219811358](h) Six myeloid subclusters were identified. These include “anti-inflammatory” M2 macrophages with high expression of ARG1(161) and anti-inflammatory markers (LILRB1/2)(162); “cycling cells” with expression of cell-cycle genes (CDK1/EZH2/TOP2A); “metabolic” macrophages with high expression of metabolic genes such as HMGCL (ketone metabolism), glycolysis (PRKFB2), and heme biosynthesis (FECH); monocyte-derived CCR2+ macrophages(163) (also expressing HLA-DRA/LYZ); tissue-resident macrophages, which express FOL2R/TIMD4/LYVE1; and a “scavenging” resident macrophages with high expression of genes such as STAB1(164) and lysosomal proteases (CTSB/CTSL). 
(i) Four subclusters of neuronal cells were identified. These include a fetal-enriched cluster with high expression of developmental TFs such as MEF2C and TFAP2B(165) and RNA-binding protein TRIM71(166); a “glial-like” cluster with high expression of glial markers such as MAL/ALDH1A1/LGI4(8); a neuronal cluster with high expression of parasympathetic enzymes/receptors (CHAT/CHRM2) and sympathetic markers such as DBH; and a perivascular cluster with expression of basement membrane genes (COL4A1) and neuropeptide receptors (CALRL/NPY1R). 
[bookmark: _Hlk219822200](j) Six subclusters of pericytes were identified. These include a “contractile” cluster with high expression of smooth muscle markers (VCL/ACTN1/PPP1R12B(167)); a “fibroblast-like” cluster with expression of genes enriched in fibroblasts (PRRX1(168)/ZEB2(169)/SLIT3); a “fetal-enriched” cluster with high expression of ECM and basement membrane genes (COL4A1/COL4A2/ADAMTS12); a “metabolic” cluster expressing metabolic genes such as FABP4/SPARCL1/RSG5; a “regulatory” cluster expressing calcium channels important for blood pressure regulation (CANAC1C/CACNB2/ZFHX3(170)); and a “remodeling” cluster expressing high levels of ECM-cleaving proteases (ADAMTS1/ADAMTS4/ADAMTS9). 
(k) Three subclusters of vascular smooth muscle cells (vSMCs) were identified. These include a “contractile” cluster expressing contractile machinery such as MYH11/TAGLN/SMTN; a “pericyte-like” cluster expressing markers shared with pericytes such as PDGFRB/ZEB1/DLC1; and a “synthetic” ECM-producing marked by non-muscle myosin MYH10(171) and ECM-producing genes such as FN1 and COL1A1.
(l) Given the low number of epicardial cells, no further subclustering was performed for this cluster.
(m) Given the low number of Mast cells, no further subclustering was performed for this cluster.
(n) The UMAP embedding, colored by subcluster.
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[bookmark: _Toc221608500]Fig. S5 – Single-nucleus ATAC-seq dataset of human cardiac development and aging generated in this study (Penn): (a) Summary of newly generated snATAC-seq datasets, displaying donor sex and developmental stage. Raw sequencing reads were converted to fragment files using cellranger-atac v2.1.0.  (b) Sampled regions and number of nuclei per donor (c-d) Summary statistics of snATAC-seq libraries, including TSS enrichment score and # of fragments per nucleus, respectively. (e) UMAP of integrated snRNA-seq (left) and snATAC-seq (right) datasets of adult human left ventricle (LV, non-diseased) from this study. The cell types are annotated based on snRNA-seq. (f) Genomic track views of normalized gene expression (RNA) and chromatin accessibility (ATAC) for three cell-type–specific marker genes (RYR2 for cardiomyocytes, VWF for endothelial cells, and DCN for fibroblasts). 
