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Abstract 29 

Previous limited characterization of RNA-seq accuracy in alternative splicing (AS) due 30 

to methodological diversity and lack of reference standards has left unclear how to 31 

achieve optimal performance for informed applications—an issue increasingly critical 32 

with the rise of long-read sequencing. To address this, we conducted the first large-scale 33 

reference-based benchmarking of AS detection accuracy across 42 laboratories and 159 34 

analysis pipelines leveraging the Quartet reference materials. We show that high-quality 35 

RNA-seq enables relatively accurate isoform detection. Best practices for experimental 36 

and bioinformatic designs were identified, and achieved mean Pearson correlations of 37 

0.82 for isoform quantification and Matthews correlation coefficients of 0.69 for 38 

differential expression analysis, representing improvements of 0.21–0.31 and 0.46–39 

0.61 across laboratories, respectively, compared to the poorest workflows. AS event-40 

level accuracy remained limited, yet the best tools still outperformed the poorest by 41 

0.02–0.25 in event quantification and 0.10–0.25 in differential splicing analysis. 42 

Beyond technical variables, low expression levels were the primary constraint on 43 

isoform and event detection accuracy, followed by their compositional complexity. 44 

Collectively, this study provides practical guidance for maximizing AS profiling 45 

accuracy with existing methodologies, contributing to effective RNA-seq application 46 

in splicing research. 47 

 48 

Keywords: RNA sequencing, Quartet, Alternative Splicing, Best practices, 49 

Benchmarking 50 
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Alternative splicing (AS) is a post-transcriptional process by which different 51 

combinations of splice sites are selectively utilized to produce multiple mRNA isoforms 52 

from a single gene, contributing to transcriptomic and proteomic diversity1. Aberrant 53 

AS is linked with various diseases, particularly cancer, neurodegenerative disorders, 54 

and autoimmune diseases2-4. Thus, detection of AS is essential for unraveling 55 

developmental mechanisms, elucidating disease pathogenesis, and identifying 56 

biomarkers for disease diagnosis and therapy. RNA sequencing (RNA-seq) enables 57 

transcriptome-wide profiling of RNA splicing, providing quantification of AS-derived 58 

isoform abundances, measurement of AS events via percent spliced-in (PSI), and the 59 

comparative analysis of their differential expression across physiological and 60 

pathological conditions5. This technology has greatly advanced the study of RNA 61 

splicing6-9. Despite its widespread use, the relatively short read lengths of RNA-seq 62 

make it challenging to fully capture AS regions, and the limited knowledge regarding 63 

its accuracy hinders clinical translation. This issue has grown increasingly pressing as 64 

long-read sequencing technologies have demonstrated superior performance in 65 

resolving full-length isoforms10, 11, raising critical questions about whether short-read 66 

RNA-seq (srRNA-seq) remains reliable for AS profiling in clinical applications. 67 

Previous benchmarking studies have substantially advanced our understanding of 68 

RNA-seq–based AS detection. Owing to the lack of ground truths, most focused on 69 

evaluating consistency across sequencing platforms or analysis tools. Early efforts by 70 

the MicroArray/Sequencing Quality Control (MAQC/SEQC) consortium and the 71 

Association of Biomolecular Resource Facilities (ABRF), employed RNA reference 72 

materials in multi-center evaluations and revealed that isoform-level detection is more 73 

challenging than gene-level analysis12, 13. Subsequent studies assessed the consistency 74 

of analysis tools for isoform quantification, AS event detection, and differential 75 

expression or splicing analyses, revealing particularly poor overlap at the AS event 76 

level14-19. To approximate accuracy, synthetic RNA spike-ins were introduced; for 77 

example, the Long-read RNA-Seq Genome Annotation Assessment Project (LRGASP) 78 

revealed that srRNA-seq achieved high quantification accuracy for Spike-In RNA 79 

Variants (SIRV)20. Moreover, other evaluations of analysis tools have relied primarily 80 
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on simulated data, incorporating different combinations of tools, and revealing 81 

differences in accuracy particularly at the event level, while the resulting performance 82 

rankings were not always consistent21-26. Despite these advances, fundamental 83 

questions remain unresolved: how accurate RNA-seq truly is for isoform and AS event 84 

detection, and how to achieve the highest possible accuracy using existing methods. 85 

Specifically, previous consistency-based analyses have been unable to clearly 86 

reflect the overall accuracy of RNA-seq in AS detection or to determine which 87 

experimental protocols and bioinformatics tools achieve the highest practical accuracy. 88 

Furthermore, benchmarking using spike-ins or simulated data, which are far less 89 

complex than real human transcriptomes, tends to overlook influencing factors and may 90 

lead to overestimation of performance21, 27, 28. Additionally, benchmarking at the event 91 

level has been particularly hindered, largely due to differences among AS detection 92 

tools in algorithms, event-type definitions, and output formats. Consequently, most 93 

prior studies have focused on performance at the splicing gene level where events 94 

occur18, 23, 24, substantially limiting the understanding of event-level detection accuracy. 95 

When overall accuracy remains unclear, the factors affecting RNA-seq accuracy in AS 96 

detection are also poorly characterized. Therefore, reference-based benchmarking of 97 

RNA-seq accuracy in isoform and AS event profiling, along with standardized 98 

benchmarking at the AS event level, is essential for achieving accurate AS detection. 99 

To address these limitations, we conducted a comprehensive benchmarking study 100 

of RNA-seq for AS analysis using the Quartet RNA reference materials29, spanning 42 101 

real-world laboratories and 159 bioinformatics pipelines. The well-validated Quartet 102 

reference datasets, established in our companion study under the Quartet project using 103 

long-read sequencing, served as the ground truth, covering 10,218 isoforms and 6,032 104 

AS events30. Additional ground truths were provided through RT-qPCR validation of 105 

121 isoforms and 59 events, as well as the incorporation of known mixing ratios in the 106 

reference sample design. Leveraging these large-scale, multi-type ground truths, we 107 

systematically evaluated the accuracy and consistency of splice junction identification, 108 

isoform and AS event quantification, and differential expression or splicing analyses. 109 

We further provided best-practice recommendations by investigating technical and 110 
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biological factors affecting isoform- and event-level performance across multiple 111 

centers, platforms, and pipelines, and by developing a standardized benchmarking 112 

framework to harmonize AS event formats and evaluate four widely used methods 113 

(SUPPA2, MAJIQ, PSI-Sigma, and rMATS). Together, this study facilitates achieving 114 

optimal performance of RNA-seq in AS profiling and provides important guidance for 115 

its effective application in both research and clinical settings.116 
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Results 117 

Study design 118 

This study generated multi-center RNA-seq datasets involving 42 laboratories and 159 119 

analysis pipelines for comprehensive RNA-seq benchmarking using the Quartet RNA 120 

reference materials (Fig.1a). The sample preparation and data generation were detailed 121 

in our previous study28. The Quartet samples consisted of M8, F7, D5, and D629, and 122 

two additional samples, T1 and T2, were generated by mixing M8 and D6 at ratios of 123 

3:1 and 1:3, respectively28. This sample design, with additional RT-qPCR validation of 124 

121 isoforms and 59 AS events, incorporated three types of ground truth for isoform 125 

and event level evaluations, including the Quartet reference datasets, RT-qPCR 126 

validated reference datasets, and the built-in truth based on the known mixing ratios. 127 

The 42 laboratories involved diverse RNA-seq workflows, including two mRNA 128 

enrichment methods, eight library preparation kits, and two sequencing platforms, 129 

thereby reflecting real-world practice. Subsequent data analysis was performed using 130 

four mapping tools, eight isoform quantification tools, seven DEI detection tools, and 131 

four AS event detection tools, resulting in a total of 159 distinct analysis pipelines 132 

(Fig.1b). The detailed experimental and analysis workflow are illustrated in Fig.S1–2. 133 

Leveraging these extensive datasets, we first evaluated the accuracy and 134 

consistency across laboratories and analysis pipelines, focusing on splice junction 135 

identification, isoform and AS event quantification, as well as the identification of 136 

differentially expressed isoforms (DEIs) and differential splicing events (DSEs). Then, 137 

we investigated key factors influencing accuracy, considering technical variables in 138 

both experimental and bioinformatics processes as well as biological features of 139 

isoforms and AS events, and developed a standardized benchmarking tool to harmonize 140 

AS event formats for direct evaluation of event-level detection tools, ultimately 141 

providing best-practice recommendations for experimental protocols and 142 

bioinformatics pipelines to achieve optimal accuracy with current methods (Fig.1a). 143 

 144 

Quality control for identifying low-quality RNA-seq data 145 

We examined the signal-to-noise ratio (SNR) of quantification data at the gene, isoform, 146 
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and event levels, which reflected the ability to distinguish biological signals from 147 

technical noise (Fig.S3a). SNR values varied widely across laboratories (gene level: 148 

0.1–36.1; isoform level: 0–32.1; AS event level: 0–20.6). Notably, the mean SNR for 149 

AS events was significantly lower than that for isoform-level, and both were lower than 150 

gene-level (20.8, 18.4, and 10.6 for gene, isoform, and event level, respectively). This 151 

indicates that achieving quantitative accuracy becomes increasingly challenging when 152 

transitioning to resolution of isoforms or individual splicing events within each isoform. 153 

