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Abstract

Transcriptome assembly and quantification are crucial steps in the differential expression analysis of RNA-seq data. As transcriptome
assembly precedes quantification, its results inevitably influence the outcomes of quantification. This study investigates the impact
of transcriptome assembly algorithms on quantification outcomes in next-generation RNA-seq data analysis. From the perspective of
quantification results, we evaluate the performance of transcriptome assembly algorithms. We assess the assembly quality and stability of
three commonly used transcriptome assemblers—StringTie2, Scallop, and Cufflinks—on both simulated and real datasets. Our evaluation
provides references for downstream analyses and identifies the most effective and stable pipeline, which is specifically the pipeline
combining HISAT2 (for transcriptome alignment) and StringTie2 (for assembly). Furthermore, we compare simulated data generated
by RNA-seq data simulation tools with real RNA-seq data and reveal that simulated data fails to fully capture the complexity of real
data. Through this analysis, we identify transcript features associated with poor assembly and quantification performance, specifically
highlighting two extreme cases: long, low-expression transcripts that are often overlooked and short transcripts that are prone to
quantification errors. These findings offer valuable insights into future software development directions.
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Introduction Assembly is a critical precursor to quantification. Current assembly

Next-generation sequencing (NGS) [1], particularly RNA-seq devel- evaluation relies primarily on metrics like precision, recall, and F1-

oped in 2008, has revolutionized transcriptome profiling, enabling
genome-wide quantification of gene expression and isoform discov-
ery [2, 3]. While third-generation sequencing (TGS) offers advantages
in read length, through which researchers can directly sequence
of RNA molecules or get full-length RNA-seq data [4-6], NGS plat-
forms remain dominant due to their higher throughput, lower error
rates (about 1 to 2 orders of magnitude lower than TGS [7, 8]), and
mature analytical workflows [9, 10]. Standard RNA-seq analysis usu-
ally involves [11]:

(1) Alignment of reads to a reference genome (e.g. using HISAT2 [12]
or STAR [13]),

(ii) Transcriptome assembly (genome-guided by tools like StringTie2
[14], Scallop [15], or Cufflinks [16], or de novo assemblers like Trinity
[17] where references are unavailable), and

(i) Transcript quantification (e.g. via Salmon [18] or RSEM [19]) for
downstream differential expression analysis (DEG).

score, assessing reconstruction accuracy in isolation [20]. Crucially,
the propagation of assembly errors into downstream quantification
fidelity remains poorly characterized.

As quantification is the cornerstone of DEG analysis, understanding
how assembly algorithms bias expression estimates is essential for
biological interpretation. Srivastava et al. evaluated the transcriptome
alignment algorithm using quantitative results and demonstrated that
the quality of the assembly algorithm outputs indeed affects the relia-
bility of the DEG analysis [21].

One key challenge lies in the difficulty of comparing quantification
results. We noticed that those results are high-dimensional sparse
vectors, so we chose Spearman correlation, Pearson’s correlation, the
root mean square error, and mean absolute error as an evaluating
indicator.

We address this gap by introducing a downstream-centric
evaluation framework, as illustrated in Fig. 1. We posit that the
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Figure 1 Pipeline. The overall workflow of the RNA-seq data analysis framework used in this study. Simulated RNA-seq data were generated using
RSEM, while real RNA-seq datasets were aligned to the reference genome using HISAT2. Transcriptome assembly was performed using StringTie2,

Scallop, and Cufflinks, followed by transcript quantification using Salmon.

performance of assembly algorithms should be judged by its impact on
the accuracy and robustness of subsequent expression quantification.
Specifically, we: (i) quantify how assembly outputs from StringTie2,
Scallop, and Cufflinks impact transcript-level quantification accuracy
(versus ground truth) using simulated data; (ii) assess pipeline
performance stability using diverse real human RNA-seq datasets,
contrasting it against simulated results, which may solve the problem
that simulated data cannot reflect the complexity of real data [21];
(iii) identify transcript structural features associated with assembly-
induced quantification errors; (iv) propose optimization strategies for
both assembly algorithms and benchmarking methodologies.

This work establishes a novel paradigm for evaluating RNA-seq
assemblers, moving beyond conventional reconstruction metrics to
assess their functional impact on key biological inferences. The identi-
fied error-prone transcript features provide clear targets for algorith-
mic improvement. Our findings challenge the sufficiency of simulated
data for tool validation and offer practical guidance for selecting
robust analysis pipelines.

Results
Results on simulated data

Spearman correlation analysis on simulated data

Ten groups of simulated RNA-seq data for humans, five for mice,
and three for Arabidopsis were generated. The three designated
pipelines (involving StringTie2, Scallop, and Cufflinks for assembly)
were executed on these simulated datasets. Initially, we calculated
the average number of distinct transcripts identified by each pipeline
across species, as presented in Table 1. Subsequently, we computed the
Spearman correlation between the quantification results from each
pipeline and the true TPM values. The average correlations between
pipelines and ground truth across species are shown in Table 2, while
the pairwise Spearman correlations between different pipelines are
detailed in Table 3.

