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Single cell RNA sequencing (scRNA-seq) has highlighted the important role of intercellular 

heterogeneity that contributes to phenotype variability in both health and disease 1. 

However, current scRNA-seq approaches only provide a snapshot of gene expression and 

convey little information on the true temporal dynamics and the stochastic nature of 

transcription. A further key limitation is that the RNA profile of each individual cell can only 30 

be analyzed once. Here, we introduce single cell thiol-(SH)-linked alkylation of RNA for 

metabolic labeling sequencing (scSLAM-seq), which integrates metabolic RNA labeling 2, 

biochemical nucleoside conversion 3 and scRNA-seq to directly record transcriptional 

activity by differentiating between new and old RNA for thousands of genes per single cell. 

We employ scSLAM-seq to study the onset of lytic murine cytomegalovirus (CMV) infection. 35 

Cell cycle state and dose of infection deduced from old RNA enable dose-response analysis 

based on new RNA. scSLAM-seq thereby both visualizes and explains differences in 

transcriptional activity at single cell level. Furthermore, it depicts “on-off” switches and 

transcriptional bursting kinetics in host gene expression with extensive gene-specific 

differences that correlate with promoter-intrinsic features (Tbp-TATA-box interactions and 40 

DNA methylation). Gene- and not cell-specific features thus explain the heterogeneity in 

transcriptomes between individual cells and the transcriptional response to perturbations. 

 

Thiol-(SH)-linked alkylation for the metabolic sequencing of RNA (SLAM-seq) 3 involves briefly 

exposing cells to the nucleoside analog 4-thiouridine (4sU). 4sU is incorporated into new RNA 45 

during transcription and converted to a cytosine analog using iodoacetamide (IAA) prior to RNA-

seq. Sequencing reads originating from new RNA can be identified within the pool of total RNA 

reads based on characteristic U- to C-conversions. We applied SLAM-seq to resolve the onset of 

lytic murine cytomegalovirus (CMV) infection at the single cell level. After optimization for 

single-cell sequencing (scSLAM-seq; Fig. 1, Supplementary Methods), we performed scSLAM-50 

seq on 107 single murine fibroblast cells and in parallel analyzed global transcriptional changes of 

matched, larger (1x105) populations of cells (n=2) using (bulk) SLAM-seq. After quality filtering 

for cells with >2.500 detectable genes (Extended Data Fig. 1a), the remaining samples (49 CMV-

infected, 45 uninfected cells) displayed all the characteristics of high-quality scSLAM-seq libraries 

(Extended Data Fig. 1b) including U- to C-conversion rates of between 4 and 6% (Extended Data 55 

Fig. 1c-d). 4sU incorporation is thus both efficient and uniform at the single cell level.  
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Due to 4sU incorporation rates of about 1 in 50-200 nucleotides, up to >50% of all SLAM-seq 

reads that originate from new RNA may not contain U- to C-conversions. To overcome this 

problem, we developed Globally refined analysis of newly transcribed RNA and decay rates using 60 

SLAM-seq (GRAND-SLAM), a Bayesian method to compute the ratio of new to total RNA (NTR) 

in a fully quantitative manner including credible intervals (CI; Fig. 1) 4. Here, we report GRAND-

SLAM 2.0 for the parallel analysis of hundreds of SLAM-seq libraries derived from single cells. 

Quantification accuracy is further improved by analyzing long reads (150 nt) in paired-end mode 

(see Supplementary Methods), which allows reliably distinguishing 4sU conversions from 65 

sequencing errors within the overlapping sequences (Extended Data Fig. 1c-d). We obtained 

accurate measurements (90% CI < 0.2) for thousands of genes per cell thereby approaching the 

overall sensitivity of scRNA-seq (Extended Data Fig. 1e) and achieving high correlation (R>0.73) 

with bulk SLAM-seq (Extended Data Fig. 1f). 

 70 

Unbiased principal component analysis (PCA) of highly variable cellular genes (see 

Supplementary Methods, Extended Data Fig. 1g) could not separate CMV-infected from 

uninfected cells for either total RNA or old RNA, and only slightly for new RNA (Fig. 2a, 

Extended Data Fig. 1h-j). Intercellular heterogeneity thus exceeded the virus-induced changes, 

which are hardly detectable in total RNA by 2 h p.i. due to the slow turnover of mammalian 75 

mRNAs (see Extended Data Fig. 2a-d, Supplementary Methods and Supplementary Information 

Table 1). In contrast, PCA on the NTR separated uninfected from infected cells with high precision 

(Fig. 2a) and demonstrated a clear positive correlation with the extent of viral gene expression 

(Pearson’s correlation coefficient R=0.59, p=7.3x10-6; Extended Data Fig. 1j and 2d).  

 80 

Recently, La Manno et al. 5 reported that intronic reads from scRNA-seq data can be utilized to 

estimate time derivatives of gene expression in individual cells termed “RNA velocities”. These 

indicate the future trajectory of individual cells in low dimensional projections of gene expression 

space. However, neither an unbiased PCA computed on the respective RNA velocities, nor on the 

expression profiles projected into the future using the velocities, nor directly on intron/exon ratios 85 

separated infected from uninfected cells (Extended Data Fig. 3a). To directly compare scSLAM-

seq with RNA velocities computed for a larger population of cells, we performed 10x Chromium 
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droplet-based scRNA-seq on hundreds of uninfected (n=793) and CMV-infected (n=353) cells 

using the same experimental conditions. While PCA on mature transcripts (exonic reads only) did 

not separate uninfected from infected cells, the distinction was possible using intron/exon ratios 90 

(Extended Data Fig. 3b). However, no meaningful directionalities in the RNA velocities of both 

the scSLAM-seq and 10x data were observed (Fig. 2b). We utilized new and total RNA levels 

obtained by scSLAM-seq to replace intronic and exonic read levels and determine “NTR 

velocities”. Interestingly, these further discriminated infected from non-infected cells (Fig. 2c).  

 95 

To directly compare NTRs and RNA velocity, we asked which of them could best predict whether 

a gene was up- or down-regulated in large cell populations. Although this was possible to some 

extent using RNA velocities computed from dozens or hundreds of cells in scSLAM-seq or 10x 

data, respectively (area under receiver operating characteristic curve (AUC) 0.68 and 0.74), they 

were outperformed by using NTRs (AUC>0.94; Fig. 2d, Extended Data Fig. 3c). Moreover, NTRs 100 

could be determined for substantially more regulated genes (n=583) than velocities (n=131 or 

n=295, from scSLAM-seq and 10x data respectively). NTRs and RNA velocities thus convey 

different but complementary information (Extended Data Fig. 3d) and can be merged into NTR 

velocities to more reliably predict the future state of a cell. 

 105 

A fundamental question in virology is why infection of one cell results in extensive lytic virus 

replication while infection of a second cell does not. At 2 h p.i., CMV infection in most cells has 

already progressed from the “immediate early (IE)” (restricted to a few IE genes) to the “early” 

phase of infection, in which the most viral genes are already transcribed. While the majority of 

viral transcripts in all cells were new, we also observed substantial amounts of old RNAs of some 110 

viral genes (Extended Data Fig. 4). This represents virion-associated RNA that is delivered to the 

infected cell by the incoming virus particles 6. It correlated well with virion-associated RNA 

isolated from the virus stock source (R=0.48; Extended Data Fig. 5a-b) and thus provides a 

surrogate marker for the dose of infection which each individual cell has received. In contrast, new 

viral RNA reflects the infection efficacy. The dose of infection explained 52% of the variance in 115 

infection efficacy (Extended Data Fig. 5c). Accordingly, the amount of old viral RNA in the cells 

which hardly expressed any new viral RNA (Extended Data Fig. 4) was much lower than in the 

other cells indicating that these cells were not less permissive to CMV infection but simply 
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received a much lower dose of virus. Based on cell cycle signature genes, the cell cycle state both 

at the beginning and end of 4sU metabolic labeling can be inferred from old and total RNA, 120 

respectively, thereby providing cell cycle trajectories (Fig. 2e) 7. While lytic infection was initiated 

at all cell cycle stages, cells infected during G1 resulted in significantly stronger viral gene 

expression and cell cycle disruption (p<0.05; Extended Data Fig. 5d,e). This increased the 

explained variance in new viral gene expression to 59% (Fig. 2f). The efficiency by which lytic 

viral gene expression is initiated at single cell level in fibroblasts is thus well explained by the 125 

interplay of the dose of infection and cell cycle. 