By incorporating the SNR metric with previously used basic RNA-seq quality 154 

metrics28, data from 19 laboratories met all quality criteria, while the remaining 23 155 

laboratories were flagged as low quality (Fig.S3b and Supplementary Data 1). The low-156 

quality classifications were primarily attributed to poor library preparation stability, low 157 

sequencing quality, and cross-contamination. 158 

 159 

srRNA-seq missed certain splice junctions captured by long-read sequencing 160 

Accurate junction-level resolution is essential for reliable AS detection using RNA-seq. 161 

To evaluate the accuracy in junction detection, we constructed junction reference 162 

datasets using seven batches of high-quality long-read RNA-seq generated in our 163 

companion study30. These reference datasets resolved annotated junctions for 6,130 164 

genes, including 48,366 positive and 35,766 negative junctions. In addition, 69,013 165 

high-confidence novel positive junctions were identified (Fig.S4). 166 

All laboratories demonstrated generally high accuracy for annotated junctions, 167 

with a mean F1 score of 0.968 (0.928–0.981) (Fig.S5a). The false-negative (FN) rate 168 

was significantly higher than the false-positive (FP) rate, with mean values of 4.8% 169 

(1.6–13%) and 1.5% (0.5–7.1%), respectively (Fig.S5b). For novel junctions, the mean 170 

FN rate was as high as 45.1% (28.4–72.4%), highlighting the limited ability of short-171 

read sequencing to detect novel isoforms or events. High-quality laboratories 172 

consistently exhibited lower FN rates compared to low-quality laboratories (Fig.S5c). 173 

Both technical and biological factors influenced junction detection in RNA-seq. 174 

Laboratories clustered according to sequencing technology, mRNA enrichment method, 175 

and library strandedness, highlighting protocol effects (Fig.S6). Sequencing depth was 176 
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a key determinant, with higher depth strongly reducing FN rates for both annotated and 177 

novel junctions (Fig.S5d). Junction-specific features associated with FN events 178 

included lower read counts, uneven coverage, longer junction-correlated isoforms, 179 

more exons per isoform, and lower mappability (Fig.S5e and Fig.S7–13), indicating 180 

that short reads struggle to capture junctions in complex isoforms or poorly mappable 181 

regions, especially at low depth. FP were linked to slightly higher GC content, lower 182 

mappability, and shorter isoforms with fewer exons, suggesting that misalignments may 183 

occur in specific genomic contexts. 184 

 185 

High-quality srRNA-seq exhibited relatively accurate isoform-level detection 186 

The performance in isoform detection across real-world laboratories was evaluated 187 

from both isoform quantification and DEI detection perspectives. For isoform 188 

quantification, substantial inter-laboratory variation was observed, with PCA analysis 189 

indicating that inter-laboratory differences often obscured biological signals, whereas 190 

high-quality laboratories clustered more clearly by sample (Fig.2a–b and Fig.S14). 191 

Benchmarking against the Quartet and RT-qPCR references demonstrated high 192 

accuracy, with mean PCC of 0.71 (0.61–0.77) and 0.91 (0.86–0.93), respectively, for 193 

high-quality laboratories (Fig.2c–d and Fig.S15). Higher RMSE and lower PCC against 194 

the Quartet reference datasets highlighted the greater challenge of accurately 195 

quantifying a broader, more complex isoform set. The built-in truth was used to evaluate 196 

the laboratories' ability to recover the expected mixing ratios (Methods), serving as an 197 

indicator of both accuracy and reproducibility (Fig.S16), showing trends consistent 198 

with evaluations against both reference datasets (Fig.2c). Moreover, isoform 199 

quantification accuracy correlated positively with sequencing depth and negatively 200 

with junction detection errors, as higher FN junction rates were associated with poorer 201 

accuracy (Fig.2e–f). 202 

For DEI identification, laboratories varied widely in the number of detected DEIs, 203 

largely driven by sequencing depth, which positively correlated with DEI detection 204 

(Fig.S17). Benchmarking against the Quartet and RT-qPCR reference datasets showed 205 

generally high precision of 0.81 (0.38–0.88) and 0.87 (0.76–1), respectively, but recall 206 
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remained modest at 0.38 (0.005–0.61) and 0.50 (0.10–0.71), yielding moderate 207 

Matthews correlation coefficients (MCC) of 0.51 (0.03–0.65) and 0.59 (0.28–0.69) 208 

(Fig.2g–h). Recall improved with higher depth, and MCC positively correlated with 209 

data quality (Fig.2i–j). Tracing all FN DEIs revealed that FNs were characterized by 210 

low coverage of reads and high inter-replicate coefficient of variation (CV) (Fig.2k), 211 

where low coverage caused inaccurate isoform quantification and poor reproducibility 212 

undermined statistical robustness of differential expression analysis. 213 

 214 

Identifying technical and biological factors influencing isoform detection for best 215 

practices 216 

To assess the technical and biological determinants of isoform detection performance, 217 

we examined 19 high-quality laboratories with different experimental protocols and 218 

138 analysis pipelines to identify best practices (Fig.1 and Table 1). We then assessed 219 

various isoform features to evaluate their specific impact on RNA-seq methodologies, 220 

including the K-value (indicating isoform-exon structure complexity), isoform length, 221 

the number of isoforms per gene, exon length, the number of exons per isoform, GC 222 

content, and their expression levels. 223 

Principal variance component analysis (PVCA) revealed that 11 experimental 224 

factors contributed significantly more to the variation than biological differences 225 

between Quartet and mixed samples (69.4% vs. 6.8%) (Fig.3a and Supplementary Data 226 

2). mRNA enrichment method and strandedness accounted for 42.3% of the variation, 227 

with read length, library preparation kits, and sequencing depth also contributing. 228 

Cluster analysis of laboratories based on accuracy metrics against three ground truths 229 

showed that the highest accuracy was associated with Poly(A) selection and higher 230 

sequencing depth, while three laboratories (lab04, lab33, and lab36) using rRNA 231 

depletion also performed well due to exceptionally high sequencing depth (Fig.3b). No 232 

clear clustering was observed based on strandedness, library preparation kits, or read 233 

length. 234 

The 138 analysis pipelines included 18 isoform quantification pipelines, with the 235 

accuracy of isoform quantification evaluated at the relative expression level (log2FC) 236 
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(Fig.3c and Fig.S18). Except for Subjunc-StringTie, all tools showed high agreement 237 

with RT-qPCR (mean PCC > 0.9), while the Quartet reference datasets revealed clearer 238 

distinctions among pipelines. featureCounts, Bowtie2-eXpress, and Bowtie2-Salmon 239 

struggled to distinguish isoforms due to featureCounts distributing reads from shared 240 

exons equally across isoforms and Bowtie2’s untrimmed alignment discarding isoform-241 

informative reads (Fig.3d), making them unsuitable for isoform-level analysis. Their 242 

apparently higher PCC and lower RMSE are primarily due to the dominance of MANE 243 

transcripts in the reference datasets and the use of relative expression calculations, 244 

which mask their limited ability to differentiate isoforms. Cuffdiff and STAR-eXpress 245 

demonstrated relatively superior accuracy, followed by RSEM, StringTie, and pseudo-246 

alignment-based approaches (Salmon, Sailfish, Kallisto) (Fig.3c–e). Built-in truth 247 

confirmed these results, with StringTie achieving RMSE comparable to Cuffdiff, likely 248 

due to its higher reproducibility (Fig.3c and Fig.S19). Further evaluation of SNR and 249 

inter-replicate reproducibility revealed consistent trends (Fig.S19–20). Overall, 250 

Cuffdiff and STAR-eXpress emerged as the top-performing pipelines, achieving mean 251 

PCC of 0.82 (0.53–0.90) and 0.92 (0.72–0.95) against Quartet and RT-qPCR, 252 

respectively, with inter-laboratory improvements of 0.26 (0.21–0.31) and 0.15 (0.07–253 

0.22) over the poorest pipelines. 254 

For DEI identification, the 138 analysis pipelines, comprising 11 differential 255 

expression methods, were benchmarked against three ground truths. DESeq2 256 

consistently achieved slightly higher MCC against the Quartet and RT-qPCR references, 257 

while edgeR, limma, and Cuffdiff showed similarly high MCC (Fig.3f–g). For edgeR, 258 

the quasi-likelihood method (edgeR-QL) was slightly less affected by quantification 259 

methods than edgeR-qCML and edgeR-GLM (Fig.S21). NOISeq-BIO reached 260 

comparably high MCC, particularly versus RT-qPCR, favoring recall over precision, 261 

whereas NOISeq-real was more sensitive to the quantification pipeline, favoring 262 

precision at the cost of recall (Fig.S22). Sleuth showed high precision but low recall, 263 

resulting in lower MCC, and Ballgown performed poorly overall (Fig.S22–23). Overall, 264 

each analysis step influenced DEI detection accuracy, with the top-performing pipeline 265 

reaching MCC of 0.69 (0.57–0.78) and 0.71 (0.67–0.76) for the Quartet and RT-qPCR 266 
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references, respectively, representing inter-laboratory improvements of 0.54 (0.46–0.61) 267 

and 0.49 (0.34–0.59) over the poorest pipeline. A comprehensive ranking of all 268 

pipelines is provided in Supplementary Data 3. 269 

Isoform-inherent features determine their detectability by RNA-seq, reflecting 270 

methodological limitations. Benchmarking against the Quartet reference datasets, most 271 

quantification pipelines performed poorly with high K-values, short isoforms, large 272 

isoform numbers per gene, long exon lengths, high GC content, and low expression 273 

levels, highlighting challenges in quantifying complex or lowly expressed isoforms 274 

