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Suppl. Table S1. Patient data. 

 
  



Suppl. Table S2. MHC haplotype of the SLE patients. 

 

 



 
  



 

Suppl. Table S3. Overview of SLE patients (n=35) by disease activity index (SLEDAI), ISG expression, ISG status, 
cryptic splicing of ISGs, and ISG-derived peptides (red) found by immunopeptidomics. 

 
  



Suppl. Table S4. All p-values for panels h and i in Fig. 5. 

 
 

 

 

 

 

 



 
Suppl. Fig. S1 | Expression of the top genes (as in Fig. 1h, plus 3) whose transcripts are subjected to cryptic 
splicing in SLE neutrophils. Read counts from the same RNAseq of neutrophils used for the analysis of cryptic 
slicing in 20 healthy controls (HC; blue bars), 35 SLE patients (purple bars), and 15 RA patients (red bars). ISG, 
interferon-inducible gene. 



 
Suppl. Fig. S2 | RNA sequencing depth of comparator data sets and tesVng for clinical correlaVons. a, 
sequencing depth by patient sample of the publicly available PBMC data sets, as well as our IFN-treated healthy 
neutrophils, Sjögren’s disease neutrophils, and the SLE neutrophil data set that forms the basis of the present 
paper. b, correlation of the number of cryptic splicing events and average expression of 111 ISGs. c, Lack of 
correlation of the number of cryptic splicing events and RNP, Smith, dsDNA, SSA autoantibodies, active 
(SLEDAI>6), or prednisone use. 



  
Suppl. Fig. S3 | Expression levels in relaVon to percent spliced-in (PSI) of genes subjected crypVc splicing 
events in SLE neutrophils. a-e, Normalized read counts of the indicated genes in neutrophils from heathy 
donors, RA patients, SLE patients who did not have cryptic splicing of the indicated gene, and SLE who did have 
cryptic splicing of the indicated gene. a, Standard deviation of PSI for the cryptic variant of the same genes.  



 
Suppl. Fig. S4 | Six addiVonal examples of crypVc splicing events, some of which produced neoantigen 
peptides detected on HLA. Representation same as in Fig. 3. 



 
Suppl. Fig. S5 | Predicted affiniVes of the neoanVgen pepVdes idenVfied by immunopepVdomics for the class 
I MHC alleles unique to each paVent. Top panel, the affini\es by which the detected pep\des are predicted to 
bind the pa\ents MHC allele. Note that only the AGRRKEEEIL peptide derived from a cryptic splice event in MX1 
is predicted to have a lower affinity of binding. Middle panel, read counts for the cryptic splice isoforms that 
generated these peptides. Bottom panel, the sequences and idop values for each peptide. 

 

 



 
Suppl. Fig. S6 |Heat maps of expression of spliceosome components and mRNA splicing factors. a, all 
spliceosome and RBPs involved in splicing. b, Focus on the sta\s\cally significantly altered ones.  



 
Suppl. Fig. S7 | RBP-binding pattern and cryptic splicing events based on Encode. a, RBPs binding at sites of 
cryptic splicing events. Each red square indicates that at least one significant eCLIP peak overlaps the ±300 bp 
regulatory window around a given cryptic splice site. b, Enrichment analysis by Z-score and empirical p-value 
derived from the shuffle-based null model (see Supplemental Methods). The dotted lines indicate the statistical 
thresholds (empirical p < 0.05 and Z-score > 2). In total, 46 RBPs pass these thresholds, and the top 10 are 
labeled. c and d, Representative genome browser examples for DDX24 and SF3B4 to illustrate locus-level binding 
near specific transcripts with cryptic splicing. 



Suppl. Fig. S8 |shRNAi of RBPs in K562 in Encode that result in cryptic splicing events observed in SLE 
neutrophils. a, Reads of cryptic splicing events detected in K562 cells after knockdown of the indicated RBPs. b, 
expression levels in our neutrophil dataset of RBPs that overlap between the eCLIP and shRNA analyses and are 
differentially expressed in SLE neutrophils (7 are differentially expressed; 6 are in the overlap). c, Same as panel 
b but with the individual patient with a cryptic splicing event implicating DDX24 or SF3B4 indicated with a yellow-
filled circle. d, The expression of TROVE2 (Ro60) in the 4 SLE patients with cryptic splicing events implicating 
TROVE2; 3 of these 4 were positive for SSA (anti-Ro) antibodies. e, the overlap between shRNA RBPs, eCLIP RBPs, 
and a curated list of known splice factors (https://www.cell.com/cell-reports/fulltext/S2211-1247(18)30152-9). 



 
Suppl. Fig. S9 |14-day assay with addiVonal SLE paVents F, G, and H and addiVonal data for paVents C and D 
(see Fig. 5). Tetanus toxoid was included with pa\ent F as a comparator posi\ve s\mulus. 



 

 

Suppl. Fig. S10 |14-day assay with a 3 addiVonal healthy donors HC 2, HC 3, and HC 4, as well as two RA 
paVents. Note that there is no response to SLE neoan\gens or canonical IFI44L pep\des. However, as a 
posi\ve control, HC 3 responded to tetanus toxoid. 