To assess the effects of CMV infection on cellular gene expression, we identified differentially 

expressed genes between CMV-infected and uninfected single cells in total, new and old RNA 

using SC2P 8 (Supplementary Information Table 2). The majority (>60%) of both down- (61/87) 

and up-regulated genes (188/309) could only be uncovered by specifically considering new RNA 130 

(Fig. 3a). Bimodality of gene expression is a well-described feature in single cells 8,9. A bimodally 

expressed gene is undetectable in a subpopulation of cells but expressed in others. scSLAM-seq 

directly visualizes whether the promoter of a given gene in a cell was “on” within the studied time 

frame. Interestingly, we found that the majority of CMV-induced changes in new RNA are much 

more consistent with “on”-“off” dynamics rather than “up”- or “down”-regulation (Fig. 3b,c). 135 

CMV infection induces a strong type I interferon (IFN) and NF-κB response during the first 2 h of 

infection 10,11. Gene set analysis 12 from predicted transcription factor targets 13 and gene ontology 

terms demonstrated that both IFN and NF-κB activation was highly virus-dose dependent. 

However, while IFN activation was limited to about half of the infected cells NF-κB activation 

occurred in most CMV-infected cells (Fig. 3d, Extended Data Fig. 5f, Supplementary Information 140 

Tables 3 & 4). Virus dose-dependent activation of NF-κB in all cells is consistent with M45 

tegument protein-mediated activation of NF-κB at or upstream of the IKK complex 11. In contrast, 

IFN responses require the detection of pathogen-associated molecular patterns 14, are subject to 

autocrine and paracrine signaling and may thus show greater variability between individual cells 
15. To perform a more focused analysis, we defined both NF-κB- and IFN-responsive gene sets 145 

specific to CMV infection based on previously published data on NF-κB induction 16 and IFN 

treatment 2 using our bulk SLAM-seq data (Supplementary Information Table 5). The magnitudes 

of the IFN (Fig. 3e) and NF-κB (Fig. 3f) responses varied markedly between individual cells but 
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were both highly correlated with viral gene expression (Spearman’s ρ>0.52, p<3x10-4; Extended 

Data Fig. 5g,h). The majority of both NF-κB- and IFN-inducible gene expression thus arises in the 150 

most strongly infected cells, with the weakest responses being induced in cells infected during S 

phase (Extended Data Fig. 5i,j). 

Transcriptional activity at the single cell level is not a continual process but is comprised of 

intermittent bursts of transcription separated by minutes to hours of transcriptional inactivity 

indicative of temporarily non-permissive promoters 17,18. We reasoned that such bursting kinetics 155 

of a gene should be detectable by scSLAM-seq. To globally assess bursting kinetics, we defined 

gene-wise burst scores (B-scores) as the standard deviation of the NTR distribution from all 

uninfected cells in which RNA of the respective gene could be reliably quantified (90% CI of the 

NTR < 0.2; Supplementary Table 6; n=5,540). B-scores obtained from two independent biological 

replicates were highly correlated (R=0.74; Extended Data Fig. 6a). In some cases, extreme B-160 

scores close to 0.5 corresponded to genes with only a single or very few mRNA molecules (either 

new or old) detected in each cell (Extended Data Fig. 6b).  

Current scRNA-seq protocols either provide unique molecular identifiers (UMIs) to estimate the 

number of captured mRNA molecules and are strand-specific but only clone transcript ends (e.g. 

10x Chromium scRNA-seq), or they provide full-length mRNAs but no UMIs and lose strand-165 

specificity (e.g. Smart-seq). Our Smart-seq-based scSLAM-seq approach, at least in part, 

encompasses all three features. The random incorporation of 4sU into mRNA molecules provides 

nucleotide conversion-based unique molecular identifiers (nUMIs), which enabled us to estimate 

a lower bound of the number of new mRNA molecules sampled per cell and gene, and, by 

extrapolation (enUMIs), also of old mRNAs (Extended Data Fig. 6c-h and 7). Based on these 170 

conservative estimates of the number of sampled mRNAs, we found that more than 30% (1,718 

out of 5,540; adjusted p-value < 1%, χ2 test) of all detectable genes had greater variance (B-score) 

than expected from sampling (see Fig. 4a for examples). There was only a negligible correlation 

of the B-score with expression levels (Extended Data Fig. 8a). Moreover, the observed 

heterogeneity in the NTR did not result from cell cycle-dependent differences (Extended Data Fig. 175 

8b-e) but was associated with mRNA half-life (Extended Data Fig. 8f).  
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Unbiased gene ontology overrepresentation analysis revealed high gene B-scores to be associated 

with functional categories such as protein phosphorylation and ubiquitination (Supplementary 

Information Table 7). Promoter analyses identified six motifs to be significantly enriched for either 

low (TATA box motif) or high B-scores (CG-rich and purine-rich motifs; Extended Data Fig. 9; 180 

Supplementary Information Table 8). Correctly placed TATA boxes were most highly enriched 

(p<10-8), consistent with TATA box promoters driving frequent transcriptional bursts on the 

minute time-scale 19. No association with other core promoter motifs was observed (Fig. 4b). The 

CG-rich motifs could either correspond to binding sites of specific transcription factors that exhibit 

an oscillatory activation pattern, or reflect CpG-rich regions within the respective promoters. More 185 

than 50% of mammalian transcription initiates from promoters close to CpG islands (CGI 

promoters), which represent CpG-rich regions of dozens to hundreds of nucleotides. 

Hypermethylation of CpG islands is an epigenetic control mechanism of gene silencing 20. 

Bisulfite sequencing data from mouse fibroblasts 21 revealed significant correlation of methylated 

CGI promoters with low B-scores, whereas methylated non-CGI promoters tended to exhibit high 190 

B-scores (Fig. 4c). The same was also observed for TATA box-containing promoters (Fig. 4d). 

We confirmed these results by repeating these analyses for the 1,718 genes with significant B-

scores (Extended Data Fig.10a) and on the top 50% most strongly expressed genes (Extended Data 

Fig. 10b). While we cannot fully exclude that allelic differences in transcriptional activity and 

karyotype complexity of the cell line used here account for some of the observed effects 22, this 195 

does not explain the strong correlation of B-scores to promoter-intrinsic features. We propose a 

model in which DNA methylation within gene promoters is involved in the transient regulation of 

promoter activity on the time-scale of hours by temporarily rendering gene promoters non-

permissive. Finally, B-scores were highly correlated with the observed heterogeneity in the 

transcriptomes of individual cells (Fig. 4e). Gene promoter-specific features thus represent a major 200 

contributor to intercellular heterogeneity. 

Metabolic labeling using 4sU is applicable to all major model organisms including vertebrates, 

insects, plants and yeast. The purine analog 6-thioguanine (6sG) now also enables G- to A-

conversions by oxidative-nucleophilic-aromatic substitution (TimeLapse-seq chemistry) 23. Short, 

consecutive pulses of 4sU and 6sG followed by thiol-(SH)-mediated nucleoside conversions may 205 

enable two independent recordings of transcriptional activity in single cells. Finally, scSLAM-seq 

combined with CRISPR-based perturbations will greatly improve the sensitivity of the respective 
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approaches to decipher the molecular mechanisms with major implications for developmental 

biology, infection and cancer.  

 210 
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Figure Legends 
 270 
Figure 1. scSLAM-seq resolves transcriptional activity at the single-cell level.  

Overview of scSLAM-seq and GRAND-SLAM. Nascent transcripts are labeled prior to or upon CMV 

infection by adding 500 µM 4sU to the cell culture medium for 2 hrs. Following single-cell sorting and 

RNA isolation, 4sU is converted into a cytosine analog by iodoacetamide (IAA) and SMART-seq libraries 

are prepared and sequenced. GRAND-SLAM identifies thymine to cytosine mismatches and estimates both 275 

the ratio of newly transcribed to total RNA (NTR) and expression estimates of “old” and “new” RNA 

(TPM: transcript per millions).  