(Fig.3h and Fig.S24–30). Notable exceptions included featureCounts, which showed 275 

reduced accuracy for highly expressed isoforms due to its approach of distributing reads 276 

from shared exons across isoforms, thereby affecting the quantification of other 277 

isoforms sharing these exons when detecting highly expressed isoforms. The effect of 278 

exon number varied by pipeline, with Cuffdiff and StringTie performing poorly for 279 

isoforms with more exons, while other tools showed the lowest performance at 280 

intermediate exon numbers. Using the built-in truth as a benchmark, these findings were 281 

largely consistent, except for featureCounts and pipelines employing Bowtie2 aligner 282 

(Fig.S24–31). Finally, ANOVA-based analysis revealed isoform expression levels as 283 

the primary factor affecting most pipelines, followed by isoform complexity such as K-284 

value and isoform number (Fig.3i). Additionally, featureCounts, Bowtie2-eXpress, and 285 

Bowtie2-Salmon were significantly influenced by exon length, isoform length, and 286 

isoform number. 287 

 288 

Limited performance of srRNA-seq in AS event detection with SUPPA2 289 

The performance of RNA-seq in AS event detection across real-world laboratories was 290 

evaluated from both event quantification and DSE detection perspectives, using 291 

SUPPA2 to infer AS events from isoform expression data. Substantial variation was 292 

observed even among 19 high-quality laboratories, with PCA showing clustering by 293 

laboratory rather than sample groups (Fig.4a), largely reflecting differences in 294 

experimental protocols (Fig.S32). Accuracy was generally low and highly variable 295 

(Fig.4b), with high-quality laboratories showing mean PCC of only 0.21 (0.16–0.25) 296 
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and 0.47 (0.32–0.58) with the Quartet and RT-qPCR reference datasets, respectively 297 

(Fig.4c). Quantification accuracy improved with greater sequencing depth and was 298 

closely linked to junction detection, with higher FN junction rates corresponding to 299 

lower PCC (Fig.4d–e). Overall, RNA-seq exhibited limited AS event quantification 300 

performance, leading to poor inter-laboratory consistency: only 4% were detected 301 

across all laboratories (Fig.S33). Such reduced inter-laboratory consistency was 302 

associated with threshold effects at extreme PSI values, decreased reproducibility of 303 

PSI estimates, and low isoform expression levels (Fig.S34). 304 

For DSE identification, benchmarking against the Quartet and RT-qPCR reference 305 

datasets revealed very low recall and precision for DSE detection, with mean MCC of 306 

0.16 (0.05–0.24) and 0.12 (0–0.28), respectively (Fig.4f–g). The number of detected 307 

DSEs varied across laboratories, showing a strong dependence on sequencing depth 308 

(Fig. S35), with the corresponding recall of DSEs also positively correlated with depth 309 

(Fig.4h). 310 

 311 

Identifying technical and biological factors influencing AS event detection for best 312 

practices with SUPPA2 313 

To investigate factors influencing AS event detection and identify best practices, we 314 

evaluated 19 experimental protocols and 18 SUPPA2-based event analysis pipelines 315 

(Fig.1 and Table 1). We further assessed the impact of adjacent AS event number, AS-316 

related isoform number, GC content, mappability, PSI level, and isoform expression on 317 

detection performance.  318 

Among experimental factors, the mRNA enrichment method and strandedness 319 

were the primary sources of inter-laboratory variation in AS event quantification, 320 

accounting for 32% of the variance (Fig.5a), with library preparation kits, sequencing 321 

depth, and read length also contributing. Clustering high-quality laboratories based on 322 

RMSE showed that experimental protocols yielding the highest AS event quantification 323 

accuracy were consistent with those optimal for isoform expression. Specifically, the 324 

most accurate cluster included laboratories using Poly(A) selection with higher 325 

sequencing depth, except for two rRNA-depletion laboratories (lab33 and lab36) with 326 
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exceptionally high sequencing depth (Fig.5b). 327 

In bioinformatics processes, the choice of isoform quantification method 328 

significantly affected SUPPA2's performance in detecting AS events. Benchmarking 329 

against the Quartet and RT-qPCR datasets revealed that SUPPA2, when combined with 330 

Salmon, RSEM, Cuffdiff, Sailfish, or Kallisto, achieved relatively higher dPSI 331 

quantification accuracy, though the maximum mean PCC did not exceed 0.36 and 0.54, 332 

respectively (Fig.5c). Combinations with featureCounts, Bowtie2-eXpress, and 333 

Bowtie2-Salmon performed the worst, with aberrant dPSI distributions near zero, 334 

reinforcing our conclusion of their limited isoform-level resolution (Fig.5d and 335 

Fig.S36). Normalized RMSE (nRMSE) was applied to mitigate the impact of aberrant 336 

distributions, showing consistent trends with PCC (Fig.5c). For DSE detection, 337 

pipelines with higher dPSI quantification accuracy also achieved greater detection 338 

accuracy, with maximum mean MCC values of 0.41 and 0.27 (Fig.5e). Their accuracy 339 

generally corresponded to the quality of AS event quantification data (SNR), except for 340 

StringTie, which had high SNR but lower accuracy (Fig.S37). Overall, despite 341 

generally low accuracy, the best-performing pipelines improved PCC by 0.18 (0.09–342 

0.28) and 0.15 (0.02–0.29), and MCC by 0.31 (0.15–0.44) and 0.24 (0.03–0.45), 343 

compared with the poorest pipelines, based on the Quartet and RT-qPCR datasets. 344 

Inherent features of AS events also constrained detection accuracy. Benchmarking 345 

with the Quartet reference datasets revealed that SUPPA2's quantification accuracy 346 

decreased for events with more adjacent AS events, fewer associated isoforms, higher 347 

GC content, lower mappability, intermediate PSI values, and lower expression levels of 348 

related isoforms (Fig.5f–g and Fig.S38–43). Notably, when SUPPA2 was combined 349 

with featureCounts, the influence of these factors followed different trends, consistent 350 

with observations at the isoform quantification level. The effects of these factors on 351 

reproducibility were similar to those on accuracy (Fig.S38–43). Finally, we quantified 352 

the magnitude of the impact on quantification accuracy and found that, except for 353 

pipelines combined with featureCounts, Bowtie2-eXpress, or Bowtie2-Salmon, the 354 

primary determinants were the expression levels of associated isoforms and the PSI 355 

levels (Fig.5f). 356 
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 357 

Evaluation of multiple AS event detection methods using a standardized 358 

benchmarking tool 359 

Different AS event detection tools employ distinct algorithmic strategies, leading to 360 

divergent definitions and output formats for each event type. To address this, we 361 

developed a standardized benchmarking tool for direct evaluation across tools, 362 

including four tools using distinct principles: SUPPA2 based on isoform expression, 363 

MAJIQ quantifying local splicing variations (LSVs) from junctions, and PSI-Sigma 364 

and rMATS using junction read counts. A unified format for seven AS event types were 365 

defined (Fig.S44), including skipping exon (SE), alternative 5' splice site (A5SS), 366 

alternative 3' splice site (A3SS), alternative first exon (AF), alternative last exon (AL), 367 

mutually exclusive exon (MX), and retained intron (RI). 368 

These tools showed limited overlap in detected AS events, especially for AF, AL, 369 

MX, and RI (Fig.6a and Fig.S45–48). The overlap in detected DSEs was even smaller, 370 

with most identified by only a single tool (Fig.6b and Fig.S49–54). In dPSI 371 

quantification, PSI-Sigma and MAJIQ exhibited the highest consistency, followed by 372 

rMATS, while SUPPA2 showed poorer consistency with the other tools (Fig.6c and 373 

Fig.S55–56). This is due to SUPPA2's unique approach, deriving AS events indirectly 374 

from isoform expression, unlike the junction-centered methods of the other tools. 375 

Consistency was highest for SE, A5SS, and A3SS, moderate for RI, and lowest for MX, 376 

AF, and AL. 377 

Benchmarking against the Quartet and RT-qPCR reference datasets confirmed that 378 

MAJIQ and PSI-Sigma, which showed higher dPSI consistency, also exhibited greater 379 

agreement with both references datasets (Fig.6d). MAJIQ achieved mean PCC of 0.45 380 

and 0.75 with the Quartet and RT-qPCR reference datasets, respectively, whereas PSI-381 

Sigma, SUPPA2, and rMATS reached 0.43, 0.36, and 0.35 (Quartet reference) and 0.65, 382 

0.61, and 0.56 (RT-qPCR). The PCC gap between best and poorest tools reached 0.10 383 

(0.02–0.25) and 0.19 (0.002–0.35) across laboratories. For DSE detection, all tools 384 

performed poorly (Fig.6e). SUPPA2 balanced recall and precision, MAJIQ and PSI-385 