As reflected in Table 1, we noticed that StringTie2 always recon-
structs the most transcripts, but Scallop always reconstructed the

least on different species. So, the transcript assembly performance
of various tools exhibits consistent species-specific trends, further
confirming the substantial differences in assembly outcomes among
tools.

As evidenced by Table 2, across different species, both StringTie2
and Cufflinks pipelines demonstrated substantially superior perfor-
mance compared to Scallop in terms of quantification accuracy. For
human data, StringTie2 and Cufflinks also slightly outperformed
Salmon quasi-mapping, although the margin was narrow. When
comparing the datasets in Table 1 and Table 2, we found that Scallop
consistently assembled significantly fewer transcripts across both
scenarios. This observation is likely attributable to Scallop’s reliance
solely on the alignment-generated BAM file, omitting reference
genome annotation. In contrast, StringTie2 and Cufflinks utilize
reference annotations, while quasi-mapping leverages the reference
transcriptome.

Table 3 indicates exceptionally high Spearman correlation (>0.99)
between the TPM values generated by StringTie2, Cufflinks, and quasi-
mapping across all species. StringTie2 and Cufflinks always have the
highest correlations on three different species and Scallop always has
lower correlations with other two software. Given that the results for
all three species revealed analogous trends regarding pipeline perfor-
mance, human data was selected for subsequent detailed analysis to
conserve computational resources and data volume.

Complementary evaluation metrics on simulated data

The inclusion of complementary evaluation metrics demonstrates that
the conclusions are robust to the choice of performance measures. The
results of different evaluation metrics are shown in Table 4.

According to Table 4, while Spearman’s rank correlation indicates
comparable ranking consistency between StringTie2 and Cufflinks,
additional metrics reveal substantial differences among pipelines.
Pearson correlation further confirms strong linear agreement for
StringTie2 and Cufflinks.

Error-based metrics provide clearer separation between methods.
StringTie2 achieves the lowest root mean square error (RMSE)



Table 1 Average number of transcripts assembled by different pipelines.

Ground truth StringTie2
Humans 99691 +13 62640 + 21
Mice 66490 + 16 51603 + 23
Arabidopsis 30797 £ 6 29875+9
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Table 2 Spearman correlation between pipeline results and ground truth TPM values.

StringTie2 Scallop
Humans 0.9187 + 0.0002 0.8619 + 0.0013
Mice 0.9477 + 0.0004 0.8702 + 0.0007
Arabidopsis 0.9889 + 0.0002 0.9495 + 0.0002

Table 3 Pairwise Spearman correlation between pipeline results.

Scallop Cufflinks Quasi-mapping
23048 +19 60709 + 22 61867 +20
22999 + 15 50901 + 20 -
21435+13 29780+ 10 -

Cufflinks Quasi-mapping

0.9180 + 0.0002 0.9144 +0.0004
0.9471 £+ 0.0003 -
0.9889 + 0.0002 -

StringTie2- StringTie2- Scallop-Cufflinks StringTie2-Quasi Scallop-Quasi Cufflinks-Quasi
Scallop Cufflinks
Humans 0.9186 + 0.0007 0.9996+ 1.6 x 10> 0.9207 + 0.0006 0.997445.7 x 10> 0.9166 +0.0018 0.9972+5.7 x 10>
Mice 0.9300 + 0.0008 0.9996 + 0.0000 0.9304 + 0.0004 - - -
Arabidopsis 0.9573 + 0.0003 1.0000+2.4 x 1076 0.9575 + 0.0004 - - -
Table 4 Quantification accuracy metrics.
Pipeline Spearmanp Pearsonr RMSE MAE
StringTie2 0.9187 £+ 0.0011 0.9876 + 0.0070 22.8394 + 6.2721 1.2147 £ 0.1021
Scallop 0.8732 + 0.0024 0.9065 + 0.0579 96.8980 + 43.3078 5.9299 + 0.7146
Cufflinks 0.9175 £ 0.0011 0.9873 + 0.0072 23.2267 + 6.2591 1.2373 £ 0.1005
Salmon 0.9142 + 0.0011 0.9526 + 0.0240 70.7492 + 11.2755 4.6940 + 0.2915

(22.84+£6.27) and mean absolute error (MAE) (1.21+0.10), closely
followed by Cufflinks, while Salmon and Scallop exhibit substantially
larger absolute errors. These results indicate that reliance on Spear-
man correlation alone would underestimate practical performance
differences.

Importantly, all evaluation metrics consistently support the same
performance ranking:

StringTie2 ~ Cufflinks > Salmon > Scallop

demonstrating that the study’s conclusions are robust across
correlation-based and error-based evaluation criteria.

To address conventional evaluation criteria, we further assessed
transcript reconstruction accuracy using gffcompare [22]-derived pre-
cision, recall, and F1-score metrics. The result is presented in Table 5.