 

Figure 2. scSLAM-seq and NTR velocities. 

a, Principal component analysis (PCA) of highly variable cellular genes separates infected (n=2 replicates, 280 

49 cells) and uninfected (n=2 replicates, 45 cells) cells only based on the NTR but not based on total, old 

or new RNA (AUC: Area under the receiver operating characteristics curve; PC: principal component). b, 

PCAs computed on regulated genes (see Extended Data Fig. 2c) with RNA velocities indicated by arrows 

for the scSLAM-seq (left; uninfected: n=2 replicates, 43 cells; infected: n=2 replicates, 44 cells) or the 10x 

(right; uninfected: n=2 replicates, 793 cells; infected: n=2 replicates, 353 cells) data. c, PCAs generated as 285 

in b (left) but showing NTR velocities computed using new and total instead of unspliced and spliced 

counts. d, NTRs or RNA velocities computed on the scSLAM-seq or 10x data were used to predict up-or 

down-regulation of genes regulated >2-fold in bulk RNA-seq. The number of utilized genes as well as the 

AUCs are indicated. NTRs were also filtered to the same set of genes as the 10x data (same cells as in b for 

scSLAM-seq and 10x). e, Cell cycle progression (G1, S and G2/M) for the uninfected (mock, n=2 replicates, 290 

45 cells) and CMV infected cells (n=2 replicates, 49 cells) showing trajectories based on cell cycle states 

deduced from old RNA (base of arrows) and total RNA (tip of arrows). f, Scatter plot comparing the 

predicted extent of viral gene expression per individual cell (n=2 replicates, 49 cells) based on cell cycle 

state and dose of infection with the observed expression. The coefficient of determination (R2) is indicated 

(p according to likelihood ratio test). 295 

 
Figure 3. scSLAM-seq depicts the mode of gene regulation and differentially activated pathways in 

single cells.  

a, Venn diagrams representing up- and down-regulated genes upon CMV infection called using single-cell 

two-phase testing procedure (SC2P) (10% false discovery rate) and based on either total, new or old RNA. 300 

b, Left: Regulated genes in new RNA are classified by SC2P according to the mode of regulation (on/up, 

off/down). Middle/Right: RNA half-life distributions of up/down genes are compared to on/off genes, 

respectively (two-sided Wilcoxon rank-sum test). c, Npc2, Psme2b, Fosl2, Mcl1 illustrate the different 
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modes of regulation in new RNA. Grey: uninfected cells (n=2 replicates, 45 cells), Red: CMV-infected 

cells (n=2 replicates, 49 cells). The percentage of cells not expressing a transcript is indicated below each 305 

violin plot. Average expression levels are indicated to the right of every violin plot. The y-axis indicates 

read counts normalized to spike-in controls. Violins show kernel density estimates. d, Unbiased pathway 

analysis (“PAGODA”) 12 of new RNArevealed transcriptional signatures and transcription factors targets 

(TF) associated with uninfected and CMV-infected cells. e, Standardized expression levels of interferon 

(IFN)-responsive genes of each cell are depicted for new RNA. Cells are ordered according to the total 310 

percentage of viral reads. f, Standardized NF-κB-responsive gene expression levels and signature scores 

are depicted as in e.  

 
Figure 4. scSLAM-seq reveals bursting kinetics and core features of heterogeneity in transcription. 

a, Representative genes with different burst scores (B-score, increasing from left to right). Shown are the 315 

estimated number of captured molecules based on enUMIs with associated 90% credible intervals. The 

average enUMI count, the UMI count from the 10x experiment as well as the p-value from the χ2 test are 

indicated. Grey: uninfected cells (n=2 replicates, 45 cells), Red: CMV-infected cells (n=2 replicates, 49 

cells). b, Promoter structure analysis reveal TATA boxes to be highly enriched in promoters of genes with 

low B-scores. Log-transformed p-values are indicated (two-sided Wilcoxon rank-sum test, n=2 replicates, 320 

45 cells). c, B-score distributions for CpG island (CGI) promoters and non-CpG island (non-CGI) 

promoters stratified by DNA methylation status in bisulfite sequencing experiments are shown. Only 

promoters without TATA boxes were considered. P-values for differences of scores in strata are indicated 

(two-sided Wilcoxon rank-sum test, n=2 replicates, 45 cells). Boxplots denote the median (center line) and 

interquartile range (box), with whiskers both extending to three times the interquartile range. d, The same 325 

as in c but considering TATA box promoters only. e, B-scores for each gene are scattered against the 

coefficient of variation (CV) of total RNA across cells. Genes were stratified according to their RNA half-

life (t½). The percentage of non-drop-out cells is indicated. (XCPE1 & 2 = X core promoter element 1 and 

2, TCT = polypyrimidine initiator element, MTE = Motif 10 element, INR = Initiator element, DPE = 

Downstream promoter element, BREu = TFIIB recognition element upstream of TATA box, BREd = TFIIB 330 

recognition element downstream of TATA box).  
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available at zenodo (doi: 10.5281/zenodo.1299119). 
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Extended Data Figures and Tables 

Extended Data Figure 1. scSLAM-seq quality controls 

a, Total number of genes detected after scSLAM-seq across all four experimental conditions (uninfected 

and CMV-infected cells; two biological replicates) versus the total read counts per single-cell. The 385 

horizontal line indicates a threshold below which cells were excluded from the analysis. b, Partition of 

reads devoted for host (cellular), viral, spike-in control (ERCC) and mitochondrial genes (Mitoch) across 

all individual cells. c, Rates of nucleotide substitutions demonstrate efficient conversion rates in 4sU-treated 

single cells (4sU) compared to 4sU-naïve cells (no4sU). This was true for reads originating from both 

cDNA strands (sense and antisense) as well as overlapping parts of the paired-end sequencing (overlap). d, 390 

The same as panel c, zoomed into the range (y axis) 0 to 0.004. e, Number of genes per cell for which the 

NTR could be quantified with high precision (90% credible interval (CI) < 0.2) compared to the detected 

genes and reliably detected genes (TPM>10). f, Correlation between expression levels of bulk RNA-seq 

with the pooled single-cell RNA-seq data for total, new and old RNA. Genes are colored according to RNA 

half-life. Pearson’s correlation coefficient (R) and the number of genes used (n) are indicated. g, 395 

Identification of highly variable genes (highlighted in magenta) using ERCC spike-ins to model the 

technical noise applied to total RNA (1% false discovery rate). Squared coefficients of variation (CV2) are 

plotted against the average normalized read counts for all cells that pass the quality control filters. The solid 

pink line fits the average values for ERCC spike‐ins (blue dots) 24. The dashed line marks the expected 

position of genes with 50% biological CV. h, Principal component analysis (the two first components are 400 

depicted) of highly variably genes including the viral transcripts (infected: n=2 replicates, 49 cells; 

uninfected: n=2 replicates, 45 cells). i, Correlation of the percentage of viral reads with the distance to 

uninfected cells in the first two principal components as measured by logistic regression for the PCA in 

panel f (n=2 replicates, 49 cells). j, The same analysis as in i for the PCAs in Fig. 2a (n=2 replicates, 49 

cells). 405 

Extended Data Figure 2. Half-life estimates and PCA on regulated genes 

a, Correlation between RNA half-lives estimated from bulk SLAM-seq (n=2 replicates). b, The log2 fold 

change (FC) of total RNA from bulk SLAM-seq is scattered against the log2 fold change of new RNA from 

bulk sequencing, stratified for different RNA half-lives (average of n=2 replicates). c, PCAs on genes that 

are differentially expressed in new RNA from the bulk experiments (absolute log2 fold change > 0.5). Top: 410 

PCA on genes with short RNA half-lives (<2h) are shown. Bottom: The same for long RNA half-lives 

(>4h). Left to Right: PCA was performed using total, old or new RNA, or the NTR (ARI: Adjusted Rand 

index, infected: n=2 replicates, 49 cells; uninfected: n=2 replicates, 45 cells). d, Correlation analysis of the 
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PCAs from panel c with the percentage of viral reads. Pearson’s correlation coefficients are indicated (see 

Extended Data Fig. 1j; n=2 replicates, 49 cells).  415 

 

Extended Data Figure 3. RNA and NTR velocities 

a, PCAs computed on velocity values, on expression values projected 1 h into the future using velocity and 

the intron/exon count ratio for the scSLAM-seq data using the same set of genes as in Fig. 2a are shown 

(uninfected: n=2 replicates, 43 cells; infected: n=2 replicates, 44 cells). b, PCA for the 10x data on the same 420 

set of genes as used for Fig. 2a based on mature transcripts (exonic reads only; left panel) marginally 

separated uninfected from infected cells. In contrast, based on the ratio of intronic/exonic reads (right 

panel), infected cells were almost perfectly separated from uninfected (right; uninfected: n=2 replicates, 

793 cells; infected: n=2 replicates, 353 cells). c, Same as Fig. 2d, only here the velocities were computed 

based on degradation rates estimated from uninfected cells only, i.e. not violating the steady-state 425 

assumption but supplying the class labels (i.e. violating the blind test of prediction). d, Scatterplot 

comparing NTRs with velocities from the 10x scRNA-seq data are shown for down- and up-regulated 

genes. 

 

Extended Data Figure 4. scSLAM-seq differentiates incoming virion-associated RNA from de novo 430 

transcribed viral RNA 

Heatmaps showing the levels of old and new RNA relative to the maximal total level for each viral gene 

(rows) per CMV infected cell (columns). Cells are sorted according to the percentage of viral reads among 

all reads from the cell. Kinetic classes are indicated (IE: immediate early, E: early, L: late, ND: not defined). 

The ratio of new to old RNA (log2 new/old) and total expression from pooled cells for each viral gene are 435 

depicted. 

 

Extended Data Figure 5. Correlation of viral gene expression with dose of infection and cell cycle 

a, Comparison of virus stock-derived RNA (virion-associated RNA) and old RNA levels of CMV genes. 