Sigma favored precision over recall, while rMATS prioritized recall at the expense of 386 
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precision. Overall, SUPPA2 achieved the highest mean MCC of 0.41 (Quartet 387 

reference), surpassing rMATS, PSI-Sigma, and MAJIQ (MCC = 0.25), representing an 388 

inter-laboratory difference of 0.16 (0.10–0.25) (Fig.S57). Evaluation against RT-qPCR 389 

showed comparable MCC across tools, with SUPPA2 slightly better, likely due to the 390 

limited number of experimentally validated true positives reducing statistical power. 391 
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Discussion 392 

This study represents the most extensive cross-laboratory RNA-seq benchmarking for 393 

accurate AS profiling, leveraging the Quartet reference materials and large-scale, multi-394 

type ground truths. Our objectives were to address key challenges in RNA-seq 395 

applications: (i) the accuracy level of using RNA-seq for AS detection, (ii) best 396 

practices for experimental protocols and bioinformatic pipelines to achieve the most 397 

accurate isoform- and AS event–level detection using existing methods. The final 398 

recommendations are summarized in Table 1. 399 

This study provided reference-based evidence for the AS detection accuracy across 400 

real-world laboratories, experimental protocols, and bioinformatics pipelines. We 401 

utilized the Quartet reference datasets derived from long-read sequencing and the 402 

largest AS-level RT-qPCR validation datasets to date, both were recommended 403 

approaches for establishing standards27, and superior to previously used computational 404 

simulations or synthetic RNA20-25. Furthermore, incorporating the built-in truth based 405 

on known mixing ratios further allowed evaluation across all detected features31, 32. 406 

Performance rankings derived from the built-in truth were largely consistent with those 407 

from the Quartet and RT-qPCR datasets, supporting the generalizability of conclusions 408 

for features included in these reference datasets to all transcriptome features. Notably, 409 

the Quartet reference datasets provided the clearest discrimination in accuracy metrics.  410 

High-quality RNA-seq generally achieves high isoform-level accuracy, with 411 

optimal workflows reaching mean PCC of 0.81 and 0.92 for isoform quantification, and 412 

mean MCC of 0.69 and 0.71 for DEI detection, based on the Quartet and RT-qPCR 413 

references, even close to previously reported gene-level accuracy28. Importantly, our 414 

evaluation focused primarily on the annotated transcriptome, and for novel isoforms, 415 

the high FN rate of up to 45.1% for novel junctions indicates limited detection capability. 416 

In contrast, AS event detection remains poor, with the best SUPPA2-based workflows 417 

achieving mean PCC of 0.36 and 0.50 for event quantification, and mean MCC of 0.41 418 

and 0.21 for DSE detection, respectively, even lower than previous reports using 419 

simulated or limited RT-qPCR datasets18, 24, 33. Overall, RNA-seq is reliable for 420 

annotated isoform detection but remains limited for AS event analysis. 421 
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Our benchmarking of RNA-seq provides best-practice recommendations for 422 

experimental and bioinformatics design in future studies (Table 1). Unlike most 423 

previous evaluations that focused on isolated experimental methods or individual 424 

analysis steps14-18, 21-25, our approach encompassed entire experimental and 425 

computational workflows across multiple centers. This comprehensive perspective 426 

enables full consideration of interactions between different steps and provides direct, 427 

practical guidance for isoform- and AS event- level profiling. 428 

For isoform detection, the Poly(A) selection method and higher sequencing depth 429 

were strongly associated with greater quantification accuracy, consistent with previous 430 

reports that Poly(A) selection provides superior gene quantification in high-quality 431 

RNA samples28, 34, 35. While the benefits of increased depth are well recognized, the 432 

appropriate depth depends on transcriptome complexity, sequencing mode, library type, 433 

and RNA quality. Liu et al. indicated that 100M reads are sufficient for AS detection, 434 

whereas even 300–400M reads may not saturate differential expression analysis36; our 435 

results corroborate this, as laboratories exceeding 400M reads still exhibited 436 

performance gains. In bioinformatics design, STAR and HISAT2 were superior aligners, 437 

offering high mapping efficiency28, and comparable accuracy when combined with 438 

other analysis tools. Cuffdiff and eXpress performed better for isoform quantification. 439 

Our findings are consistent with those of Dapas et al., who reported that eXpress 440 

exhibited higher agreement with RT-qPCR16, but differ from Zhang et al., who found 441 

that pseudo-alignment tools performed best using simulated data22. This discrepancy 442 

likely reflects the simplicity of simulated data, which lack variants, sequencing errors, 443 

intronic signals, and non-uniform coverage, thereby reducing the challenge of pseudo-444 

alignment, as also noted by Sarantopoulou et al.26. Other studies have recommended 445 

RSEM for its reproducibility14, 25, consistent with our results. For DEI identification, 446 

DESeq2, edgeR, limma, Cuffdiff, and NOIseq-BIO generally performed well. Previous 447 

evaluations of differential expression tools have mainly focused on the gene level23, 28, 
448 

37-39, we extended to isoform-level analysis and revealed substantial overlap with 449 

previously recommended tools. Overall, identifying optimal pipelines helps achieve the 450 

highest accuracy, raising mean PCC for isoform quantification by 0.26 and 0.15, and 451 
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mean MCC for DEI detection by 0.54 and 0.49 over the poorest pipelines, based on the 452 

Quartet and RT-qPCR datasets. Importantly, irrespective of experimental or 453 

bioinformatics choices, certain factors consistently constrain the performance of RNA-454 

seq methodologies, including low expression levels and high isoform complexity, 455 

representing a common challenge that may inform software development and 456 

optimization efforts. 457 

For AS event detection, experimental protocols that performed well at the isoform 458 

level also showed relatively higher accuracy in event quantification. Regarding 459 

bioinformatics design, we demonstrated that SUPPA2 achieved higher accuracy when 460 

combined with upstream quantifiers such as Salmon, Sailfish, Kallisto, Cuffdiff, or 461 

RSEM, an aspect not systematically assessed before. The optimal pipeline improved 462 

mean PCC for event quantification by 0.18 and 0.15, and mean MCC for DSE detection 463 

by 0.31 and 0.24 over the poorest-performing pipeline. Nonetheless, the highest PCC 464 

with RT-qPCR was only 0.55 (0.42–0.66), markedly lower than the previously reported 465 

0.6833, likely due to the larger number and broader dPSI range of events in our RT-466 

qPCR validation. Moreover, AS detection is also constrained by methodological 467 

limitations, with reduced accuracy for events associated with low isoform expression, 468 

intermediate PSI values, or high complexity.  469 

To establish best practices for different AS event detection tools, we developed a 470 

standardized benchmarking tool that harmonizes event formats, enabling evaluation 471 

across four widely used tools. Although the earlier DICAST served as a benchmarking 472 

tool for AS event analysis15, it included tools that have been shown to perform poorly24, 473 

did not cover the most widely used tools currently in practice, and was incapable of 474 

quantitative evaluation. We incorporated SUPPA2, rMATS, MAJIQ, and PSI-Sigma, 475 

representing several distinct AS event algorithmic strategies of isoform expression-476 

based, LSV-based, and junction-based approaches40. The four tools exhibited 477 

remarkably little overlap, largely due to differences in the event databases inferred from 478 

reference transcriptomes and in the algorithms used to define and quantify each event 479 

type. Despite overall weak performance, MAJIQ and PSI-Sigma performed better in 480 

event quantification, whereas SUPPA2 performed better in DSE detection with a more 481 
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balanced recall–precision trade-off, consistent with previous evaluations based on 482 

simulated data at both the splicing gene or event levels24. Complex event types such as 483 

MX, RI, and AF/AL remained particularly challenging due to spanning multiple exons, 484 

long introns, or terminal exons that are prone to capture bias and uneven coverage. 485 

Importantly, our standardized benchmarking tool can be extended to additional tools, 486 

promoting standardization of event-level analyses. 487 

Our evaluations based on the Quartet reference datasets also provide a perspective 488 

on the comparison between srRNA-seq and long-read sequencing. Together with recent 489 

benchmarking efforts for long-read RNA-seq20, 30, 41, 42, our study provides a 490 

comprehensive insight of current AS detection technologies, guiding users in choosing 491 

between short- and long-read sequencing for splicing studies. For isoform-level 492 

analysis, we confirmed high concordance of srRNA-seq with long-read technologies, 493 

particularly for well-annotated transcriptomes. The advantages of greater sequencing 494 

depth and lower cost further highlight its practical utility. Nevertheless, further 495 

algorithmic improvements are required, especially to enhance the detection of low-496 

expression and structurally complex isoforms20. At the AS event level, we demonstrated 497 

that srRNA-seq exhibits overall limited performance. Given the current scarcity of 498 

long-read-specific analysis tools for event-level analysis, the development and 499 

optimization srRNA-seq remain essential. Potential directions include establishing 500 

comprehensive AS annotation databases, standardizing outputs across different 501 

algorithms, combining multiple tools to improve DSE detection, and targeted 502 

optimization for complex event types. 503 

Overall, this study elucidates RNA-seq accuracy in AS detection, identifies key 504 

technical determinants, and provides best practice recommendations for experimental 505 

and bioinformatic designs (Table 1). Its insights will support the effective application 506 

of RNA-seq and advance research on alternative splicing, ultimately contributing to a 507 

deeper understanding of transcriptomic complexity and its functional implications. 508 

509 
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Online Methods 510 

RNA reference samples preparation 511 

Quartet RNA reference materials were obtained from four Epstein–Barr virus–512 

immortalized B-lymphoblastoid cell lines derived from the Quartet family, which have 513 

been certified by China’s State Administration for Market Regulation29. The details of 514 