As evidenced by Table 5, StringTie2 achieved near-perfect perfor-
mance, followed by Cufflinks, while Scallop exhibited substantially
lower recall and overall accuracy.

Importantly, the ranking obtained from structural evaluation
is fully consistent with the quantification-based assessment, with
StringTie2 outperforming Cufflinks and Scallop across both evaluation
paradigms. This agreement demonstrates that the conclusions of our
framework are robust across fundamentally different evaluation
criteria.

Table 5 Conventional assembly evaluation metrics (precision, recall,
and F1-score).

Methods StringTie2 Scallop Cufflinks
Precision 0.997 0.575 0.803
Recall 1 0.112 0.988
F1-score 0.9985 0.1875 0.885

However, the two evaluation strategies emphasize distinct aspects
of performance. While gffcompare metrics primarily reflect transcript
structure reconstruction accuracy, quantification-based metrics cap-
ture the fidelity of expression abundance estimation. The combined
results indicate that accurate transcript reconstruction does not nec-
essarily guarantee precise expression quantification, highlighting the
necessity of incorporating downstream-centric evaluation metrics.

Analysis of anomalous transcripts in simulated data

Building upon the macroscopic Spearman correlation analysis, this
part investigates pipeline performance at the individual transcript
level.

Given the established high Spearman correlation implying a near-
linear relationship between computed TPM values and ground truth
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Figure 2 Linear correlation analysis between pipeline results and ground truth TPM values (TPM < 2000), and indicates the 95% confidence intervals.
Each point represents a transcript. Most transcripts fall within the confidence interval, while outliers represent anomalous transcripts. (a) StringTie2,

(b) Scallop, (c) Cufflinks, (d) Salmon quasi-mapping.

Table 6 Count and mean ground truth TPM of anomalous transcripts.

Methods Count Mean ground truth TPM
StringTie2 179 1511.6
Scallop 62 1482.4
Cufflinks 179 1502.7
Quasi-mapping 181 2158.4

TPM values, a linear correlation analysis was performed. Transcripts
deviating outside the 95% confidence interval were identified as
anomalous. Figure 2 illustrates the linear regression analyses (for
TPM < 2000) for the four pipelines against the ground truth. The red
line represents the regression line, the grey band denotes the 95%
confidence interval, and each point corresponds to a transcript. Most
transcripts reside within the 95% confidence interval.

The quantity of anomalous transcripts and their overall contribu-
tion to quantification inaccuracy were statistically analyzed, as pre-
sented in Table 6. Although the absolute number of anomalous tran-
scripts per pipeline appears relatively low, these transcripts exhibited
significantly elevated average expression levels compared to the tran-
scriptome average. Consequently, despite their small numbers, these
highly expressed anomalous transcripts contributed substantially to
the total quantification error. Notably, the quasi-mapping method
exhibited the largest total TPM deviation, suggesting that the assem-
bly step enhances quantification accuracy relative to direct quasi-
mapping. This finding validates the rationale of employing quantifi-
cation accuracy to evaluate assembly performance.

To identify shared characteristics of these anomalous transcripts,
their mean effective lengths were calculated and compared to the
overall transcriptome average (3514.4227 bp), as shown in Table 7.

Table 7 Mean effective length of anomalous transcripts (bp).

Methods StringTie2  Scallop Cufflinks  Quasi-
mapping
Mean effective  1266.2475 1543.3256 1280.1916  1394.6132

length

The mean effective lengths of anomalous transcripts were
significantly shorter than the overall transcriptome average across
all pipelines. Pipelines with higher accuracy (StringTie2, Cufflinks)
demonstrated even shorter mean lengths for their anomalous tran-
scripts, indicating a systematic challenge in accurately quantifying
shorter transcripts regardless of the specific method used.

Analysis of exon count statistics revealed that anomalous tran-
scripts consistently possessed fewer exons than the transcriptome
average (Table 8, Fig.3). This finding reinforces the association
between quantification anomalies and transcripts exhibiting shorter
effective lengths and lower exon counts.

Further examination using the IsoPct metric (representing the
percentage contribution of a transcript’s expression to its parent
gene’s total expression, provided in the RSEM simulation output)
assessed whether anomalies affected most transcripts within a gene
(Table 8).

Anomalous transcripts exhibited very high mean IsoPct values
(>90% for reference-dependent pipelines and >74% for Scallop), indi-
cating that inaccurate transcripts are often expressed by the same
parent gene.

Genomic annotation analysis of the parent genes associated with
anomalous transcripts revealed that these genes themselves possessed
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Table 8 Structural characteristics of anomalous transcripts and their associated genes.