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[bookmark: _Toc221608501][bookmark: _Hlk210648654]Fig. S6 – Additional snATAC-seq plots: (a) Integration of 5 snATAC-seq datasets that had varying of fetal, non-diseased postnatal, and diseased postnatal donors (b) Integration steps for snATAC-seq data. (c) Concordance between two approaches for annotating snATAC-seq clusters: label transferring and gene imputation. For label transferring, we identified the cluster cell type as the corresponding RNA label that was most prevalent in that cluster using multiomic cells. For gene imputation, we perform MAGIC imputation on the accessibility to obtain imputed gene expression and then annotate cell types using marker genes. (d) Number of nuclei per cell type in aggregated snATAC-seq dataset (e) UMAP for snATAC-seq plots by study, technology, and developmental + disease status 
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[bookmark: _Toc221608502]Fig. S7 – Sex and aging pseudobulked DESeq2 analysis versus NEBULA analysis: (a) A NEBULA mixed-effect model was used for differential gene expression analysis. This model uses the same covariates as Read et al. 2024(172). (b-c) Number of differentially expressed genes (DEGs) by sex (male vs. female) and aging (old vs. young) using NEBULA(39). (d) Sex DEGs for adipocytes, which fails to detect some known sex chromosome genes that should be DEGs (false negatives) and detects some genes as significant (RYR2) that may be due to ambient RNA (false positives). (e) Pseudobulked DESeq2 sex DEGs, which identifies all expressed Y chromosomes as enriched in males and X-inactivation genes (XIST, TSIX) as enriched in females. (f) Comparison of sex DEGs by NEBULA vs. DESeq2. (g) NEBULA aging DEGs for fibroblasts, which identifies the strongest DEG as RYR2, a cardiomyocyte marker, suggesting that this may be a false positive. (h) Pseudobulked DESeq2 aging DEGs, which identifies genes such as PTCHD4 that have been consistent with bulk RNA-seq cardiac aging changes in GTEx consortium. (i) Comparison of aging DEGs by NEBULA vs. DESeq2.
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[bookmark: _Toc221608503]Fig. S8 – Sensitivity of pseudobulked RNA and ATAC profiles to downsampling reads: (a) To determine how many transcripts and counts are required to produce a robust donor-level pseudobulked profile, we downsampled the total number of transcripts for the five donors per cell type that had the most total number of transcripts or fragments. A representative plot is shown for cardiomyocytes, a more common cell type, demonstrating that 50,000 transcripts (blue line) are sufficient to produce a Spearman correlation >0.8 (black line) to the full pseudobulked gene expression profile. (b) Similar analysis for adipocytes, a rarer cell type. (c) The number of donors with at least 50,000 transcripts for each cell type. These are the donors which we used for the pseudobulked differential gene expression (DEG) analysis. (d) A representative plot is shown for myeloid cells, a more common cell type, demonstrating that 300,000 fragments are sufficient to produce a Spearman correlation >0.8 to the full pseudobulked chromatin accessibility profile. (e) Similar analysis for vSMCs, a rarer cell type. (f) The number of donors with at least 300,000 fragments for each cell type, which are the donors which we used for the pseudobulked differential accessibility (DAR) analysis. We performed DAR analysis only for cell types with at least 30 donors, so we only examined Myeloid, Pericyte, Endothelial, Cardiomyocyte, and Fibroblast cell types. 
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[bookmark: _Toc221608504]Fig. S9 – Comparison of pseudobulked snRNA-seq methods to bulk RNA-seq: (a) PCA of fully pseudobulked variance stabilized counts before batch correction. Without removing tech_plus_study, the samples clearly cluster by study of origin. (b) PCA of fully pseudobulked variance stabilized counts after batch correction by regressing out the technology and study (“tech_plus_study”) effect using limma. By regressing out the effect of tech_plus_study, we observe better biological separation of samples, with PC2 separating fetal and postnatal donors. (c) Since the “tech_plus_study” batch effect is quite strong, we tested two ways for handling this batch effect, using either “batch as covariate” (abbreviated as “cov”) or running DEG analysis for each study individually and aggregating the results using an inverse weighted variance meta-analysis (abbreviated as “meta”). To test the performance of these two approaches, we compared the DEGs obtained to GTEx bulk RNA-seq treating this as a silver standard. For this analysis, we fully pseudobulked the snRNA-seq data (rather than pseudobulking per cell type) and downsampled GTEx data to the same number of donors (n=299). (d) Sensitivity and specificity of “cov” and “meta”, when compared to the bulk DEG results for sex analyses. (e-g) Sex DEG contingency matrices displaying the number of genes identified as non-significant, up DEGs, and down DEGs in pairwise comparisons. (h) Sensitivity and specificity of “cov” and “meta”, when compared to the bulk DEG results for aging analyses. (i-k) Aging DEG contingency matrices displaying the number of genes identified as non-significant, up DEGs, and down DEGs in pairwise comparisons. (l-m) Concordance between the “cov” approach and the “meta: approach for each cell type (using cell-type donor pseudobulked counts rather than fully pseudobulked counts) for sex and aging, respectively.  