RNA reference sample preparation were provided in our previous study28. In brief, four 515 

Quartet samples (M8, F7, D5, and D6) were used, and two additional samples (T1 and 516 

T2) were generated as defined mixtures of M8 and D6 at ratios of 3:1 and 1:3, 517 

respectively. Each sample was provided in triplicate to 42 laboratories for sequencing. 518 

RNA-seq data 519 

Details of RNA-seq data generation are available in our previous study28. Initially, 45 520 

laboratories were enrolled, of which 42 provided complete sequencing data and were 521 

included in this study. Each laboratory applied its own routine library preparation and 522 

sequencing protocol, thereby reflecting real-world RNA-seq practices. Laboratory 523 

identifiers were retained as lab01–lab45 for consistency with previous studies. 524 

RT-qPCR validation 525 

A total of 121 isoforms and 59 AS events included in the Quartet reference datasets 526 

were selected for validation. SYBR Green dye-based RT-qPCR was used to validate the 527 

quantification of isoforms and AS events. Specific primers were designed to target 528 

isoform-unique sequences or sequences corresponding to isoforms that either include 529 

or exclude the AS event. For cases where dye-based RT-qPCR results were inconsistent 530 

with the Quartet reference datasets, additional validation was performed using the 531 

TaqMan probe method. The TaqMan probes were designed on isoform-unique 532 

sequences or sequences specific to AS event-related isoforms. C1ORF43 was selected 533 

as the reference for the PCR method. Primers and probes were synthesized by Sangon 534 

Biotech, and the sequences are shown in Supplementary Data 4.  535 

The RT-qPCR experiment mainly consisted of reverse transcription and PCR steps. 536 

Five μg of each RNA sample was reverse transcribed using the PrimeScriptTM RT 537 

reagent Kit (RR037A, Takara) in a 50 μl reaction. This reaction mixture was incubated 538 

at 37°C for 15 min, then for 5 s at 85°C and finally for termination at 4°C. cDNA was 539 
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used as a template for qPCR. The dye-based qPCR reactions were performed in a final 540 

volume of 20 μL using Premix Ex TaqTM II (Tli RNaseH Plus) (RR820A, Takara) 541 

containing 1 μL of cDNA, and 0.8 μL of each forward and reverse primer. The probe-542 

based qPCR reactions were carried out using Premix Ex TaqTM (RR390A, Takara) 543 

containing 2 μL of cDNA, 0.4 μL of each forward and reverse primer, and 0.8 μL of 544 

TaqMan probes in a 20 μL final volume reaction. The qPCR was performed on an 545 

Applied Biosystems 7500 Real-Time PCR System using the following cycling 546 

conditions: 30 s at 95°C followed by 45 cycles of 5 s at 95°C and 34 s at 56°C. Three 547 

replicates per sample per gene were conducted for eliminating random variations.  548 

Normalized isoform expression was quantified using the delta Ct method, with the 549 

C1ORF43 gene serving as the endogenous control. Fold changes (FC) for isoform 550 

expression were calculated using the delta delta Ct method for the three Quartet sample 551 

comparisons (M8/D6, F7/D6, and D5/D6). PSI for AS event was calculated as the ratio 552 

of the expression level of isoforms containing a specific AS event to the total expression 553 

of all isoforms, and dPSI was calculated as the difference in PSI values between the 554 

three sample pairs. An isoform is classified as a DEI when the student’s t-test p < 0.05 555 

and FC ≥ 2 or ≤ 0.5. An event is classified as a DSE when the student’s t-test p < 0.05 556 

and dPSI ≥ 0.05 or ≤ -0.05. 557 

Construction of the junction reference datasets 558 

Seven batches of high-quality long-read sequencing data from our companion study30 559 

were used to build the junction reference datasets through three steps: identifying high-560 

confidence junctions, selecting candidate gene sets with sufficient coverage, and 561 

generating the final datasets. Detailed data processing and building steps are available 562 

in the Supplementary Methods. 563 

The ground truth inherent in RNA reference samples 564 

The sample design incorporated three types of ground truth: the Quartet reference 565 

datasets, the RT-qPCR reference datasets, and the built-in truth based on the mixing 566 

ratios of the T1 and T2 samples.  567 

Quartet reference datasets. The details for constructing the Quartet reference datasets 568 

are available in our companion study30. These datasets provide isoform-level and AS 569 
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event–level relative quantification results, as well as differential analysis results, for the 570 

M8/D6, F7/D6, and D5/D6 sample pairs. The isoform reference dataset comprises 571 

10,218 results, reporting relative expression as log₂FC, among which 1,077 isoforms 572 

were classified as DEIs, enabling evaluation of RNA-seq accuracy in isoform 573 

quantification and DEI identification. The AS event reference datasets contain 5,574 574 

results, reporting relative quantification as dPSI, among which 78 events were defined 575 

as DSEs, providing a basis for evaluating the accuracy of AS event quantification and 576 

DSE detection. 577 

RT-qPCR reference datasets. The selected isoforms and AS events were validated 578 

across the M8/D6, F7/D6, and D5/D6 sample pairs, yielding a total of 362 and 177 579 

relative quantification results for isoforms (log₂FC) and AS events (dPSI), respectively. 580 

Among them, 78 were identified as DEIs and 41 as DSEs. The RT-qPCR reference 581 

datasets are shown in Supplementary Data 5. 582 

Built-in truth of mixing ratios in samples T1 and T2. The built-in truth can be defined 583 

at two levels. First, the relative expression of isoforms in the mixed sample pairs of 584 

T1/D6 and T2/D6 is expected to follow a defined functional relationship with that of 585 

M8/D6, which can be used to evaluate the performance of isoform quantification. The 586 

expected relative expression in comparisons of T1/D6 or T2/D6 could be calculated 587 

from the relative expression observed in the comparison of M8/D6 using Eq. (1). The 588 

detailed computational procedure is described in our previous study28. 589 

log2ET1
D6

 =log2 (k1 + k2×2
 log2EM8

D6 )  
log2ET2

D6
 =log2 (k2 + k1×2

 log2EM8
D6 ) (1) 590 

where E೅1ವ6  and E೅2ವ6  represents the expected relative isoform expression in 591 

comparisons of T1/D6 or T2/D6, and EM8
D6

 represents the relative isoform expression in 592 

the comparison of M8/D6. Here, k1 and k2 represent the mixing coefficients. After 593 

correction for the total mRNA proportions in the samples, the coefficients were 594 

estimated to be 0.245 and 0.745 for the T1/D6 comparison, and 0.740 and 0.240 for the 595 

T2/D6 comparison. 596 
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Construction of the Quartet junction reference datasets 597 

Seven batches of high-quality long-read sequencing data from our companion study 598 

were used to construct reference datasets (details in Supplementary Methods)30. First, 599 

positive and negative junctions supported by long-read sequencing data across multiple 600 

batches were selected. Second, a candidate gene set with sufficient read coverage was 601 

identified. Finally, positive and negative junctions located within the candidate gene set 602 

were further screened, resulting in a reference dataset in which all annotated positive 603 

and negative junctions within these genes were known, as well as an additional dataset 604 

containing novel junctions. 605 

Relative expression calculation 606 

Relative expression quantification was performed on a feature-by-feature basis within 607 

each laboratory. Specifically, relative expressions were calculated based on log2FPKM 608 

values. For each gene, the mean of expression profiles of replicates of reference 609 

sample(s) (for example, D6) was first calculated and then were subtracted from the 610 

log2FPKM values of that gene in other samples. 611 

Evaluation of RNA-seq performance in isoform and AS event detection 612 

The evaluation of RNA-seq performance was conducted at three levels. First, data 613 

quality was assessed using the SNR. Second, metrics reflecting the accuracy of 614 

quantification and differential analysis results for isoforms and AS events were 615 

calculated based on the three types of ground truth. Finally, reproducibility metrics were 616 

included to assess the consistency of quantification across replicate samples. 617 

SNR. The PCA-based SNR was used to assess the data quality of the Quartet and mixed 618 

samples at the isoform expression and AS event PSI level, and the calculation method 619 

of PCA-based SNR is as shown in the previous study29. Isoform-level analysis was 620 

based on FPKM values, including only those isoforms with FPKM > 0 in at least one 621 

sample. For AS event-level analysis, PSI values were used, and only events with PSI 622 

values between 0 and 1 in all samples were included in the analysis. An SNR below 10 623 

was considered indicative of low-quality data. In addition to calculating the SNR across 624 

all 18 samples, we also computed SNR17, representing the SNR calculated from any 625 

17 out of the 18 samples (12 Quartet and 6 mixed samples). If the removal of a particular 626 
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sample results in a significant increase in SNR17 compared to SNR18 (with a difference 627 

greater than 6), the quality of the RNA-seq data of the excluded sample is considered 628 

low, and the sample is treated as an outlier. Such random occurrences of problematic 629 

library preparation or sequencing in individual samples are referred to as random 630 

failures. 631 

PCC. PCC was used to assess the consistency between RNA-seq-derived relative 632 

isoform expression (log₂FC) and AS event relative quantification (dPSI) with the 633 

reference datasets. 634 

RMSE and nRMSE. RMSE was used to quantify the absolute deviation between 635 

RNA-seq-derived relative quantification of isoforms and AS events and the reference 636 

datasets. In addition, RMSE was also used to assess the consistency between the 637 

observed relative isoform expression in the sample pairs of T1/D6 and T2/D6 and the 638 

expected relative expression calculated from the sample pair of M8/D6 using Eq. (1). 639 