Methods Ground truth
Mean exon count per transcript 13.29

Mean IsoPct value (%) -

Mean total exon length of associated genes (bp) 464.33

Mean exon count per associated gene 9.69
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Figure 3 Bar charts and probability density curves of exon count distribution for anomalous transcripts. The distributions illustrate the exon count
characteristics of anomalous transcripts identified in different pipelines. Anomalous transcripts consistently exhibit fewer exons compared to the
transcriptome average. (a) StringTie2, (b) Scallop, (c) Cufflinks, (d) Salmon quasi-mapping.

significantly fewer and shorter exons compared to the transcriptome
average (Table 8). This observation aligns with the transcript-level
findings, suggesting that shorter transcripts, often arising from
alternative splicing of genes with shorter exons, are particularly
susceptible to quantification inaccuracies across the evaluated
pipelines.

In summary, transcripts prone to quantification inaccuracies were
predominantly characterized by high expression levels, significantly
shorter effective lengths, fewer exons, and originated from parent
genes possessing fewer and shorter exons.

Analysis of transcripts missing in expression quantification
results

As evident from Table 1, a substantial fraction of transcripts present

in the ground truth were absent in the quantification outputs (i.e.

assigned TPM =0) of various pipelines. The characteristics of these

missing transcripts were analyzed (Table 9).

Missing transcripts exhibited low expression levels (mean TPM < 8
in Table 9) but were notably longer than the transcriptome aver-
age. Considering that the RNA-seq data simulated by RSEM had a
read length of 100 bp (matching the original data source), longer
transcripts are inherently more susceptible to mapping errors where
reads may incorrectly map to shorter, homologous regions. Conse-
quently, longer transcripts with low expression levels were more
likely to be completely omitted during the assembly or quantification
process.

Table 9 Characteristics of transcripts missing from quantification results.

Methods StringTie2 Scallop Cufflinks Quasi-
mapping

Mean ground truth  7.05 4.91 7.08 6.99

TPM of missing

transcripts

Mean effective 4625.56 4320.68 4608.47 4631.32

length (bp)

Results on real data

To validate the conclusions drawn from simulated data, we tested
20 diverse human RNA-seq datasets sourced from NCBI (listed in
Supplementary Information). Given the absence of ground truth
expression values for real data, we employed pairwise Spearman
correlation analysis among the expression quantification results
of different pipelines. The average correlation coefficients were
computed and compared with the corresponding values obtained
from simulated human data (specifically, the human data averages
from Table 3). This comparative analysis aimed to assess the stability
and generalizability of the pipeline performances observed in
simulation, and the above results are visualized in Fig. 4.

Analysis of the lower triangular matrix in Fig. 4 (average correla-
tions) and comparison with simulated data (Table 3) revealed several
key findings:
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Figure 4 Expression quantification correlations between pipelines on
real data. Lower triangular matrix: average Spearman correlation coef-
ficients for each pipeline pair across 20 real RNA-seq datasets. Upper
triangular matrix: scatter plots showing the distribution of correlation
coefficients for each dataset. The results demonstrate differences in
stability and agreement between pipelines when applied to real data.

Exceptional stability of StringTie2 and quasi-mapping
The correlation between StringTie2 and Quasi-mapping exhibited
remarkable stability. The average correlation on real data (0.9974)
was virtually indistinguishable from its counterpart on simulated data
(0.9974).

Notable performance decline

Strikingly, the average pairwise correlations involving Scallop or Cuf-
flinks demonstrated significant decreases when evaluated on real
data compared to their simulated counterparts. The discrepancies
were substantial: (i) StringTie2-Scallop: 0.7186 (Real) versus 0.9186
(Simulated), (ii) Scallop-Cufflinks: 0.7317 (Real) versus 0.9207 (Simu-
lated), (iii) Cufflinks-Quasi: 0.9682 (Real) versus 0.9972 (Simulated), (iv)
Scallop-Quasi: 0.7485 (Real) versus 0.9166 (Simulated).

Relative ranking persistence

Despite the numerical decreases, the relative ranking of pipeline
correlations generally mirrored the simulated data findings. Pipelines
that showed higher correlations in simulation (e.g. StringTie2-
Cufflinks, StringTie2-Quasi) also maintained higher average corre-
lations on real data compared to pairs involving Scallop.

Examination of the upper triangular matrix in Fig. 4 (scatter plots)
provided insights into the stability of pairwise correlations:

StringTie2's superior robustness
Plotting against the highly stable Quasi-mapping results served
as a reference benchmark. Among the assembly-based pipelines
(StringTie2, Cufflinks, Scallop), StringTie2 demonstrated the most
stable (tightest scatter, most horizontal alignment) correlation with
Quasi-mapping, significantly outperforming both Cufflinks and
Scallop in stability.

Discussion

Downstream-centric evaluation provides a
complementary perspective

Transcriptome assembly plays a fundamental role in RNA-seq analysis
pipelines, as it directly influences downstream transcript quantifica-
tion and subsequent biological interpretation. Traditional benchmark-
ing of assembly tools typically focuses on structural reconstruction
accuracy using metrics such as precision, recall, and F1-score. While
these metrics evaluate how accurately transcript structures are recon-
structed, they do not directly measure the effect of assembly outputs
on downstream quantitative analyses, which are often the primary
goal of RNA-seq experiments.