 

Suppl. Fig. S11 |NeoanVgen response and TCRB sequencing of T cells from SLE paVent I. a, PBMC were 
cultured for 14 days without added pep\de, neoan\gen IFI44L-1, or IFI44L-2. Flowcytometry was performed 
aker overnight res\mula\on with the same pep\des. Note the increase in CD69 and CD134 (OX40) expression 
by CD4 T cells s\mulated by IFI44L-2 (red circles).  b, ClonoseqTM results of TCRB sequencing (Adap\ve 
Biotechnologies, Sealle, WA) shown as the 10 top clonotypic (unique) TCRB sequences from T cells s\mulated 
as in panel a. c, TCR V gene u\liza\on and CDR1-3 amino acid sequences from the top 10 TCRs in panel b. 

 



 

Suppl. Fig. S12 |RAW images of the gels in Fig. 2. 

 

 



 

Suppl. Fig. S13 |GaVng strategy for flow cytometry in Fig. 5 and Supplemental Figs. S9, S10, and S11. 

  



SUPPLEMENTAL METHODS 

Analysis of cryptic splicing in SLE neutrophil using ENCODE (National Human Genome Research 
Institute, https://www.encodeproject.org) 
The purpose of these analyses was to find connections between specific RNA-binding proteins (RBPs) and the 
cryptic splicing events present in neutrophils our cohort of SLE patients. The Encode data set use K562, a 
transformed hematopoetic cell line representing a precursor of granulocytic and erythrocyte lineages 
(erytholeukemia). We used enhanced crosslinking immunoprecipitation (eCLIP) and short hairpin RNA 
interference (shRNAi) data sets.  
a. eCLIP-based enrichment analysis of RBPs on cryptic splicing events 
ENCODE eCLIP peak data generated in K562 cells were used to evaluate the physical association between 
RBPs and cryptic splicing events. For each RBP, biological replicates were merged to obtain a single 
reproducible peak set. Peaks were filtered using stringent criteria, requiring both high statistical significance and 
binding enrichment (−log10 p-value ≥3 and log2 fold-enrichment ≥3), and only peaks with valid genomic 
coordinates were retained.  
For each alternative splicing event, event-specific binding regions were defined to capture the genomic window 
where RBPs are most likely to influence splice-site choice. These regions were centered on the relevant splice 
junctions or exon bodies depending on event type (e.g., donor or acceptor sites for alternative splice sites, exon 
boundaries for exon skipping, intron boundaries for intron retention), using a uniform ±300 bp window. 
For each RBP, the observed number of target cryptic event regions overlapping at least one filtered eCLIP peak 
was calculated using bedtools intersect, counting each target region only once. To assess whether the observed 
overlap exceeded what is expected by random chance, a shuffle-based null model was constructed. Cryptic 
event regions were randomly shuffled across the genome 1,000 times using bedtools shuffle, preserving 
chromosome assignment and preventing overlapping intervals. For each shuffle iteration, the number of overlaps 
between shuffled target regions and the RBP’s filtered peaks was computed, generating a null distribution of 
overlap counts. 
From this null distribution, the mean and standard deviation of expected overlaps were estimated. An empirical 
p-value was calculated as the proportion of shuffled overlap counts greater than or equal to the observed overlap 
count, with a pseudocount added to avoid zero values. A z-score was computed to quantify the deviation of the 
observed overlap from the null expectation. To account for differences in overall binding abundance across 
RBPs, the total number of filtered peaks per RBP was recorded, and additional normalization metrics were 
derived, including peak density and a normalized enrichment score obtained by scaling the z-score by the square 
root of the peak count. 
Empirical p-values were adjusted for multiple hypothesis testing using the Benjamini–Hochberg procedure. RBPs 
were prioritized based on a combination of empirical significance, enrichment strength, and normalized 
enrichment. For enriched RBPs, event-level binding was further examined by intersecting filtered peaks with 
individual cryptic event regions. When multiple peaks overlapped the same event, peak-level statistics were 
summarized using the maximum log2 fold-enrichment and maximum −log10 p-value. These summaries were 
used for downstream visualization, event–RBP matrix construction, and network-based analyses. 
b. shRNA-seq analysis of cryptic splicing regulation 
The ENCODE shRNA-seq data in K562 were used to assess the regulatory effects of RNA-binding proteins 
(RBPs) on cryptic splicing. Only paired-end, strand-specific polyadenylated mRNA libraries were included. 
Reads were aligned using STAR, and alternative splicing events were quantified using SplAdder. Then we 
looked for overlap in these splicing events with the cryptic splicing observed in SLE neutrophils, based on 
genomic coordinates. 
To ensure appropriate controls, each shRNA knockdown (KD) sample was paired with its matched non-targeting 
control samples using the ENCODE metadata field “Controlled by”. Control matching was performed at the 
sample level, and controls were not pooled across experiments. Instead, only explicitly matched control samples 
were used for each KD replicate. 



For each cryptic splicing event and RBP, knockdown effects were evaluated using a replicate-aware, read-based 
framework. Let KD!denote the cryptic-associated read metric for the i-th KD biological replicate, and let C!denote 
the set of matched control samples for that replicate. A replicate-level effect size was defined as  

Δ! = KD! −mean(C!). 
Each biological replicate contributed one independent estimate of knockdown-induced cryptic splicing change. 
For each event–RBP pair, replicate-level effects were summarized by the mean effect size and assessed for 
directional consistency across replicates. Given the limited number of biological replicates per RBP, formal 
hypothesis testing was not used as a primary criterion. Instead, candidate regulatory effects were defined based 
on consistent directionality across replicates and a minimum effect size threshold. Event-level results were 
subsequently aggregated at the RBP level to summarize the number of cryptic splicing events affected by each 
knockdown. 

 

 