Normalized RMSE (nRMSE) was obtained by adjusting RMSE with the range of 640 

observed values using Eq. (2), enabling direct comparison across different analysis 641 

pipelines. 642 

nRMSE = √1݈ ∑ ௜ߠ) − ௜)௟௜=1ߠ̂  2
௠௔௫ߠ̂ − ௠௜௡ߠ̂ (2) 643 

where ߠ௜ and ̂ߠ௜ denote the expected and observed quantification results, respectively, 644 

and ̂ߠ௠௔௫  and ̂ߠ௠௜௡  denote the maximum and minimum observed quantification 645 

values. 646 

Recall, precision, and F1 score. To evaluate the performance of RNA-seq in detecting 647 

junctions, DEIs, and DSEs, recall, precision, and F1 score were calculated based on the 648 

comparison with the reference datasets. Recall was defined as the proportion of true 649 

positives (TP) correctly identified among all reference positives (TP + FN), while 650 

precision was defined as the proportion of TP among all detected positives (TP + FP). 651 

The F1 score, representing the harmonic mean of recall and precision, was calculated 652 

using Eq. (3). 653 

F1 score = 2×
Recall×PrecisionRecall + Precision (3) 654 



- 25 - 

MCC. The MCC was used to evaluate the accuracy of DEI or DSE identification for a 655 

given pair of samples based on the Quartet and RT-qPCR reference datasets. Then MCC 656 

was calculated using Eq. (4). 657 

MCC = 
TP×TN-FP×FN√(TP+FP)(TP+FN)(TN+FP)(TN+FN) (4) 658 

CV and SD. The reproducibility of isoform expression (FPKM) and AS event 659 

quantification (PSI) across three replicates was assessed using coefficient of variation 660 

(CV) and standard deviation (SD), respectively. Values were summed across all 661 

isoforms and AS events to provide an overall measure of reproducibility. 662 

Uniform RNA-seq data analysis pipeline 663 

The GRCh38 reference genome (https://ftp.ensembl.org/pub/release-664 

109/fasta/homo_sapiens/dna/Homo_sapiens.GRCh38.dna.primary_assembly.fa.gz) 665 

and transcriptome (https://ftp.ensembl.org/pub/release-666 

109/fasta/homo_sapiens/cdna/Homo_sapiens.GRCh38.cdna.all.fa.gz) were obtained 667 

from Ensembl. Gene annotation from Ensembl release-109 668 

(https://ftp.ensembl.org/pub/release-669 

109/gtf/homo_sapiens/Homo_sapiens.GRCh38.109.gtf.gz) was used. 670 

To evaluate the performance of RNA-seq experimental processes, RNA-seq data 671 

from all 42 laboratories were processed using a uniform data analysis pipeline, thereby 672 

eliminating variations introduced from the bioinformatics processes. Preliminary 673 

processing of raw reads was performed using fastp (v0.23.2) to remove adapter 674 

sequences43. Cleaned reads were aligned to the GRCh38 genome using STAR 675 

(v2.7.10b)44. The STAR --twopassMode Basic option was applied to improve junction 676 

detection, and splice junctions were extracted from BAM files using the 677 

sjFromSAMcollapseUandM_inclOverlaps.awk script provided by STAR. Isoform 678 

quantification was conducted with StringTie (v3.0.0) using the -e option to enable 679 

expression estimation guided by the annotation45. Log2 transformation of isoform 680 

expression values was carried out on Fragments Per Kilobase of transcript per Million 681 

mapped reads (FPKM), after adding a pseudocount of 0.01 to avoid infinite values. 682 

Differential isoform expression analysis was performed using edgeR (v4.4.2) in the 683 

https://ftp.ensembl.org/pub/release-109/fasta/homo_sapiens/dna/Homo_sapiens.GRCh38.dna.primary_assembly.fa.gz?utm_source=chatgpt.com
https://ftp.ensembl.org/pub/release-109/fasta/homo_sapiens/dna/Homo_sapiens.GRCh38.dna.primary_assembly.fa.gz?utm_source=chatgpt.com
https://ftp.ensembl.org/pub/release-109/fasta/homo_sapiens/cdna/Homo_sapiens.GRCh38.cdna.all.fa.gz?utm_source=chatgpt.com
https://ftp.ensembl.org/pub/release-109/fasta/homo_sapiens/cdna/Homo_sapiens.GRCh38.cdna.all.fa.gz?utm_source=chatgpt.com
https://ftp.ensembl.org/pub/release-109/gtf/homo_sapiens/Homo_sapiens.GRCh38.109.gtf.gz?utm_source=chatgpt.com
https://ftp.ensembl.org/pub/release-109/gtf/homo_sapiens/Homo_sapiens.GRCh38.109.gtf.gz?utm_source=chatgpt.com
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classical mode46. Isoforms with log2FC greater than ≥ 1 or ≤ -1 and FDR < 0.05 684 

were classified as DEIs. For AS event analysis, StringTie-derived TPM data were used 685 

as input to SUPPA2 (v2.4)33. AS events with dPSI ≥ 0.05 or ≤ -0.05 and p-value < 686 

0.05 were considered DSEs. 687 

Combined RNA-seq data analysis pipelines 688 

To specifically assess the impact of bioinformatics designs, we incorporated four 689 

alignment tools, eight isoform quantification tools, ten DEI detection tools, and four AS 690 

event detection tools to combine 138 isoform-level and 21 AS event-level analysis 691 

pipelines. These pipelines were applied to high-quality RNA-seq data. Unless otherwise 692 

specified, all tools were run with default parameters. The details of RNA-seq analysis 693 

tools, versions, and the command line are listed in Supplementary Data 6. 694 

Alignment tools. Four alignment tools, STAR (v2.7.10b)44, HISAT2 (v2.2.1)47, and 695 

Subjunc (v2.0.8)48, and Bowtie2 (v2.5.4)49 were included. STAR, HISAT2, and Subjunc 696 

were applied to align reads to the reference genome, while Bowtie2 was used to align 697 

reads to the reference transcriptome. In addition, STAR was also employed for 698 

transcriptome alignment using the parameters --quantMode TranscriptomeSAM and --699 

quantTranscriptomeBan Singleend. For Cuffdiff analysis, STAR was run with the 700 

additional parameters --outSAMstrandField intronMotif and --outFilterIntronMotifs 701 

RemoveNoncanonical, while HISAT2 was run with the --dta-cufflinks option. Subjunc 702 

alignments were not used for Cuffdiff analysis, as it does not provide parameters 703 

compatible with Cuffdiff. 704 

Isoform quantification tools. Eight commonly used isoform quantification tools 705 

consist of genome-alignment-based tools like featureCounts (v2.0.8)50, StringTie 706 

(v3.0.0)51, and Cuffdiff (v2.2.1)52, transcriptome-alignment-based tools like RSEM 707 

(v1.3.3)53, eXpress (v1.5.1)54, and Salmon (v1.10.1)55 in alignment-based mode, as well 708 

as pseudo-alignment-based tools like Kallisto (v0.51.1)56, Sailfish (v0.10.0)57, and 709 

Salmon (v1.10.1)55 in mapping-based mode. FeatureCounts was run with the additional 710 

parameters -g transcript_id, -O, and -M. RSEM performs both alignment and 711 

quantification directly by specifying the --hisat2-hca, --star, or --bowtie2 options, rather 712 

than requiring a separate alignment step. Salmon was run using optional parameters: --713 
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gcBias, --seqBias, and --posBias to correct GC biases, sequence-specific biases, and 5’ 714 

or 3’ positional bias. 715 

Differential isoform expression analysis tools. Seven differential expression analysis 716 

tools, including Cuffdiff (v2.2.1)52, Ballgown (v2.38.0)58, edgeR (v4.4.2)59, limma 717 

(v3.62.2)60, DESeq2 (v1.46.0)61, NOIseq (v2.50.0)62, and Sleuth (v0.30.1)63, along with 718 

different modes, were combined to generate a total of 11 analysis approaches. Among 719 

these tools, edgeR and DESeq2 are based on negative binomial models, Cuffdiff 720 

employs a beta-negative binomial model, and NOISeq uses a non-parametric approach. 721 

Ballgown and limma are based on linear models, while Sleuth applies an error linear 722 

model. These tools collectively represent the major statistical algorithms currently used 723 

for differential expression analysis. Ballgown is compatible with StringTie-derived 724 

quantification, whereas Sleuth is compatible with quantification from Salmon, Kallisto, 725 

and Sailfish. For differential expression analysis tools, we also applied the available 726 

analysis modes. Specifically, for edgeR, three versions were considered: v1, based on 727 

the quantile-adjusted conditional maximum likelihood (qCML) method; v2, using 728 

generalized linear models (GLM) for parameter estimation; and v3/v4, which adopt the 729 

quasi-likelihood (QL) generalization of the negative binomial (NB) model. These 730 

complementary strategies were included to comprehensively evaluate the impact of 731 

different statistical tools on the detection of differentially expressed isoforms. For 732 

limma, we used the voom and trend modes, in which the mean–variance relationship 733 

for count data was modeled either with precision weights or with an empirical Bayes 734 

prior trend. For NOISeq, we applied both the real and BIO modes, with the latter 735 

optimized for biological replicates. 736 

AS event detection tools. Four AS event detection tools were employed, including 737 