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[bookmark: _Toc221608505]Fig. S10 – Comparison of our study to Read et al. 2024: (a) Number of non-diseased donors (n=154) in our study. Our study includes 5 studies not included in the Read et al. 2024(46) study. (b) Number of non-diseased donors (n=73) analyzed in Read et al. 2024. (c) Comparison of sex DEGs identified in our study (using donor pseudobulked counts) versus Read et al. 2024 (using NEBULA(39) mixed effect model). (d) Comparison of aging DEGs identified in our study versus Read et al. 2024.  
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[bookmark: _Toc221608506]Fig. S11 – Sex differential expression and accessibility supplemental figures: (a) Number of cell types for which a gene is differentially increased in females or males. Sex chromosome genes are mostly shared across cell types. (b-d) Volcano plots show differentially expressed genes (DEGs) between males and females for cardiomyocytes, fibroblasts, and myeloid cells, respectively. (e-g) Volcano plots showing differentially accessible regions (DARs) between males and males for cardiomyocytes, fibroblasts, and myeloid cells, respectively. (h) Upset plot showing the number of DEGs for sex (male vs. female) in cardiomyocytes when combining all datasets, either using a meta-analysis approach (“combined-meta”) or with batch as a covariate (“combined-covariate”), or within individual studies. FRDM5 is found as significantly upregulated in males in all individual studies, and in both methods for the combined dataset. (i) Hallmark pathways that are enriched in males (positive normalized enrichment score) and females (negative normalized enrichment score).
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[bookmark: _Toc221608507][bookmark: _Hlk220922295]Fig. S12 – Aging differential expression and accessibility supplemental figures: (a) We investigated how the number of DEGs changed as a function of the number of donors. We performed five random subsamples of number of donors ranging from 50-299 and observed the number of DEGs identified for the sex and aging contrasts. (b) Number of cell types for which a gene is differentially increased across aging. Most genes are differential in only one cell type, but some genes such as PTCHD4 are increased in multiple cell types. Collagen isoforms are decreased with age in several cell types. (c) Volcano plot showing cardiomyocyte differentially expressed genes (DEGs) between old and young donors, which include SREBF1 and LDLR as decreasing with age and PTCHD4 increasing with age. (d) Fold changes of target genes of SREBF1 across aging, using a list of downstream genes based on ChIP-seq experiments. The p-value is determined based on empirical null distribution, which corresponds to the mean fold changes determined through 1000 random samplings of a gene set that is the same size as that of the SREBF1 targets. (e) Volcano plot showing fibroblast DEGs between old and young donors, which include PTCHD4 increasing with age. (f) Using a DESeq2 model that includes an interaction term (expression ~ sex + age + sex * age + tech_plus_study), few DEGs were identified. (g) One of the few positive sex-aging DEGs is CSMD1, which increases slightly in males with age while decreasing in females. This gene has been associated with heart failure in a recent GWAS in the Japanese population(50). 
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[bookmark: _Toc221608508][bookmark: _Hlk209610418]Fig. S13 – Other aging analyses: (a) Using the scanpy score_genes() function, we computed the per-nucleus activity score using three different gene sets for senescence. The “p16/p21 score” involves only two genes classically associated with senescence, p16 (CDKN1A) and p21 (CDKN2A). The “reactome score” includes the genes in R-HSA-2559583. The SenMayo score includes the genes in the SenMayo gene set. The mean senescence score per donor was computed. For each senescence score, the value was modeled using a fixed effect model: senescence_score ~ sex + age_group + tech_plus_study to obtain a coefficient and p-value. A positive coefficient corresponds to an increase in senescence with age, while a negative coefficient corresponds to a decrease in senescence. No cell types had statistically significant coefficients (Benjamini-Hochberg adjusted p-value < 0.05). (b) Transcriptional noise analysis using scallop(55). Three noise metrics (Euclidean distance, correlation distance, and scallop noise) were calculated for each cell type. The fold change of the mean between old vs. young was calculated, with statistical significance determined using the Wilcoxon ranked sum test. Aging was not associated with consistent increase in transcriptional noise across cell types and results varied based on the metric used. (c) Using an established method for computing percentage of loss of Y (LOY) in ATAC and RNA data(54), we measured the percentage of Y chromosome loss per donor. While aging tends to increase LOY across many cell types, no comparison was significant after Benjamini-Hochberg correction. (d) Gene set enrichment analysis results for aging contrast (positive normalized enrichment score = increased with age; negative normalized enrichment score = decreased with age).