Mean levels obtained from 4 independent virus stock vials and mean expression levels in the CMV-infected 440 

cells (n=2 replicates, 49 cells) are compared. The colors indicate viral genes of different kinetic classes 

(IE/E = immediate early and early, L=late, TL=true late, unknown). Pearson’s correlation coefficient is 

indicated. b, Same comparison as in panel a but now normalized for the total expression levels of the 

respective genes in the CMV-infected cells. Pearson’s correlation coefficient is indicated. c, Scatter plot 

comparing the predicted extent of viral gene expression per individual cell (n=2 replicates, 49 cells) based 445 

on the dose of infection with the observed expression (p according to likelihood ratio test). d, Distribution 

of viral reads for cells in G1 (n=9 cells), S (n=20 cells) or G2/M (n=20 cells) phases at the beginning of 
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infection. The p-value of a two-sided test is indicated. Boxplots denote the median (center line) and 

interquartile range (box), with whiskers both extending to three times the interquartile range. Dots represent 

outliers. e, Extent of cell cycle disruption based on cell cycle projectories derived from old and total RNA 450 

of uninfected (mock; n=2 replicates, 45 cells) and CMV-infected cells (n=2 replicates, 49 cells) for G1, S 

phase and G2/M. Individual cells are shown as dots. P-values of two-sided tests are indicated. Boxplots 

denote the median (center line) and interquartile range (box), with whiskers both extending to three times 

the interquartile range. f, Unbiased pathway and gene set overdispersion analysis (“PAGODA”) 12 revealed 

gene ontology terms associated with mock- and CMV-infected cells. The fraction (total, new, old) in which 455 

each signature was found is indicated. g,h, The NF-κB (g) or IFN (h) response signature score for each cell 

(n=2 replicates, 49 cells) is plotted against its viral RNA content. The linear regression fit, its 95% 

confidence interval and Spearman’s ρ are indicated. i,j Distribution of the extent of the NF-κB (i) and IFN 

(g) response for cells in G1 (n=9 cells), S (n=20 cells) or G2/M (n=20 cells) phase at the beginning of 

infection. P-values of two-sided tests are indicated. Boxplots denote the median (center line) and 460 

interquartile range (box), with whiskers both extending to three times the interquartile range. Dots represent 

outliers. 

Extended Data Figure 6. B-scores, nUMIs and transcriptional bursts 

a, Correlation of B-scores (n=2 replicates). Pearson’s correlation coefficient is indicated. b, The number of 

old and new molecules (estimated by regression analysis with RNA spike-ins) is shown for Hif1a and 465 

Atg12. Both show extreme NTR variance, which results from very few sampled mRNA molecules. Dots 

represent maximum a posteriori estimates of uninfected (mock; n=2 replicates, 45 cells) and CMV-infected 

cells (n=2 replicates, 49 cells), error bars are 90% credible intervals provided by GRAND-SLAM. c, The 

average mRNA copy numbers obtained from Schwanhäusser et al. 25 are scattered against the average copy 

numbers estimated by regression analysis with RNA spike-ins (two-sided p-value < 2x10-16, t test on 470 

Pearson’s correlation coefficient; see Supplementary Methods). d, The fraction of genes with nUMIs>0 for 

all cells with detectable reads is shown for the 6 samples that were not labeled with 4sU. e, The distribution 

of gene-wise detection rates is shown for all genes that were detected at least once in the 10x and the 

scSLAM-seq data (n=12,784). A gene is called detected with at least one UMI or read in the 10x and 

scSLAM-seq data, respectively. f, The distributions of nUMI or UMI counts per cell are shown for 475 

uninfected and infected cells in the scSLAM-seq and 10x experiments, respectively. g, The average copy 

number obtained in Schwanhäusser et al. 25 is plotted against the average number of UMIs and nUMIs from 

the 10x uninfected (n=2 replicates, 353 cells) and scSLAM-seq (n=2 replicates, 45 cells) experiments, 

respectively. Lines represent the median capture rates. h, The same as panel f, but using extrapolated nUMIs 

(enUMIs). 480 
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Extended Data Figure 7. Genome browser screenshots visualizing nUMIs for exemplary genes 

a, Example genome viewer screenshot of two single cells for the Atg12 gene showing individual reads. 

Gray and black parts of the bars represent the singly and doubly sequenced parts. The genomic sequence is 

color-coded on top (A: red, C: green, G: blue, T: orange). Mismatches are indicated on the reads with the 

same color code. On doubly sequenced parts, the upper and lower triangle represents the corresponding 485 

mismatches of the first and second read, respectively. In cell 84, there are two characteristic 4sU 

mismatches, which are observed in all reads. In cell 29, there are 6 mismatches, which are distinct from 

those observed in cell 84. In both cells only a single new transcript with stochastic 4sU incorporation thus 

gave rise to the respective reads. b, Example genome browser screenshot for the Sqle gene. Here, at least 4 

(nUMI=4) mRNAs gave rise to the observed reads. However, as not all reads overlap, this is likely to be an 490 

underestimation of the actual number of cloned transcripts. 

Extended Data Figure 8. B-scores reflect stochastic transcriptional activity in single cells 

a, Comparison of B-score (from n=2 replicates, 45 cells) with bulk RNA expression levels stratified by 

RNA half-life. Shown are the r2 values of ordinary linear regression (lines indicated). Especially for genes 

with short-lived transcripts, there was no correlation indicating that high B-scores are not due to inefficient 495 

RNA capture (TPM: transcripts per million). b, Pearson’s correlation coefficient of NTR values for the top 

10% most variable genes for pairs of cells (n=2 replicates, 45 cells) either in the same cell cycle phase 

(purple), or in different cell cycle stages (green). Boxplots denote the median (center line) and interquartile 

range (box), with whiskers both extending to three times the interquartile range. Dots represent outliers. c, 

Cells (n=2 replicates, 45 cells) were ordered according to the cell cycle using reCAT (x axis). Shown is the 500 

correlation of each cell with the next cell in the order, or the cell farthest away in the order (opposite). 

Pearson’s correlation coefficients were computed on the NTR values of the top 10% most variable genes. 

Boxplot elements are defined as in panel b. d, Heatmap showing the NTR values for marker genes of the S 

and G2/M cell cycle phases. Grey fields indicate undetected genes. Cells (columns, n=2 replicates, 45 cells) 

were ordered according to the log odds (on-off vs. S-G2/M). Log odds and associated p-values (two-sided 505 

Fisher’s exact test, corrected by Benjamini-Hochberg) are indicated on the top. Genes (rows) were ordered 

according to the correlation of their NTR values with the log odds order. e, Distribution of the Spearman 

correlation coefficient of the top 10% most variable genes (B-score against cell cycle log odds order, see 

panel d). For the sake of comparison, cells were permuted randomly 100 times, and the corresponding 

distributions of the correlation coefficient are indicated. f, Scatter plot of RNA half-lives and the fraction 510 

of “On” cells (n=2 replicates, 45 cells)  among all cells with the gene in either “On” or “Off” state. 
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Extended Data Figure 9. Sequence logos overrepresented in promoter regions of dichotomous genes 

Sequence logos of the transcription factors with significantly enriched binding sites among genes with low 

(Tbp) or high (Patz1, Pml, Chd1, Sin3a, Zbtb14) B-scores obtained from the Swissregulon database 13. 515 

Extended Data Figure 10. Bursting kinetics analyses repeated for subsets of genes 

a, The same analyses as in Fig. 4a-e  repeated only for the n=1,718 significantly regulated genes according 

to the heterogeneity test (based on nUMIs and enUMIs; see Supplementary Methods). Boxplots denote the 

median (center line) and interquartile range (box), with whiskers both extending to three times the 

interquartile range. P-values according to two-sided Wilcoxon test are indicated. b, The same analyses as 520 

in Fig. 4a-e  repeated for genes with the top 50% (n=2,770) expressed genes. Boxplot elements and p-values 

are defined as in panel a. 