SUPPA2 (v2.4), rMATS (v4.3.0)64, MAJIQ (v2.5.6)65, and PSI-Sigma (v2.3)66. 738 

SUPPA2 was run using transcript-level quantification data (TPM) generated from 18 739 

isoform quantification pipelines. For the standardized benchmarking of the four AS 740 

event detection tools, SUPPA2 was supplied with TPM input generated by the STAR–741 

Salmon, as this combination had been demonstrated to yield the highest accuracy. 742 

rMATS was run with cleaned reads as input, and performed alignment using its built-in 743 
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STAR module prior to AS event detection. Both MAJIQ and PSI-Sigma were executed 744 

based on STAR-aligned data. Following the rMATS manual, DSEs were defined using 745 

|IncLevelDifference| ≥ 0.05 and FDR ≤ 0.01. For PSI-Sigma, DSEs were identified with 746 

|ΔPSI (%)| ≥ 10 and FDR (BH) < 0.01. MAJIQ employed a probability changing 747 

threshold greater than 0.95, whereas SUPPA2 used |dPSI| ≥ 0.05 and p-value ≤ 0.05. 748 

Principal variance component analysis 749 

Principal variance component analysis (PVCA) was performed to estimate the sources 750 

of variation in isoform (FPKM) or AS event (PSI) expression profiles across 751 

laboratories using the pvca package (v1.40.0)67. We examined a total of 11 experimental 752 

factors, including RNA input, mRNA enrichment method, strandedness, library kit, read 753 

length, library concentration, sequencing platform, flowcell, lane, the number of reads 754 

in the exonic region, and insert size. Sample grouping also served as a factor in PVCA, 755 

allowing for a comparison between biological differences among samples and 756 

variations introduced by various factors. 757 

Annotation of features for junction, isoform and AS event 758 

Features were annotated for each junction, isoform, and AS event, including 759 

mappability, GC content, the number of isoforms per gene, isoform expression, isoform 760 

length, the number of exons per isoform, exon length, the K-value, the number of 761 

adjacent AS events, and PSI level. Detailed definitions of these features are provided in 762 

the Supplementary Methods. 763 

Standardized benchmarking tool 764 

The outputs of four alternative splicing detection tools, SUPPA2, rMATS, MAJIQ, and 765 

PSI-Sigma, were converted into a unified format. Definitions of unified format for the 766 

seven AS event types are provided in the Supplementary Methods. Using standardized 767 

formats, the four tools were evaluated for both qualitative results—including overlaps 768 

in detected AS events and DSEs—and quantitative consistency in dPSI measurements. 769 

Statistical analysis 770 

All statistical analyses were performed using R statistical packages (v4.5.1) and python 771 

(v3.10.10). PCA was conducted with the univariance scaling, using the prcomp (v3.6.2) 772 

function. Principal variance component analysis (PVCA) was performed by pvca 773 
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package (v1.40.0)68 to quantifies the proportion of variance explained by each 774 

influencing factor.  775 

 776 

Data availability 777 

The high-quality raw sequence data reported in this paper have been deposited in the 778 

Genome Sequence Archive (Genomics, Proteomics & Bioinformatics 2021) in National 779 

Genomics Data Center (Nucleic Acids Res 2022), China National Center for 780 

Bioinformation / Beijing Institute of Genomics, Chinese Academy of Sciences under 781 

accession code of GSA-Human: HRA005937 [https://ngdc.cncb.ac.cn/gsa-782 

human/browse/HRA005937]69. The constructed junction reference datasets, and 783 

expression profiles at isoform and event level, can be accessed at figshare 784 

(https://figshare.com/account/home#/projects/264799). 785 

Code availability 786 

Custom scripts for standardized benchmarking of AS event detection tools were 787 

provided in https://github.com/wangduo-ux/Standardized-benchmarking-of-788 

alternative-splicing-detection.git. 789 

790 
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Figure legends 954 

Fig.1 | Overview of study design.  955 

a, Certified Quartet RNA reference materials from immortalized cell lines of a Chinese 956 

Quartet with father (F7), mother (M8), and monozygotic twin daughters (D5 and D6) 957 

were used. Samples M8 and D6 were mixed at 3:1 and 1:3 ratios to create samples T1 958 

and T2, respectively. Each sample was prepared with three replicates. The reference 959 

samples were tested in 42 laboratories with distinct protocols and analyzed with 159 960 

bioinformatics pipelines. We systematically evaluated RNA-seq accuracy in isoform 961 

quantification, AS event quantification, and differential expression and splicing 962 

analyses. To identify best practices, we investigated influencing factors in experimental 963 

and bioinformatics processes as well as intrinsic isoform and event features. In addition, 964 

we developed a standardized benchmarking tool to harmonize event formats and 965 

facilitate the evaluation of four AS event detection methods. b, Overview of sequencing 966 

platforms, library preparation methods, and bioinformatics pipelines (Fig.S2). * 967 

indicates that differential expression analysis tools are applied only to their compatible 968 

input: Cuffdiff for Cuffdiff results, Ballgown for StringTie results, and Sleuth for data 969 

from Salmon, Kallisto, and Sailfish. Circles and triangles in different colors represent 970 

different performance metrics and types of ground truth, respectively. RMSE, root mean 971 

square error; PCC, Pearson correlation coefficient; RMR, recovery of mixing ratios; 972 

MCC, Matthews correlation coefficient. Created in BioRender. Zhang, R. (2025) 973 

https://BioRender.com/3rpzq7f.  974 

 975 

Fig.2 | Evaluation of isoform detection performance of RNA-seq. 976 

a–b, Principal component analysis (PCA) plots on isoform-level expression profiles 977 

from (a) all 42 laboratories and (b) the 19 high-quality laboratories. c, Assessment of 978 

relative isoform expression quantification using root mean square error (RMSE) and 979 

Pearson correlation coefficient (PCC) based on three types of ground truth. Mixing 980 

ratio-based ground truth was employed to evaluate the consistency between measured 981 

and theoretical isoform expression levels in mixed samples T1 and T2, quantified using 982 

RMSE. d, Comparison of RMSE values between high-quality and low quality 983 
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laboratories. Data are presented as median values (center lines) and the upper and lower 984 

quartiles (box limits). Significance testing among groups was conducted using Mann-985 

Whitney U test. ** indicates a two-sided p-value < 0.01. e–f, Correlation of RMSE with 986 

(e) sequencing depth in exonic regions and (f) false-negative rate of junction detection 987 

across laboratories. g–h, Recall, precision and Matthews correlation coefficient (MCC) 988 

of differentially expressed isoforms (DEIs) detection across laboratories based on the 989 

(f) Quartet and (g) RT-qPCR reference datasets. i, Correlation between recall based on 990 

the Quartet reference datasets and sequencing depth in exonic regions across 991 

laboratories. j, Correlation between MCC and SNR across laboratories. k, Average read 992 

counts and inter-replicate coefficient of variation (CV) for isoforms identified as false 993 

positives (FP), false negatives (FN), true positives (TP), and true negatives (TN) across 994 

all laboratories. R represents the Pearson correlation coefficient.  995 

 996 

Fig.3 | Technical and biological factors affecting isoform detection performance. 997 

a, Principal variance component analysis quantifies the proportion of variance 998 

explained by each experimental factor for the Quartet and mixed samples. RNA-seq 999 

data with high-quality flags were processed using a unified STAR + StringTie pipeline 1000 

to exclusively investigate the sources of variation from the experimental processes. b, 1001 

Clustering of 19 high-quality laboratories based on the root-mean-square error (RMSE) 1002 

values. The horizontal clustering represents the combinations of three ground truths and 1003 

18 isoform quantification pipelines. One laboratory with abnormal RSEM run was 1004 

excluded. c, Compairsion of 18 isoform quantification pipelines based on RMSE values 1005 

calculated against three types of ground truth. d, The distribution of coefficients of 1006 

variation (CV) of expression levels among isoforms belonging to the same gene, as 1007 

estimated by all quantification pipelines. Data are shown for the M8 sample from lab01 1008 

as an example. e, Clustering of the 18 quantification pipelines based on RMSE values. 1009 

f, Evaluation of the 11 differentially expressed isoforms (DEIs) detection methods 1010 

based on the Matthews correlation coefficient (MCC). The colors of the points represent 1011 

different quantification pipelines, consistent with panel c. g, Evaluation of each DEI 1012 

detection tool with respect to different isoform quantification pipelines. h, Evaluation 1013 
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of quantification pipelines with respect to multiple isoform features, including the 1014 

isoform length, the number of isoforms per gene, the mean length of exons per isoform, 1015 

the number of exons per isoform, GC content, K-value, and expression level (FPKM). 1016 

i, Evaluation of the extent to which isoform features affect the performance of 18 1017 

isoform quantification pipelines. RMSE values based on the Quartet reference datasets 1018 

(left panel) and built-in truth (right panel) from 19 high-quality datasets were grouped 1019 

by each feature and analyzed using one-way ANOVA to derive p-value and effect sizes 1020 