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[bookmark: _Toc221608509]Fig. S14 – Additional development DEG analyses: (a) Number of cell types for which a gene is differentially increased across development. The mean number of DEGs shared across cell types (up: 2.52, down: 2.31) is higher than for sex (excluding sex chromosome genes) and aging. (b-d) Volcano plots showing significant genes across development for cardiomyocytes, fibroblasts, and myeloid cells, respectively. (e) Gene set enrichment analysis for genes ranked by decreasing fold change across development, showing positive normalized enrichment scores (up in fetal) for growth processes and negative enrichment scores (up in postnatal) for immune signaling in the fetal versus postnatal state. 
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[bookmark: _Toc221608510]Fig. S15 – Development trajectory analyses (a) Trajectories from fetal to non-diseased, calculated by aggregating gene expression along the density of fetal cells and non-diseased in the embedding space for cardiomyocytes, endothelial cells, fibroblasts, and myeloid. Genes were hierarchically clustered based on expression dynamics. (b) Cardiomyocyte trajectories for several genes belonging to different hierarchical clusters based on expression dynamics. (c) Gene set enrichment analysis for fetal-to-disease trajectory clusters.   
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[bookmark: _Toc221608511]Fig. S16 – Disease differential expression analysis (a-c) Volcano plots showing significant genes across disease (binarized to compare diseased vs. non-diseased) for cardiomyocytes, fibroblasts, and myeloid cells, respectively. (d) Comparison of DEGs for DCM, HCM, and ICM (non-binarized) vs. non-diseased, showing the degree of shared DEGs and different DEGs. (e) Jaccard similarity between up and down DEG sets between the three heart failure subtypes. 
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[bookmark: _Toc221608512]Fig. S17 – Disease trajectory analyses: (a) Trajectories from non-diseased to DCM, HCM, and ICM, calculated by aggregating gene expression along the density of fetal cells and non-diseased in the low-dimensional embedding. Genes were hierarchically clustered based on expression dynamics (top). Cardiomyocyte trajectories for several genes belonging to different hierarchical clusters based on expression dynamics (middle).  (b) Non-diseased to disease subtype trajectory analysis for endothelial cells. (c) Non-diseased to disease subtype trajectory analysis for fibroblasts. (d) Non-diseased to disease subtype trajectory analysis for myeloid cells.
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[bookmark: _Toc221608513]Fig. S18 – Disease and fetal overlap (a) Toy example of intersection analysis, showing the number of DEGs that are up and down in disease and up and down in fetal hearts. The intersecting DEGs are designated as “a”, “b”, “c”, and “d”. The degree of concordant DEG overlap is (a + d) / (a + b + c + d) (b) Example of the sets used to simulate a null distribution for degree of expected overlap. Information about how these sets are used to compute the null distribution is described in the Methods section (“DEG / DAR concordant overlap significance across contrasts”) (c) Intersection between disease subtype DEGs with fetal DEGs, showing a z-score for fetal reactivation (intersection between DEG sets) of each heart failure subtype. Statistical significance is considered a z-score >3. (d) Proportion of up and down DEGs per disease subtype that show the same direction for the fetal vs. young contrast. This represents that proportion of disease DEGs that are “fetal reactivation” DEGs.
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[bookmark: _Toc221608514]Fig. S19 – Additional cell-cell communication analyses with liana x tensorcell2cell: (a) Significant ligand-receptor interactions per cell-cell communication program (b) Contribution of receptor-expressing receiver cell types in each program (c) Contribution of ligand-expressing sender cell types in each program (d) Gene set enrichment analysis for ligand-receptor interactions in each program. 
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[bookmark: _Toc221608515]Fig. S20 – Kanemaru 2023 spatial non-diseased fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. All Kanemaru donors did not have any diagnosed disease. (a) HCAHeartST8795933 (b) HCAHeartST9383352 (c) HCAHeartST9383354 (d) HCAHeartST9383356 (e) HCAHeartST9383358. 
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[bookmark: _Toc221608516]Fig. S21 – Kuppe 2022 spatial non-diseased fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. This figure includes spatial scores for non-diseased donors (a) P1 (b) P7 (c) P8 (d) P17.
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[bookmark: _Toc221608517]Fig. S22 – Kuppe 2022 spatial fibrotic zone fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. This figure includes spatial scores for the fibrotic zones of these donors (a) P14 (b) P18 (c) P20.
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[bookmark: _Toc221608518]Fig. S23 – Kuppe 2022 spatial fibrotic zone + granulation tissue fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right.  This figure includes spatial scores for the fibrotic zone and granulation tissue of these donors (a) P4 (b) P19.