 
 
  525 
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Supplementary Information Table 1. RNA half-lives based on new/total RNA ratios (NTR) of 105 

cells 

RNA half-lives were determined for >13,500 cellular genes based on the NTR measured in a large 

population of cells in parallel to the scSLAM-seq experiments (two biological replicates). In addition, the 

virus-induced fold-changes (logFC) in total, new and old RNA are shown. 530 

Supplementary Information Table 2. List of differentially expressed genes in CMV infection 

Differentially expressed genes during CMV infection called using single-cell two-phase testing procedure 

(SC2P) (10% false discovery rate) or SCDE based on either total, new or old RNA. Regulated genes in new 

RNA are classified by SC2P according to the mode of regulation (On/Up, Off/Down). “Corrected” z-scores 

as reported by SCDE are shown. In addition, the RNA half-life of the respective genes is shown. 535 

Supplementary Information Table 3. List of transcription factors (TF) identified to be involved in 

CMV-induced differential gene expression 

Transcription factors with predicted binding sites (Swissregulon DB) enriched among differentially 

expressed genes were called using the PAGODA algorithm. They were clustered according to the similarity 

of their profiles across the cells, and a combined label was assigned as indicated. 540 

Supplementary Information Table 4. Gene ontologies overrepresented in cellular differentially 

regulated in CMV infection 

Gene ontology terms enriched among differentially expressed genes were called using the PAGODA 

algorithm. They were clustered according to the similarity of their profiles across the cells, and a combined 

label was assigned as indicated. 545 

Supplementary Information Table 5. Signatures of IFN- and NF-κB-responsive genes in new and old 

RNA 

IFN and NF-κB regulated genes in CMV infection were defined by intersecting experimental data of IFN 

or NF-κB induction with up-regulated genes in the SLAM-seq experiments. PCA based signatures are 

indicated based on old and new RNA. 550 

Supplementary Information Table 6. List of expression levels, RNA half-life and B-score for >5,500 

cellular genes 

B-scores, computed for genes in which the new/total ratio was precisely quantified in at least 8 cells are 

indicated here in addition to the corresponding RNA half-lives and expression levels. 
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Supplementary Information Table 7. Gene ontologies over-represented in genes with high or low B-555 

scores 

Over-represented GO terms were identified using GOrilla (N is the total number of genes, B is the total 

number of genes associated with a specific GO term, n is the number of genes in the top of the B-score 

sorted list and b is the number of genes in the intersection; Enrichment = (b/n) / (B/N)). One-sided p-values 

and Benjamini-Hochberg corrected q values are indicated. 560 

Supplementary Information Table 8. List of all transcription factors used for B-score related 

promoter analyses 

The number of predicted targets per transcription factor (according to Swissregulon DB), the median B-

scores for targets and non-targets, the p-value (two-sided Wilcoxon rank-sum test) and the corrected p-

value (q-value; Benjamini-Hochberg) are indicated. 565 
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Virus stock production and titration 

Virus stocks were produced on M2-10B4 bone marrow stroma cells. In brief, seven large 15-

cm dishes of confluent M2-10B4 cells were trypsinized combined in 70 ml of fresh cell culture 

medium in a 500 mL bottle. 10 mL of virus inoculum from fully lyzed cells (corresponding to 

an MOI of about 0.1) was added. Following 5 min of incubation at room temperature, the bottle 

was filled up to 400 mL medium and 20 mL of cells were plated on to 20 large dishes. When 

cells were lyzed at around day 5 post infection, both supernatant and cells were harvested 

and stored at -80°C.  

Following thawing, cells and cell debris were pelleted for 15 min at 6000 g in a GSA rotor. 

Supernatant was collected and placed on ice. Cell pellets were dounced 20x in 4ml of medium 

in a -20°C prechilled douncer. Cell debris was spun down for 10 min at 12,000 g in a SS-34 

rotor. The two supernatants were pooled. Virus was pelleted for 3 h at 28,000 g in a GSA rotor 

and the supernatant was discarded. Following the addition of 3 mL of fresh ice cold virus 

standard buffer (VSB: 50 mM Tris/HCl, 12mM KCl, 5 mM EDTA, pH 7.8), the pellet was 

allowed to soften over night at 4°C. Following 20x douncing of the virus suspension, virus 

stock was cleared twice by centrifugation at 1,000 g for 3 min in an Eppendorf table top 

centrifuge. Aliquots were snap frozen in liquid nitrogen and stored at -80°C until use. Virus 

stocks were titrated on NIH-3T3 cells in 10-fold dilutions using centrifugal enhancement (30 

min 800 g: to match the infection conditions) by culturing cells in Carboxymethylcellulose 

containing medium supplemented with 2.5% instead of 10% NCS (to reduce cell proliferation). 

Virus plaques were counted at day 4 post infection.  

 

Sequencing of virus stock-derived RNA 

Old RNA levels of viral transcripts serve as a surrogate marker for the dose of infection each 

individual cell has received. To compare this to the virion-associated RNA within the employed 

virus stock, we sequenced total RNA from the employed virus-stock. RNA was extracted from 

1x108 plaque forming units per mL of virus stock with the Quick-RNA Viral kit (Zymo) by using 

10 μL from 4 independent viral stocks (A, B, C, D). RNA was eluted in 6 μL nuclease-free 
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water and 3 μL were used for the Smart-seq v4 low input reaction (Takara) with one-quarter 

of the recommended reagent volumes. ERCC spike-in control was added to a dilution of 1:20 

millions. Viral stock D was processed without ERCC spike-in. Libraries were prepared using 

Nextera XT (Illumina) using a quarter of the recommended reagent volumes, pooled and 

sequenced in paired-end mode on the NextSeq 500 sequencer (IIIumina) using the Mid Output 

2×75 cycle kit. 

 

Virus infection and metabolic RNA labeling 

Murine NIH-3T3 fibroblasts were cultured and passaged in Dulbecco's modified Eagle's 

medium (DMEM) supplemented with 10% newborn calf serum (NCS) and Penicillin 

Streptomycin (P/S). 1x105 cells per well were seeded overnight on a 24-well plate. Cells were 

infected 24 h later with BAC-derived wild-type MCMV Smith strain (m129 repaired) at an MOI 

of 10 using centrifugal enhancement at 800 g for 30 min at room temperature. Mock infected 

cells were also subjected to spin-occulation. Immediately after spin-occulation, virus inoculum 

was removed and replaced with fresh, pre-warmed medium containing 500 µM 4-thiouridine 

(4sU), which was derived from 50 mM stock solutions dissolved in water and stored at -20°C 

in small aliquots for one-time use. Metabolic labeling was performed for 2 hrs at 37°C. Cells 

were detached using Trypsin/EDTA and washed twice in cold PBS after centrifugation at 1,400 

rpm and finally resuspended in 700 µL cold PBS. Two biological replicates were analyzed that 

comprised cells split independently for three passages but then infected and harvested at the 

same time. 

 

Single cells were immediately sorted using a FACSaria III (BD Biosciences; precision: single-

cell; nozzle: 100 μm) into individual wells of a 48-well plate (Brand) filled with 4 µL of a 

hypotonic lysis buffer containing 2 U/µL RNase inhibitor (Takara) and 0.2 % Triton-X-100 in 

Nuclease-free water. Single-sorted cells were spun down, immediately chilled to 4°C and 

stored at −80 °C. In parallel, cells from a single well of a 6-well dish (1x106 cells) per condition 

and replicate (n=2) were subjected to the same procedure (mock and CMV infection) and 
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subjected to standard SLAM-seq as described 28. In this case, total cellular RNA was isolated 

using Trizol (Invitrogen) and the library preparation was done by TruSeq stranded mRNA kit 

(Illumina). Two biological replicates were analyzed. 

 

scSLAM-seq 

After thawing the plates for 3 min at room temperature, 0.4 µL of 10X PBS (pH=7.4, Ambion) 

was added to each well followed by dispensing 4.4 µL of 2x Iodoacetamide (IAA) (Thermo 

Scientific) to reach a final concentration of 10 mM IAA and 50% DMSO. The reaction mixture 

was incubated for 5 min at 50°C. The IAA reaction was quenched by adding 1.3 µL of 0.1 M 

DTT (final concentration of 15 mM) and incubation for 5 min at room temperature. ERCC 

spike-in control (Thermo Fisher, mix 1, dilution 1:2 millions) was added to each well (except 

for the negative control). RNA was isolated using a 1:1 volume of RNA XP magnetic beads 

(Beckman Coulter). After 10 min incubation at room temperature, the beads were washed 

twice with 50 µL 80% freshly-prepared EtOH on the magnetic stand and the dried beads 

pellets were resuspended in 4 µL elution buffer (0.8 U/μL RNAse inhibitor (Takara), 0.5 µL 

CDS primer in RNAse free water) immediately followed by an incubation at 72°C for 3 min. All 

the following experimental steps were performed using the Smart-seq v4 low input kit (Takara) 

with one-quarter of the recommended reagent volumes. The PCR amplification was performed 

according to the manual using 24 cycles. Libraries were quantified by QubitTM 3.0 Fluometer 

(ThermoFisher) and quality was checked using 2100 Bioanalyzer with High Sensitivity DNA 

kit (Agilent). 0.5 ng of each library was subjected to a tagmentation-based protocol (Nextera 

XT, Illumina) using a quarter of the recommended reagent volumes, 10 min for tagmentation 

at 55 °C and 1 min extension time during PCR for multiplexing. After PCR, the libraries were 

purified using AMPure XP beads and eluted in 13 µl of resuspension buffer. Libraries were 

pooled and sequenced in paired-end mode on the NextSeq500 sequencer (IIIumina) using 

the High Output 2×150 cycle kit.  
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10x Genomics Chromium single-cell RNA-seq 

NIH-3T3 cells were cultured and infected as described above. Cells were trypsinized, washed 

twice in ice cold PBS with 0.04% BSA and loaded in the Chromium™ Controller for partitioning 

single cells into nanoliter-scale Gel Bead-In-EMulsions (GEMs). Single Cell 3’ reagent kit v2 

was used for reverse transcription, cDNA amplification and library construction (10x 

Genomics) following the detailed protocol provided by 10xGenomics. SimpliAmp Thermal 

Cycler was used for amplification and incubation steps (Applied Biosystems). Libraries were 

quantified by QubitTM 3.0 Fluometer (ThermoFisher) and quality was checked using 2100 

Bioanalyzer with High Sensitivity DNA kit (Agilent). Sequencing was performed in paired-end 

mode with S1 2 × 50 cycles kit using NovaSeq 6000 sequencer (Illumina). 