(η2). Data in boxplots are presented as median values (center lines) and the upper and 1021 

lower quartiles (box limits). The tools are abbreviated as follows: STA (STAR), HIS 1022 

(HISAT2), Bow (Bowtie2), Cuff (Cuffdiff), Stri (StringTie), feat (featureCounts), 1023 

RSEM (RS), eXpress (eXpr), Sal (Salmon), Sailfish (Sail), and Kall (Kallisto). 1024 

 1025 

Fig.4 | Evaluation of AS event detection performance of RNA-seq. 1026 

a, Principal component analysis (PCA) plots on alternative splicing (AS) event-level 1027 

quantification data (PSI) from the 19 high-quality laboratories. b, Evaluation of AS 1028 

event relative quantification (delta PSI) using root mean square error (RMSE) and 1029 

Pearson correlation coefficient (PCC) based on the Quartet and RT-qPCR reference 1030 

datasets. c, Comparison of PCC values between high-quality and low-quality 1031 

laboratories. Significance testing among groups was conducted using Mann-Whitney 1032 

U test. * and ** indicates a two-sided p-value < 0.05 and p-value < 0.01. d–e, 1033 

Correlation of RMSE with (d) sequencing depth in exonic regions and (e) false-negative 1034 

rate of junction detection across laboratories. f–g, Recall, precision and Matthews 1035 

correlation coefficient (MCC) of differential splicing events (DSEs) detection across 1036 

laboratories based on the (f) Quartet and (g) RT-qPCR reference datasets. h, Correlation 1037 

between recall and sequencing depth in exonic regions across laboratories. Data in 1038 

boxplots are presented as median values (center lines) and the upper and lower quartiles 1039 

(box limits). R represents the PCC. 1040 

 1041 

Fig.5 | Technical and biological factors affecting AS event detection performance. 1042 

a, Principal variance component analysis quantifies the proportion of variance in 1043 
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percent spliced-in (PSI) data explained by each experimental factor for the Quartet and 1044 

mixed samples. RNA-seq data with high-quality flags were processed using a unified 1045 

STAR + StringTie + SUPPA2 pipeline to exclusively investigate the sources of 1046 

variation from the experimental processes. b, Clustering of 19 high-quality laboratories 1047 

based on the root-mean-square error (RMSE) values. Clustering of 19 high-quality 1048 

laboratories based on the root-mean-square error (RMSE) values. The horizontal 1049 

clustering represents the combinations of two reference datasets and 18 SUPPA2-based 1050 

analysis pipelines. One laboratory with abnormal RSEM run was excluded. c, 1051 

Comparison of delta PSI (dPSI) quantification accuracy of SUPPA2 combined with 18 1052 

isoform quantification pipelines using normalized RMSE (nRMSE) and Peasern 1053 

correlation coefficient (PCC). d, Distribution of dPSI values from SUPPA2 combined 1054 

with 18 isoform quantification pipelines. Data are shown for lab01 as an example. e, 1055 

Differential splicing events (DSEs) detection accuracy of SUPPA2 across 18 isoform 1056 

quantification pipelines based on the Quartet and RT-qPCR reference datasets. f, 1057 

Evaluation of the extent to which AS event features affect the performance of 18 1058 

pipelines. RMSE values from 19 high-quality datasets were grouped by each feature 1059 

and analyzed using one-way ANOVA to derive p-value and effect sizes (η2). g. 1060 

Evaluation of SUPPA2 combined with 18 isoform quantification pipelines with respect 1061 

to multiple AS event features, including number of adjacent AS events, AS-related 1062 

isoform number, GC content, mappability, and PSI level, and AS-related isoform 1063 

expression (FPKM). Data in boxplots are presented as median values (center lines) and 1064 

the upper and lower quartiles (box limits). The tools are abbreviated as follows: STA 1065 

(STAR), HIS (HISAT2), Bow (Bowtie2), Cuff (Cuffdiff), Stri (StringTie), feat 1066 

(featureCounts), RSEM (RS), eXpress (eXpr), Sal (Salmon), Sailfish (Sail), Kall 1067 

(Kallisto), and SUP (SUPPA2). 1068 

 1069 

Fig.6 | Standardized benchmarking of four AS event detection tools  1070 

a–b, The UpSet plots show the intersection of (a) alternative splicing (AS) events and 1071 

(b) differentially plicing events (DSEs) from four AS event detection tools, using data 1072 

from lab1 as an example. AS events with percent spliced-in (PSI) values between 0.05 1073 
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and 0.95 were included. c. Evaluation of the consistency of delta PSI (dPSI) 1074 

quantification across the four AS event detection tools for each event type. The data in 1075 

the boxplots represent results from 19 high-quality laboratories across three sample 1076 

pairs, presented as median values (center lines) with upper and lower quartiles (box 1077 

limits). d. The consistency of dPSI quantification results between the four AS event 1078 

detection tools and the Quartet and RT-qPCR reference datasets. e, The recall and 1079 

precision of DSE detection against the Quartet and RT-qPCR reference datasets by four 1080 

AS event detection tools. 1081 
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Figures 1082 

 1083 

Fig.1 | Overview of study design.  1084 
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 1085 

Fig.2 | Evaluation of isoform detection performance of RNA-seq. 1086 
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 1087 

Fig.3 | Technical and biological factors affecting isoform detection performance. 1088 
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 1089 

Fig.4 | Evaluation of AS event detection performance of RNA-seq. 1090 
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 1091 

Fig.5 | Technical and biological factors affecting AS event detection performance. 1092 
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 1093 

Fig.6 | Standardized benchmarking of four AS event detection tools.  1094 
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Tables 

Table 1 Best-practice recommendations for RNA application. 

RNA-seq 

processes 
Recommendations 

Performance gap* 

(optimal vs. poorest) 

Quality 

control 

Rigorous quality control  

 To reduce the impact of low-quality experimental operations  

 Recommended quality metrics: SNR, duplicate rate, 5′–3′ 

bias, number of exonic reads, proportion of exonic reads, 

cross-contamination, and mapping rate 

SNR gap (high- vs. low-

quality): 25 vs. 4.8 and 14.8 vs. 

7.1 at isoform and AS event 

level, respectively 

Isoform-

level 

analysis 

Best practices for experiment design 

 The Poly(A) selection method and higher sequencing depth 

PCC gap: 0.15 (0.02 – 0.18)Q, 

0.05 (0.02 – 0.21)R across 

quantification pipelines 

Best practices for bioinformatics design 

 Isoform quantification: 

STAR/HISAT2+Cuffdiff; STAR+eXpress 

 DEI detection:  

DESeq2, edgeR, limma, and NOISeq-BIO in combination 

with RSEM, Salmon, Sailfish, Kallisto, or eXpress; Cuffdiff 

PCC gap: 0.26 (0.21 – 0.31)Q, 

0.15 (0.07 – 0.22)R across 

laboratories 

MCC gap: 0.54 (0.46–0.61)Q, 

0.49 (0.34 – 0.59)R across 

laboratories 

Influencing factors associated with isoform features 

 Factors positively associated with accuracy: 

Isoform length, isoform expression level 

 Factors negatively associated with accuracy: 

K-values, isoform number per gene, exon length, GC content 

 Other: 

Exon number per isoform: Cuffdiff and StringTie–high 

associated with lower accuracy; others–intermediate 

associated with lower accuracy 

NA 
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RNA-seq 

processes 
Recommendations 

Performance gap* 

(optimal vs. poorest) 

AS event-

level 

analysis 

Best practices for experiment design 

The Poly(A) selection method and higher sequencing depth 

PCC gap: 0.16 (0.04 – 0.25)Q, 

0.19 (0.06 – 0.27)R across 

quantification pipelines 

Best practices for bioinformatics design using SUPPA2  

 AS event quantification and DSE detection:  

SUPPA2 in combination with Salmon, RSEM, Cuffdiff, 

Sailfish, or Kallisto 

PCC gap: 0.18 (0.09 – 0.28)Q, 

0.15 (0.02–0.29)R across 

laboratories 

MCC gap: 0.31 (0.15–0.44)Q, 

0.24 (0.03–0.45)R across 

laboratories 

Influencing factors associated with isoform features 

 Factors positively associated with accuracy: 

AS event-related isoform number, mappability, AS event-

related isoform expression level 

 Factors negatively associated with accuracy: 

GC content, the number of adjacent AS events 

NA 

Best practices for AS event detection tools 

 Individual AS event detection tools generally show limited 

performance  

 MAJIQ and PSI-Sigma show higher accuracy for event 

quantification 

 SUPPA2 show higher accuracy for DSE identification 

 Standardization of AS event detection tools is required 

PCC: MAJIQ, PSI-Sigma, 

SUPPA2, and rMATS (0.45, 

0.42, 0.36, and 0.35)Q and 

(0.75, 0.65, 0.61, and 0.56) R
 

MCC: SUPPA2, rMATS, 

MAJIQ, and PSI-Sigma (0.41, 

0.25, 0.25, and 0.25)Q and 

(0.26, 0.26, 0.25, and 0.19)R
 

* featureCounts- and Bowtie2-based pipelines, deemed unsuitable for AS analysis, 

were excluded from optimal–poorest pipeline comparisons. NA, not available. 
Q and R represent the evaluation against the Quartet and RT-qPCR reference datasets. 
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