In this study, we introduced a downstream-centric evaluation per-
spective in which transcriptome assembly algorithms are assessed
based on the accuracy and stability of the expression quantification
results they produce. By combining simulated datasets with known
ground truth and diverse real RNA-seq datasets, our analysis demon-
strates that the choice of assembly algorithm can substantially influ-
ence transcript abundance estimation even when the quantification
tool remains fixed. This finding highlights the importance of evalu-
ating assembly pipelines not only from a structural reconstruction
perspective but also from their impact on downstream quantitative
analyses.

Robustness of the results across multiple evaluation
metrics

The multi-metric evaluation conducted in this study further demon-
strates that the observed performance trends are robust across dif-
ferent evaluation criteria. In addition to Spearman’s rank correlation,
which is commonly used for sparse expression vectors, we incorpo-
rated Pearson correlation as well as error-based metrics such as RMSE
and MAE. The consistent ranking of pipelines across these comple-
mentary metrics indicates that the conclusions are not dependent
on a single evaluation measure and remain stable across different
statistical perspectives.

Using multiple evaluation metrics also helps mitigate potential
biases introduced by outliers or distributional properties of expression
data. Rank-based measures capture consistency in transcript ranking,
whereas error-based metrics directly quantify absolute deviations in
abundance estimation. Together, these complementary perspectives
provide a more comprehensive assessment of pipeline performance.

Transcript structural features associated with
quantification errors

Our systematic analysis identified two distinct categories of transcripts
that are particularly prone to assembly or quantification errors, each
associated with specific structural characteristics.

The first category consists of long transcripts with low expres-
sion levels. These transcripts were frequently absent from quan-
tification outputs (TPM =0) across multiple pipelines despite being
present in the ground truth. A plausible explanation lies in the inher-
ent limitations of short-read RNA-seq data. When sequencing reads
are relatively short (e.g. 100 bp), accurately mapping them across
long genomic regions becomes difficult, especially when homologous
segments exist elsewhere in the transcriptome. In such situations,
reads originating from long transcripts may be incorrectly mapped



to shorter and more highly expressed transcripts, ultimately leading
to the omission of the long transcripts during assembly or quantifica-
tion. Emerging long-read sequencing technologies or hybrid assembly
strategies that integrate short- and long-read data may offer promising
solutions for improving the recovery of these transcripts.

The second category involves short transcripts derived from genes
with relatively few and short exons. In contrast to the first category,
these transcripts are often highly expressed but exhibit substantial
quantification deviations from the ground truth. Notably, the anoma-
lous transcripts identified in our analysis displayed very high IsoPct
values, indicating that they account for a dominant proportion of
the total expression of their parent genes. This suggests that the
quantification inaccuracies often affect the majority of transcripts
within the same gene. Genes associated with these transcripts also
tend to have fewer and shorter exons, implying relatively simple
genomic structures. These characteristics may introduce challenges
for current assembly and quantification algorithms, particularly in
resolving alternative splicing events or accurately assigning reads
among closely related isoforms. Addressing these limitations may
require algorithmic improvements in both transcript reconstruction
and abundance estimation models to better capture the structural
properties of transcripts originating from compact gene architectures.

Overlap between identified transcript features and
structural characteristics of noncoding RNAs

Interestingly, several transcript features associated with substantial
quantification deviations in our analysis resemble structural charac-
teristics commonly reported for certain classes of noncoding RNAs
(ncRNAs), particularly long noncoding RNAs (IncRNAs). Previous
studies have shown that IncRNAs typically exhibit shorter transcript
lengths, fewer exons, lower expression levels, and reduced isoform
diversity compared with protein-coding genes [23-25].

These characteristics partially overlap with the structural proper-
ties observed in transcripts that displayed large quantification devia-
tions in this study. For example, transcripts derived from genes with
relatively simple exon architectures were more prone to quantifica-
tion errors across multiple RNA-seq pipelines. In addition, several
transcripts from a same gene showed correlated deviations, suggest-
ing that limited isoform diversity may contribute to shared quantifica-
tion biases. Although the coding potential of these transcripts was not
explicitly examined, the structural similarities observed here suggest
that transcripts with simplified exon structures or low expression
levels may pose challenges for accurate transcript assembly and quan-
tification.

Limitations of RNA-seq simulation frameworks

Another important observation concerns the discrepancy between
simulated and real RNA-seq datasets. While simulated data generated
by tools such as RSEM are valuable for benchmarking because they
provide ground truth expression values, our results show that pipeline
performance can differ substantially when evaluated on real datasets.

In particular, pipelines involving Scallop and Cufflinks exhibited
noticeably reduced stability on real RNA-seq datasets compared with
their simulated counterparts. This discrepancy indicates that existing
RNA-seq simulation frameworks may not fully capture the biological
complexity and technical variability present in real transcriptomes.
Consequently, benchmarking studies that rely solely on simulated
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datasets may produce overly optimistic estimates of algorithm perfor-
mance.