 

Data processing and analysis 

Data were analyzed using the following three steps: 

1. Read mapping to generate bam files of the sequencing data 

2. GRAND-SLAM analysis to produce gene tables from the bam files 

3. Downstream analyses on the obtained data  

 

Step 1: Read mapping 

Base calling was done by the internal software of the NextSeq 500 sequencer "NextSeq 

Control/RTA v2” and bcl2fastq2 Conversion Software v.2 was used to demultiplex the pooled 

libraries and to convert the BCL files generated by the sequencer to standard FASTQ files for 

downstream analysis.  

Reads were trimmed using Trimmomatic 0.36 (ref 29)  

(Smart-seq libraries: CTGTCTCTTATACACATCTCCGAGCCCACGAGA and 

CTGTCTCTTATACACATCTGACGCTGCCGACGA,  

TruSeq Libraries: AGATCGGAAGAGCACACGTCTGAACTCCAGTCA and 

AGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT).  
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Trimmed reads were mapped to a combined reference of the mouse (Ensembl v90) and 

MCMV (BAC-derived Smith Strain: C3X-m129-repaired) genomes and the ERCC spike-in 

sequences using STAR 2.5.3a with the following parameters:   

--outFilterMismatchNmax 20 --outFilterScoreMinOverLread 0.4 --

outFilterMatchNminOverLread 0.4 --alignEndsType EndToEnd --outSAMattributes nM MD 

NH.  

 

Step2: GRAND-SLAM analysis pipeline 

We first analyzed the bulk sequencing (TruSeq) libraries using GRAND-SLAM and genome 

indices prepared from both the mouse genome (Ensembl version 90) and the MCMV genome. 

Using GRAND-SLAM’s standard parameters, SNPs and the error rate regression model were 

inferred from all 5 samples and the no4sU bulk sample, respectively. Due to higher and more 

irregular error rates at the beginning of the sequencing reads, we excluded the first 10 bases 

from analysis by using the -trim5p 10 parameter. For the scSLAM-seq libraries, we first 

analyzed the data from the first plate which also contained the no4sU samples. We supplied 

the identified SNPs from the bulk sequencing experiment (by using the snpdata file produced 

by GRAND-SLAM from the bulk data). Here, we ignored the first 25 bases (-trim5p 25). The 

identified linear regression model parameters were subsequently used to process the second 

plate (which did not contain any no4sU samples) via the parameters -errlm 'TA*0.8359' -errlm2 

'TA*2.802'. 

 

GRAND-SLAM 2.0 

Our original GRAND-SLAM method (3) is based on the following binomial mixture model: 

𝑃 𝑦; 𝑝 , 𝑝 , 𝑛, 𝜋 1 𝜋 𝐵 𝑦; 𝑛, 𝑝 𝜋 𝐵 𝑦; 𝑛, 𝑝  

𝑦 is the number of T to C mismatches observed for a read covering 𝑛 thymines, 𝑝  and 𝑝  

are the probabilities of observing a T to C mismatch in RNA synthesized prior to or after 4sU 

labeling, respectively, and 𝐵 is the binomial probability mass function. 𝑝  and 𝑝  can be 
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estimated directly from the data in each individual sample. 𝜋  is the new-to-total ratio that 

can be estimated for each gene 𝑔 based on the observed reads using Bayesian inference. 

For scSLAM-seq, we implemented the following improvements: 

 SNPs are filtered by a more stringent (and statistically solid) approach: Assuming a 

maximal 𝑝 , a position with k substitutions in n reads is identified as a SNP by testing 

the Null hypothesis that 𝑝 𝑝  against the alternative hypothesis that 𝑝 𝑝  using a 

Binomial test on 𝑘~𝐵𝑖𝑛𝑜𝑚 𝑛, 𝑝 . 

 For the Illumina TruSeq libraries (where the antisense strand is sequenced), A to G 

mismatches must be counted and incorporated into the model. 

 For the scSLAM-seq libraries (strand-unspecific sequencing), either T to C 

mismatches (sense reads) or A to G mismatches (antisense reads) must be counted 

and incorporated into the model. The strand was determined based on the gene 

annotations. 

 For paired-end libraries (both TruSeq and scSLAM-seq), the binomial model is 

adapted to consider read pairs instead of reads (while keeping track of them being 

sense or antisense). 

 Many read pairs overlap, i.e. contain doubly sequenced base pairs. If the respective 

mismatch is observed twice, sequencing errors (but not other causes for mismatches 

such as PCR error, transcription errors or promiscuous RNA editing) can virtually be 

excluded. This is incorporated into the model by two additional parameters, 𝑑  and 

𝑑 , corresponding to mismatches in doubly sequenced parts of read pairs. These can 

be estimated from the data using the same approach as for 𝑝  and 𝑝 . 

 

Step 3: Downstream analyses 

TPM values were computed using the read counts and mRNA lengths provided by GRAND-

SLAM. RNA half-lives for the bulk samples were computed from the new/total posterior means 
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p (estimated by GRAND-SLAM) using the formula -2log(2)/log(1-p) (ref 30). Cells with less than 

2,500 detected genes (TPM>1) were removed from further analyses (remaining: n=94). 

 

Highly variable genes were identified using the ERCC spike-ins to model technical noise 31. 

We used all genes with a Benjamini-Hochberg corrected p value < 1%. The principal 

component analysis (PCA) for Fig. 2a was computed using the prcomp function in R. This was 

applied on a matrix containing either log2(1+TPM*f) (with a constant f=1 for total RNA, the 

new/total maximum a posteriori f=p for new RNA, or f=1-p for old RNA) or the new/total 

maximum a posteriori values for all cellular, highly variable genes in all 94 single cells. For 

each PCA, we also computed a logistic regression model for the infection status 

(Mock/MCMV) based on the first two principal components. We calculated the area under the 

receiver operating characteristics curve statistics for each regression model using the pROC 

package for R. 

 

For Extended Data Fig. 2c, we used the same procedures, but computed PCAs not on highly 

variable genes, but on genes that were at least 2x induced or 2x repressed in the bulk 

sequencing experiment (new RNA). Expression fold changes for the bulk sequencing 

experiments were computed using PsiLFC 32. Adjusted Rand indices were computed using 

the clues R package. 

 

10x Data Analysis - RNA and NTR velocities 

The 10x data consists of a mixture of human and mouse cells. For the analysis, custom 

genomes and genome annotations were used. To the human genome (hg38), the fasta 

sequences of HSV was added, to the mouse genome (mm10) the fasta sequences of MCMV 

was added. For the annotation, human and mouse annotations were downloaded from 

Ensembl (www.ensembl.org, release 90) and the annotations of the corresponding virus was 

added to the annotations. The genomes were indexed using the Cell Ranger pipeline (10x 

Genomics, version 2.1.1) and the command “cellranger mkref”. For the alignment, QC, the 
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estimation of valid barcodes and creating the count matrices, the Cell Ranger pipeline was 

run with the command “cellranger count” with standard parameters, except that the number of 

expected cells was set to 2000 and the chemistry was set to “SC3Pv2”.  

 

Subsequently the bam files were sorted by barcode using samtools version 1.7 (ref. 33). 

Velocyto34 (0.17.7) was run using the “velocyto run” command using the filtered barcodes from 

Cell Ranger. An anndata object was created using the python package Scanpy35 (version 

1.0.4). 

 

The Python tools Velocyto34 and Scanpy35 were employed. Where Velocyto was used, default 

parameter settings were chosen, unless stated otherwise. From the 10x experiment on mouse 

fibroblasts, 1,146 single cells were obtained, 793 in the mock batch and 353 in the infected 

batch. The percentage of unspliced reads in the mock batch was 16 % while it was 14 % in 

the infected batch. The percentage of viral reads per cell was recorded and the viral genes 

were removed from further analysis. Thereafter, the genes were filtered to only contain genes 

for which, in the bulk SLAM-Seq experiment, an absolute value of the log fold-change in newly 

synthesized mRNA between mock and infected greater than one was observed (583 genes). 