[image: ]
[bookmark: _Toc221608519]Fig. S24 – Kuppe 2022 spatial ischemic zone fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. This figure includes spatial scores for the ischemic zone and granulation tissue of these donors (a) P3 (b) P10 (c) P15 (d) P16.
[image: ]
[bookmark: _Toc221608520]Fig. S25 – Kuppe 2022 spatial ischemic zone and granulation tissue fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. Scores are weighted by the cell type proportions from cell2location. This figure includes spatial scores for the ischemic zone and granulation tissue of these donors (a) P9 (b) P9, second replicate (c) P13 (d) P15.
[image: ]
[bookmark: _Toc221608521]Fig. S26 – Kuppe 2022 spatial remote zone and border zone fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. This figure includes spatial scores for the remote zone and border zone of these donors (a) P2 (b) P3 (c) P12.
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[bookmark: _Toc221608522]Fig. S27 – Kuppe 2022 spatial remote zone fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. This figure includes spatial scores for the remote zone of these donors (a) P3 (b) P6 (c) P19 (d) P11.
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[bookmark: _Toc221608523]Fig. S28 – Kuppe 2022 spatial remote zone and fibrotic zone fetal reactivation: Gene activity scores were calculated using scanpy’s score_genes function. The gene scores for fetal reactivation genes (upregulated DEGs in both disease and fetal states), disease up DEGs, and a random set of genes of same size of fetal reactivation genes are shown for each donor. Scores are weighted by the cell type proportions from cell2location. Cell type proportions for the 5 most common cell types from snRNA-seq are shown on right. (a) Figure includes spatial scores for the remote zone and fibrotic zone of these donors P5 (remote zone and fibrotic zone). (b) Figure includes spatial scores for the remote zone and granulation tissue of these donors P2.
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[bookmark: _Toc221608524][bookmark: _Hlk209617612]Fig. S29 – DCM GWAS localization: Each box in the plot above is a lead SNP from either Zheng et al. 2024(173) and Jurgens et al. 2024(88), which were merged together into loci corresponding to the same 50 kb region with the same prioritized genes. For each lead SNP, we identified whether it intersected any cell-type specific peak-to-gene linkages. The plot shows the intersections that were identified and their linkage “strength” as computed by the scE2G score, ranging from 0 to 1. The top two different genes based on scE2G score were considered the epigenomic-prioritized genes (colored in blue), while the genes prioritized by the original study are in purple and indicated in the top left or right corner. Concordance was evaluated by comparing the target gene prioritized using our criteria versus the prioritized gene from Zheng et al. 2024(173) and Jurgens et al. 2024(88). If at least all gene(s) were shared between our prioritized gene list (blue) and the original study prioritized gene list, then we considered the two sets to be “fully concordant” (colored in green). If at least one between the two sets was concordant, then we considered the two sets to be “partially concordant” (colored in cyan). If no genes were shared between the two sets, then we considered the two sets to be “discordant”. 
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[bookmark: _Toc221608525]Fig. S30 – HCM GWAS intersection with peak-to-gene linkages: Each box in the plot above is a lead SNP from Tadros et al. 2025(90). For each lead SNP, we identified whether it intersected any cell-type specific peak-to-gene linkages. The plot shows the intersections that were identified and their linkage “strength” as computed by the scE2G score, ranging from 0 to 1. The top two different genes based on scE2G score were considered the epigenomic-prioritized genes (colored in blue), while the genes prioritized by the original study are in purple and indicated in the top left or right corner. Concordance was evaluated by comparing the target gene prioritized using our criteria versus the prioritized gene from Tadros et al. 2025(90). If at least all gene(s) were shared between our prioritized gene list (blue) and the original study prioritized gene list, then we considered the two sets to be “fully concordant” (colored in green). If at least one between the two sets was concordant, then we considered the two sets to be “partially concordant” (colored in cyan). If no genes were shared between the two sets, then we considered the two sets to be “discordant”. 
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[bookmark: _Toc221608526]Fig. S31 – Bulk tissue expression for prioritized genes of rs4616: (a) Bulk tissue expression of GSS, the gene prioritized by Jurgens et al. 2025 and Zheng et al. 2025. (b) Bulk tissue expression of MYH7B, the gene prioritized in our study through multiomic enhancer-to-gene linkage. Data is obtained from the GTEx Portal(4).  
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