Implications for transcriptome analysis pipeline
design

Overall, the results demonstrate that incorporating downstream quan-
tification accuracy into the evaluation of transcriptome assembly
pipelines provides a more biologically relevant perspective for assess-
ing RNA-seq analysis workflows. By linking assembly outputs to their
functional impact on expression estimation, the proposed framework
offers additional insights beyond conventional structural evaluation
metrics.

This downstream-aware perspective can help guide the selection
of RNA-seq analysis pipelines and may also inform the development
of improved transcriptome assembly algorithms capable of handling
structurally challenging transcript classes.

Conclusions

This study presents a downstream-centric framework for evaluat-
ing transcriptome assembly algorithms based on their impact on
transcript expression quantification. By systematically analyzing both
simulated and real RNA-seq datasets, we demonstrate that assembly
choices can significantly influence quantification results even when
the quantification method remains unchanged.

Comparative evaluation of StringTie2, Scallop, and Cufflinks shows
that the HISAT2 + StringTie2 pipeline consistently achieves the most
stable and accurate quantification performance across multiple eval-
uation metrics. In addition, our analysis reveals two transcript cate-
gories that are particularly prone to quantification errors: long tran-
scripts with low expression levels and short transcripts derived from
genes with relatively simple exon structures.

Future work

Building upon the findings and limitations identified in this study,
several promising avenues for future research emerge:

Broader benchmarking across diverse data types and
transcript structures

Future studies should extend the evaluation framework to encom-
pass a broader range of transcriptomic data types and datasets with
increasingly complex transcript structures. In addition to conven-
tional bulk RNA-seq datasets, emerging technologies such as single-
cell RNA sequencing (scRNA-seq), long-read RNA sequencing from
platforms like Pacific Biosciences and Oxford Nanopore Technologies,
as well as spatially resolved transcriptomics, provide valuable oppor-
tunities to evaluate pipeline performance under diverse experimental
conditions. Furthermore, transcriptomes enriched with diverse non-
coding RNA species, particularly IncRNAs and other regulatory tran-
scripts, may introduce additional challenges for transcript assembly
and quantification due to their complex and variable structural prop-
erties. Benchmarking pipelines across such datasets would provide
deeper insights into the robustness, scalability, and generalizability of
the proposed downstream-oriented evaluation framework.

Incorporation of additional robust evaluation metrics

Although this study employs multiple complementary metrics—
including Spearman correlation, Pearson correlation, RMSE, and
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MAE—to evaluate quantification accuracy, future work may further
explore robust statistical measures that are less sensitive to extreme
values or outliers in expression data. Examples include median-
based error metrics or additional rank-based similarity measures,
which may provide further insights into the stability of transcript
quantification across pipelines.

Development of advanced algorithms

Leverage insights into error-prone transcript features to inform the
development of next-generation assembly and quantification algo-
rithms, potentially integrating traditional bioinformatic methods with
machine learning (e.g. deep learning models tailored for splice junc-
tion prediction or transcript abundance estimation focusing on prob-
lematic classes). The goal is to achieve higher accuracy, particularly for
vulnerable transcript types (short, low-abundance long, isoforms from
genes with short/few exons), and improved computational stability.

Improved simulation frameworks

As observed in this study, existing simulation tools do not fully capture
the complexity of real RNA-seq datasets. Developing improved sim-
ulation frameworks capable of modeling realistic biases, expression
variability, and transcript structural diversity would provide more
reliable benchmarks for evaluating transcriptome analysis pipelines.

Refinement of the downstream-centric evaluation standard
Finally, the downstream-oriented evaluation strategy proposed in this
work could be further extended to additional bioinformatics tasks,
including de novo transcriptome assembly, alternative splicing anal-
ysis, and differential expression pipelines. Establishing standardized
downstream-aware benchmarking practices may contribute to a more
comprehensive evaluation of transcriptome analysis tools.

Methods
Selection of data and software

Data selection

RNA sequencing (RNA-seq) data has evolved significantly over the
past decade, ranging from Sanger sequencing to second-generation
sequencing (NGS) and third-generation sequencing (TGS) technolo-
gies. While TGS platforms (e.g. Oxford Nanopore Technologies, PacBio)
enable direct RNA molecule sequencing or full-length RNA-seq reads,
offering advantages in read length and completeness, NGS platforms
(e.g. llumina) remain dominant for RNA-seq analysis. NGS data boasts
higher throughput, more mature analytical pipelines, and signifi-
cantly lower error rates (1 to 2 orders of magnitude) compared to TGS
data. Consequently, this study utilized short-read NGS data obtained
from the NCBI Sequence Read Archive (SRA) as real datasets. Simu-
lated data were also generated based on these real datasets to establish
ground truth expression values.