The lowest 0.4 percentile of cells in terms of unspliced counts was filtered out, this removed 5 

cells. Further, genes were filtered such that there were at least 40 counts for spliced molecules 

and 25 counts for unspliced molecules per gene. We also required at least 30 different cells 

to express spliced molecules per gene and at least 20 different cells to express unspliced 

molecules per gene. This ensured the remaining genes were suitable for velocity computation. 

After filtering, 295 genes remained. Spliced and unspliced counts were then normalized 

separately, such that the initial counts per cell before filtering were identical and equal to the 

mean counts per cell before filtering. Spliced and unspliced counts were KNN-imputed using 

Velocyto in a PCA reduced space with 136 components (estimated by the tool itself), using 29 

neighbors and a euclidean distance metric. The steady state degradation rates were fitted on 

the mock batch only, since we speculated that these cells were in steady state, while the 
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infected cells were not. An offset was included in the linear fit. Velocities were then computed 

under the assumption of constant velocity. For Fig. 2b and Extended Data Fig. 3c the steady 

state degradation rates were fitted on the uninfected cells only, for the blind prediction in Fig. 

2d they were fitted based on all cells. The velocity PCA in Fig. 2b was computed using 

normalized total counts. Velocities were projected into this space using a transition matrix34. 

 

To compute the PCA embedding for the visualisation, the exact same filtering procedure as 

above was followed. Spliced and unspliced counts were summed up to form total counts. 

Spliced and unspliced counts were not normalized separately as above, but jointly after 

summation using Scanpys normalization function such that total counts per cell were equal for 

all cells after filtering. Normalized total counts were log(counts+1) transformed and scaled, 

such that each gene featured zero mean and unit variance. On the basis of this data 

representation, the PCA space was computed using Scanpy. Velocities were projected into 

this space using a transition matrix34. Briefly, this computes transition probabilities between 

cells in high dimensional space by correlating expression difference vectors with velocity 

vectors. These transition probabilities are used to average over expression difference vectors 

in the reduced space, which forms the velocity vector in the PCA space.  

 

CMV genes 

For the analysis of CMV genes, we utilized the data from ref.36. Viral genes were grouped into 

immediate early, early and late according to their kinetic class. Our data indicate that MCMV 

does not express any true late genes according to previous reports. 2 h post infection, we thus 

already observe extensive early gene expression in the majority of cells. For each gene, we 

considered log2(1+TPM) values and normalized the corresponding estimates for old and new 

RNA to the maximal value for total RNA across all cells. 
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SC2P 

Differential expression was computed with the SC2P package37. We first normalized reads 

using the sum factors approach implemented in the scran package and called genes with an 

FDR of 10% for both „phases“. 

 

For gene set analyses, we used gene ontology terms available via the org.Mm.eg.db R 

package. For transcription factor targets, we downloaded the predicted locations of 

transcription factor binding from the Swissregulon database38 (mm10_sites_v2.gff.gz), and 

intersected all genomic locations with potential promotors (500 upstream to 100 downstream 

of the annotated transcription start site) of all transcripts from Ensembl version 90 to define 

sets of target genes for each of the 679 transcription factors. The PAGODA algorithm39 from 

the SCDE package was used to identify variable gene sets based on the variance models 

from the differential expression analysis and while correcting for potential batch effects (based 

on the replicates). We then identified differential gene sets as the subset of the variable gene 

sets where the derived signature was significantly different for Mock and MCMV cells (based 

on a t test and using a Benjamini-Hochberg corrected p-value cut-off of 1%). We merged all 

signatures from differential gene sets derived using total, new and old RNA for hierarchical 

clustering and merge clusters after manual inspection at dendrogram height 8 or 11 (for 

transcription factor target sets and GO, respectively) to average the signatures from highly 

similar gene sets (full data available in Supplementary Information Tables 4-5). 

 

Cell cycle analysis 

For computing cell cycle scores and assigning phases we utilized the AddModuleScore 

function from Seurat40. For the cell cycle phase at the begin of infection, we extrapolated 

observed old RNA TPMs (𝑎 ) to the levels at the time of infection (𝑎 ) using the formula  

𝑎
𝑎

𝑒𝑥𝑝
2 𝑙𝑜𝑔 2

𝑡 /
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to remove the effect of different RNA half-lives (𝑡 / ) for cell cycle signature genes. This 

provides a vector from cell cycle state at the time of infection to the cell cycle state 2h post 

infection on the S phase score/G2M phase score plane. 

The consistency score with cell cycle progression (Fig. 2d, Extended Data Fig. 5e) was 

computed by smoothing all cell cycle score vectors from uninfected cells using a gaussian 

kernel. This generates a vector field on the S phase score/G2M phase score plane. The 

consistency score is the cosine similarity of the cell cycle score vector of a cell with this vector 

field. Cell cycle disruption for infected cells (Extended Data Fig. 5e) is 1-cosine similarity. 

To analyze the influence of the cell cycle on B-scores, we additionally used reCAT41 to 

estimate the ordering of cells according to cell cycle (Extended Data Fig. 8c), and, 

alternatively, ordered cells according to the enrichment of “on” and “off” states in G2/M and S 

signature genes (Extended Data Fig. 8d). For the reCAT analysis, we considered the 

correlation of NTR values for two subsequent cells in the ordering compared to the correlation 

of the NTRs of two cells as far away as possible in the ordering (i.e. the opposite cell when 

cells are arranged in a circle according to cell cycle; see Extended Data Fig. 8c). For the 

alternative analysis, we considered the Spearman correlation of the NTRs for each gene with 

the rank of the cell in the ordering (Extended Data Fig. 8e). 

 

Predicting infection efficacy 

We defined the infection efficacy as the fraction of all reads (mapped to cellular or viral 

genome) from a cell that was mapped to viral genes and new. Equivalently, the infection dose 

was the fraction of reads (mapped to cellular or viral genome) from a cell that was mapped to 

viral genes and old. We used a linear model to predict the infection efficacy based on the cell 

cycle, the infection dose and the interaction of both (R function: lm). The likelihood ratio test 

was computed using the lmtest package. 
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IFN and NF-κB targets 

To investigate IFN and NF-κB targets, we downloaded the relevant target lists from MSigDB 

(name: HINATA_NFKB_TARGETS_FIBROBLAST_UP) or the Supplementary Table from ref. 

42. For CMV specific targets, we removed genes from this list that had less than 10 reads from 

new RNA in all four bulk samples, had an average log2 fold change in the two bulk replicates 

(new RNA) of less than 0.5, or were detected in less than 20 single cells (TPM>1). First, we 

obtained the new or old normalized (scran package) read counts (c) for those genes and 

computed z scores across all cells for the logarithmized counts (log2(1+c), scale function). We 

defined the IFN or NF-κB signature as the loadings of the first principal component performed 

on the cells. 

 

Heterogeneity test 

To test gene g, we first computed for each uninfected cell the 90 % credible interval 𝑎, 𝑏  of 

the NTR based on the beta approximation provided by GRAND-SLAM (ref.30). Let the average 

of the two uninfected NTRs from the bulk SLAM-seq experiments be 𝑒 and the enUMI for a 

given cell be 𝑢. Conservative estimates of captured new mRNA molecules were determined 

as the integer closest to 𝑢 ⋅ 𝑒  that was within the interval 𝑎 ⋅ 𝑢, 𝑏 ⋅ 𝑢  for each cell denoted as 

𝑛 . A conservative estimate of the captured old mRNA molecules 𝑜  was computed 

equivalently. If these counts arise due to random sampling from a population of molecules with 

𝑒 new mRNAs, 𝑛 ~𝐵𝑖𝑛𝑜𝑚 𝑒, 𝑜 𝑛  is binomially distributed. Thus, we considered the cells 

𝑐 , … , 𝑐  for each observed 𝑜 𝑛  and computed the expected occurrences 𝑃 𝑘;  𝑒, 𝑜 𝑛 ⋅

𝑣 (with P being the binomial probability function) and the observed occurrences of 𝑘 (that is, 

the number of 𝑐  with 𝑛 𝑘) for 𝑘 ∈ 0, 𝑜 𝑛  and all observed 𝑜 𝑛 . These expected 

and observed counts were then used to perform a standard 2 test of independence for each 

gene. 
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Bursting analysis 

For the bursting analysis, we first selected genes where the new/total ratio was precisely 

quantified (90% credible interval according the beta approximation of GRAND-SLAM < 0.2) in 

at least 8 uninfected cells. For each gene, we utilized all precise new/total ratios across 

uninfected cells, and computed their standard deviation (B-score). To analyze the influence of 

the cell cycle, we obtained the marker genes for S and G2M phases from the Seurat 

package40. We used the same new/total ratios as for the B-scores, discarded all new/total 

ratios between 0.2 and 0.8, and constructed, for each cell, a contingency table for genes using 

the variables “cell cycle phase” and “On or Off” (NTR>0.8 or NTR<0.2). From this contingency 

tables, log odds ratios and p values were computed using the fisher.test function in R. For the 

top 10% genes according to the B-score, we computed the correlation of all observed NTRs 

of genes for which B-scores were computed to the order of cells according to the log odds 

ratios. To assess whether the distribution of correlation coefficients to this order is greater than 

expected, we computed the same correlation for 100 random permutations of the cells. 