Software selection

As this study focuses on reference genome-guided transcriptome
assembly and quantification, the following software tools were
selected for key processing steps:

Alignment: HISAT2 [12] was chosen for mapping RNA-seq reads to
the reference genome, prioritizing alignment accuracy and computa-
tional efficiency over alternatives like TopHat2 [26] and STAR [13].

Assembly: three widely used reference-guided transcriptome
assemblers were selected: StringTie2 [14] v2.2.1, Scallop [15] v0.10.5,

and Cufflinks [17] v2.2.1. This selection enables comparative evalua-
tion of their impact on downstream quantification.

Quantification: Salmon [18] v1.10.1 was chosen as the quantifica-
tion tool. Its lightweight and accurate “quasi-mapping” mode (which
bypasses traditional alignment/assembly but requires a reference
transcriptome) was also included for comparative analysis following
the approach of Srivastava et al. [21]

Data simulation: RSEM [19] v1.3.3 was used to simulate RNA-seq
data based on real dataset expression profiles to establish ground truth
values. Its common usage and integration with HISAT2 [12] alignment
influenced this choice.

Conventional assembly evaluation metrics: to assess transcript
reconstruction accuracy using conventional structural metrics, gff-
compare [22] v0.12.6 was employed to compare assembled transcripts
against reference annotation. This tool computes commonly used
evaluation metrics including precision, recall, and F1-score, enabling
quantitative assessment of the structural correctness of assembled
transcript models.

Determination of evaluation metrics

After selecting the software, we used the Transcripts Per Million
(TPM) metric output by Salmon [18] as the normalized expression
value for evaluation. Since TPM values across transcripts form a high-
dimensional vector, Spearman’s rank correlation coefficient (p) was
initially chosen as the primary metric for comparing quantification
results. Spearman’s p assesses monotonic relationships and is robust
to non-normal distributions, making it suitable for expression data. It
is defined as follows:

2= i)
L= 2 2
V0607 )

where x; and y; represent the TPM values of transcript i from two dif-
ferent quantification results or a quantification result and the ground
truth.

To complement the rank-based comparison, Pearson’s correlation
coefficient (r) was also calculated to measure the strength of the linear
relationship between expression estimates. Pearson’s correlation is
defined as follows:

_ Zik-00i-y)
V2 =0 - 9)°
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While Spearman evaluates rank consistency, Pearson reflects the
degree of linear agreement between quantitative estimates.

In addition, two commonly used error-based metrics were included
to quantify the magnitude of differences between estimated and ref-
erence expression values. The RMSE is defined as:

n

1
RMSE= | = > (—y)’
i=1

where n represents the number of transcripts being compared.
The MAE was also calculated as:
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MAEsz i — Vi
ni,ll)(l Yil



RMSE penalizes large deviations more strongly due to the squared
term, while MAE provides a more interpretable measure of the aver-
age absolute difference between estimated and reference TPM values.

To mitigate the impact of sparse vectors containing many zero TPM
values on the correlation calculation, transcripts assigned a TPM of
zero in either of the two datasets being compared were excluded
before computing p. This focuses the analysis on the commonly quan-
tified transcripts.

For simulated data, the ground truth TPM file generated by RSEM
provides a reference. Spearman’s p, Pearson’s r, RMSE, and MAE
were calculated between the quantification results of each pipeline
(e.g. HISAT2 + StringTie2 + Salmon) and these ground truth values,
enabling direct assessment of quantification accuracy. Pairwise com-
parisons between pipelines were also performed.

Forreal data, where ground truth expression levels are unavailable,
pairwise correlations were computed between TPM values generated
by different pipelines. These correlations were then compared with
the pairwise correlations observed on the simulated dataset to assess
the consistency and robustness of the pipelines under realistic condi-
tions.

Conventional assembly evaluation metrics

In addition to the quantification-based evaluation framework, we
also assessed transcript reconstruction accuracy using conventional
assembly evaluation metrics. Specifically, precision, recall, and F1-
score were calculated using the gffcompare tool by comparing assem-
bled transcripts against the reference annotation.

Precision measures the proportion of predicted transcripts that
correctly match reference transcripts, while recall reflects the pro-
portion of reference transcripts that are successfully reconstructed by
the assembly tool. The Fl1-score represents the harmonic means of
precision and recall, providing a balanced measure of reconstruction
accuracy. These metrics are defined as:

Precision = P
" TP+ FP
TP
Recall = ————
= T EN

Precision x Recall

F1=2x —F———
x Precision + Recall

where TP, FP, and FN denote true positives, false positives, and false
negatives, respectively.

Unlike quantification-based metrics that evaluate the accuracy of
transcript abundance estimation, these structural metrics primarily
assess how accurately transcript models are reconstructed. Therefore,
they provide a complementary perspective on pipeline performance,
allowing us to compare conventional transcript reconstruction accu-
racy with downstream-centric quantification fidelity.

Experimental data processing workflow

Generation of simulated data
Reference genome download: human (GRCh38.p14), mouse (GRCm39),
and Arabidopsis thaliana (TAIR10) reference genome FASTA files and
corresponding GTF annotation files were downloaded from NCBL
Real RNA-seq data download: representative human (SRR7807484),
mouse (SRR327047), and Arabidopsis (SRR31593541) RNA-seq datasets
were downloaded from NCBI SRA.
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Reference preparation: the HISAT2 index was built for each refer-
ence genome using HISAT2-build.

Expression estimation: RSEM was used to estimate transcript
expression levels from the real RNA-seq data:

Reference prepared with rsem-prepare-reference—HISAT2-hca.

Expression calculated using rsem-calculate-expression—paired-
end.

Read simulation: simulated paired-end RNA-seq reads (100 bp reads
matching the input data characteristics) were generated using rsem-
simulate-reads based on the estimated expression profiles. Multiple
replicates were generated per species (10 for human, 5 for mouse, 3
for Arabidopsis).

Acquisition of real data

Twenty human RNA-seq datasets listed by Srivastava et al. [21] were
selected (listed in Supplementary information). SRA files were down-
loaded from NCBI and converted into paired-end FASTQ files using
fastq-dump from the SRA Toolkit.

Transcriptome alignment (HISAT2)

A HISAT2 index was built for the human reference genome
(GRCh38.p14).

Each real RNA-seq dataset (FASTQ pairs) was aligned to the refer-
ence genome using HISAT2 —dta -x -1 -2 -S.

SAM files were converted to sorted BAM files using samtools sort.

Sorted BAM files were indexed using samtools index.

Transcriptome assembly

Assemblers were run using the HISAT2-generated BAM file (sorted,
indexed).

StringTie2: StringTie2 -e -G -o (-e indicates expression estimation
mode using reference annotations).

Scallop: Scallop -i -o (does not require reference GTF).

Cufflinks: Cufflinks -G -o.

Annotation comparison and filtering (post-assembly for all):

Assembled GTF files were compared to the reference annotation
using gffcompare (gffcompare -r) to identify perfectly matching tran-
script IDs (class code "=).

Assembled transcripts were extracted to FASTA format using gffread
(gffread -w -g).

Transcript quantification based on assembly (Salmon)

A Salmon index was built for each assembler’s transcript FASTA file:
salmon index -t -k 31 -i.

The corresponding real RNA-seq reads (FASTQ files) were quantified
against this index: salmon quant-i-1A-1-2 -o.

The transcript ID and TPM columns were extracted from the result-
ing quant.sf files.

Salmon quasi-mapping quantification (reference
transcriptome)

The human reference transcriptome FASTA file (based on GRCh38.p14)
was downloaded.

A Salmon index was built: salmon index -t -k 31 -i.

The real RNA-seq reads were directly quantified against this index:
salmon quant-i-1A-1-2-o.

The transcript ID and TPM columns were extracted from quant.sf.

Conventional assembly evaluation metrics
gffcompare -1 -0 eval.
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Data processing and correlation analysis

Data filtering: for each pipeline result, transcripts with TPM =0 were
removed. Only transcripts identified as perfectly matching the refer-
ence by gffcompare (for assembly-based pipelines) and present in both
datasets being compared were retained for correlation analysis. TPM
values for these common transcripts formed the expression vectors
for comparison.

Simulated data analysis

Ground truth TPM vectors were extracted (excluding TPM =0 tran-
SCripts).

Spearman’s p, Pearson’s r, RMSE, and MAE were calculated between
ground truth TPMs and each pipeline’s TPMs.

Spearman’s p was calculated pairwise between pipeline TPM vec-
tors.

Visualization and outlier analysis (e.g. transcripts outside linear
regression confidence intervals) were performed to investigate fea-
tures associated with quantification errors.

Real data analysis

Spearman’s p was calculated pairwise between TPM vectors gener-
ated by the different pipelines.

Average pairwise correlations across the 20 real datasets were com-
puted and compared to the average pairwise correlations observed on
the human simulated data.

Data and code availability

The description of the simulated data set and the accession codes for
all the real data set used in this research are recorded in Supplemental
Materials. The source code for the analysis in this research is available
at https://github.com/ZemingTan/Impact-of-Transcriptome-Assembly
-Algorithms-on-Downstream-Quantification.

Key Points

® This study systematically analyzes the impact of transcriptome
assembly results on downstream quantification in RNA-seq data
analysis.

* Aquantification-based evaluation framework is proposed to assess
assembly algorithms from a downstream perspective rather than
traditional reconstruction metrics.

® Comparative experiments on both simulated and real RNA-seq
datasets reveal that the HISAT2 + StringTie2 pipeline achieves the
most stable and accurate quantification results.

* Two transcript types—Ilong, low-expression and short, highly
expressed transcripts—are identified as major sources of quantifi-
cation error.

® The study highlights the limitations of simulated RNA-seq data and
underscores the necessity of real-data-based evaluation for robust
algorithm benchmarking.
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