Gene ontology analyses on the B-scores were performed using Gorilla (http://cbl-

gorilla.cs.technion.ac.il/) (ref. 43). For the promoter analyses, we used the transcription factor 

target associations introduced above, and computed the Wilcoxon rank-sum test for targets 

vs. non-targets along the B-scores of each gene. P values were corrected using the Benjamini-

Hochberg procedure. 

 

Promoter structure analysis  

For promoter structure analysis, we first determined for each gene in the mouse genome the 

major isoform. This was done by maximizing for the annotated transcripts the number of reads 

starting in the first 50 nucleotides (nt) of the transcript. We obtained the position weight 

matrices (PWMs) from the ElemeNT database44 and computed the match score at the given 

position in the promoter of the major isoform from each gene (we allowed for a tolerance of 

+/-3 nt by maximizing the score over these positions). For each PWM, we used the top 10% 

of all genes as “hits”, and then computed a Wilcoxon rank-sum test for the hits vs. non-hits of 
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each PWM along the B-score of all genes. P values were corrected using the Benjamini-

Hochberg procedure. 

 

CpG methylation 

For the analysis of CpG methylation, we downloaded the processed data table for mouse 

fibroblasts experiment from ref. 45. Genomic coordinates were transferred from mm9 to mm10 

using the NCBI liftover tool. CpG island annotations were obtained from the UCSC genome 

browser for the mm10 genome build. For each of the major isoforms defined above, we 

considered the +/- 500 basepair range around the annotated transcription start site. We 

determined whether there was an overlap with an annotated CpG island to define CGI 

promoters. Also within this range, we counted the number of CpGs sequenced in the bisulfite 

sequencing experiment, and the number of methylated CpGs. We defined a promoter as non-

methylated if <10% of the CpGs was methylated. 

 
 

nUMIs and enUMIs 

UMIs are random barcodes that are attached to each mRNA molecule captured in recent 3’-

based scRNA-seq protocols (like the 10x Genomics chromium platform). The purpose of UMIs 

is to deal with PCR duplicates: Two distinct mRNAs receive distinct UMIs with high probability, 

and therefore if two reads share the same UMIs, they are PCR duplicates with high likelihood. 

Of note, PCR amplification errors and sequencing errors may produce distinct UMIs in two 

reads for the same template. To not overestimate the number of mRNAs, similar UMIs (e.g. 

hamming distance 1) can be collapsed.  

 

Protocols that produce reads covering full-length mRNAs (like the Smart-seq2 based protocol 

used in this study) generally do not provide UMIs for technical reasons46. However, the original 

number of mRNA molecules (“estimated molecules”) in the sample can be estimated using 

standard RNA-seq expression estimates (such as TPM or FPKM), either by using RNA spike-
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ins or based on distributional assumptions47. The value of the spike-in approach is two-fold: 

First, under the assumption that the same amount of RNA was spiked into the lysates of each 

single cell, the estimated molecules represent relative normalization between cells, which is 

necessary e.g. because single cells might have different volumes and different total content 

of RNA. Second, if the absolute amount of spike-ins is known (or, alternatively, the 

concentration and volume), it provides an absolute measure of RNA content. In contrast to 

UMIs however, these estimates do not provide a way to assess the number of captured mRNA 

molecules. 

 

Estimating the original number of molecules 

Before library preparation, the ERCC mix 1 was spiked into the cell lysates with known dilution 

(1:2 million) and volume (0.2 µl). We used the regression based approach implemented in 

Monocle2 (ref. 47,48) to obtain absolute measures of the mRNA molecule count for each cell 

and gene. We compared the average copy number per gene in our cells to the estimates for 

the same cell line of a recent publication49. The estimates therein were obtained by measuring 

the average RNA content using spectrophotometry, and computing estimates of individual 

genes using expression values from bulk RNA-seq. Nevertheless, our estimates were highly 

correlated with those, and of the same magnitude (p-value<2x10-16, t test on Pearson’s 

correlation coefficient; slope of linear regression 1.1046 +/- 0.0489 s.e.m.; Extended Data Fig. 

6b). This indicates that our estimates of the total number of mRNA molecules per cell are 

reliable. 

 

Nucleotide conversion-based unique molecular identifiers (nUMIs) 

As 4sU incorporation is completely random, each new mRNA molecule has a specific 

signature of 4sU-based nucleotide substitutions. Thus, if two reads have the same pattern of 

4sU based mismatches (we call them compatible), they are highly likely to represent PCR 

duplicates. Thus, the size of a set of mutually incompatible reads that all show 4sU based 

mismatches provides a lower bound of the number of new RNA molecules in the respective 
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cell. We call each signature of 4sU-based mismatches in such a set a “nUMI”. Such sets can 

be found by solving a max-clique problem. 

Similarly, to UMIs, the concept of nUMIs suffers from sequence errors introduced during PCR 

amplification and sequencing. We restrict nUMIs to the doubly sequenced parts of our paired-

end reads. Thereby, we exclude sequencing errors. To control PCR amplification errors, we 

further restrict this analysis to nUMIs that are supported by at least two distinct (w.r.t. their 

read mapping location) read pairs and subtracting one nUMI if there were more than 50 reads 

for a gene. nUMIs thus provide a highly conservative lower bound of the number of distinct 

transcripts that were cloned and sequenced from an individual cell. Moreover, in case only a 

single new transcript was cloned, its distinct nUMI can reveal the common origin of all obtained 

sequencing reads. We implemented this approach into GRAND-SLAM 2.0 (by the –nUMI 

parameter). 

To validate our concept of nUMIs, we analyzed the no4sU cells, which by definition do not 

contain any new mRNA molecules. Indeed, less than 5% of detected genes in no4sU cells 

have nUMI>0 (Extended Data Fig. 6c). Furthermore, we compared nUMIs from the scSLAM-

seq data to UMIs obtained by a separate 10x Chromium based scRNA-seq experiment from 

the same cell line. We found nUMIs to represent a highly conservative estimate as they were 

on average more than two orders of magnitude lower than the 10x UMI counts, even though 

the capture rate was highly similar (Extended Data Fig. 6d-e). In our data, >85% of all nUMIs 

are 0, and even when only considering non-zero nUMI counts, they were still overall an order 

of magnitude below the UMI count of the Chromium data (Extended Data Fig. 6f).  

 

Extrapolated nUMIs (enUMIs) 

There are two central problems with nUMIs: (i) They underestimate the amount of captured 

mRNA molecules, and (ii) they only provide an estimate for new RNA molecules but not old. 

Thus, we use the estimated molecule count and the nUMIs to obtain a conservative estimate 

of the number of captured molecules also for old RNA. For any gene 𝑔 and cell 𝑐, if 𝑢 ,  is the 
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nUMI count, 𝑝 ,  the 95% quantile of the posterior of the NTR, and 𝑝 ,  the MAP estimate of 

the NTR, then 𝑚 , 𝑢 , /𝑚𝑎𝑥 𝑝 , , 𝑝 ,  is a conservative estimate of the total amount of 

captured molecules. Each cell 𝑐 can therefore be used to compute the gene’s individual 

capture rate as 𝑟 , 𝑚 , /𝑒 ,  (where 𝑒 ,  is the estimated molecule count defined above). 

Because each 𝑟 ,  is a highly conservative estimate for gene 𝑔, we could use max 𝑟 ,  as a 

factor to extrapolate the number of captured molecules from the estimated molecules for all 

cells of this gene. However, because of the 5% error due to PCR amplification, we use the 

80% quantile instead to allow for an additional margin of error for this gene.  

 

To evaluate the accuracy of the extrapolated nUMIs (enUMIs), we compared them to the UMIs 

from our 10x experiment of the same cells. The overall capture rate of both single-cell 

experiments was highly similar, with the Smart-seq2 protocol overall capturing slightly more 

genes per cell (Extended Data Fig. 6d). enUMIs were on average slightly below the UMI count 

from the 10x experiments (Extended Data Fig. 6g). In summary, this indicates that enUMIs 

represent conservative estimates of the number of captured mRNA molecules in our scSLAM-

seq data. 
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