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Abstract

Alternative polyadenylation (APA) is a key post-transcriptional regulatory mechanism implicated in various diseases. Existing APA analysis
tools are generally restricted to site detection and comparison, precluding differently expressed gene (DEG) analysis. Furthermore,
standard RNA-seq-based DEG methods, though commonly used for gene expression profiling, demonstrate limited efficacy in identifying
DEGs when directly applied to APA-seq datasets. To address this limitation, we developed APAdeg, a novel statistical method specifically
tailored for DEG analysis of APA-seq data. APAdeg integrates both the total read count of a gene and the site-specific read counts within the
gene into a generalized linear mixed model, thereby improving the efficiency of DEG detection. Benchmarking analyses on both simulated
and empirical APA-seq data demonstrated that APAdeg consistently outperforms RNA-seg-based methods in DEG inference. Application
of APAdeg to APA-seq data from distinct cancer types revealed that only a small proportion of DEGs exhibited significant changes in 3’
untranslated region length, with an equally small proportion showing significant alterations in intronic APA usage. To facilitate widespread
adoption, we implemented APAdeg as an R package. Collectively, APAdeg significantly enhances the accuracy of DEG analysis from APA-seq
data, thereby advancing research into APA-mediated gene regulation in diseases and health.
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Introduction

Alternative polyadenylation (APA) is a widespread post-transcriptional
regulatory mechanism in eukaryotes through which a single gene
generates multiple mRNA isoforms bearing distinct 3’ ends. Recent
genome-wide surveys revealed a high abundance of APA across
multiple species [1, 2]. For example, ~70% of human genes show
APA, and ~50% have three or more polyadenylation sites (PASS),
underscoring its pervasive role in shaping transcriptomic diversity
and gene regulatory complexity [3, 4]. By selecting different PASs,
APA alters 3’ untranslated region (3’ UTR) length, coding potential,
mRNA stability, nuclear export, and translation efficiency of genes
[3, 4]. Consequently, the functional output of a gene may be
substantially reshaped through APA-mediated regulation, enabling
context-dependent or condition-specific roles during development,
homeostasis, and disease [3, 5]. In particular, APA-mediated regulation
at the RNA level can introduce or eliminate cis-regulatory elements
within the 3’ UTR, leading to altered gene expression. For instance,
in gene Rras2, APA-mediated 3’ UTR lengthening in senescent cells
generates additional RBP-binding sites, ultimately reducing Rras2
protein abundance through splicing factor TRA2B-induced repression
[6]. Conversely, through APA-mediated 3’ UTR shortening, FNDC3B in
nasopharyngeal carcinoma removes pre-existing microRNA (miRNA)-
binding motifs to enhance its expression, leading to elevated cell
proliferation, migration, invasion, and metastasis [7]. Although such
examples remain limited, they illustrate the substantial impact of
APA on gene expression regulation and highlight the need for
more accurate approaches to systematically identify APA-mediated
regulatory mechanisms across diverse biological contexts.

To elucidate the relationship between APA dynamics and gene
expression regulation, the first essential step is to accurately identify
the changes of APA and gene expression between case and control con-
ditions. Advances in high-throughput RNA sequencing have greatly
facilitated such analyses, such that three strategies are commonly
used for large-scale screening. First, RNA-seq, which is defined in
this study as a short-read sequencing method that captures fragments
spanning the entire RNA transcript, can reliably quantify differentially
expressed genes (DEGS); however, APA changes can only be inferred
computationally, and the predictive accuracy of these inference-based
approaches remains limited (Figs 1a and S1A). Second, combining
RNA-seq with APA-seq (a short-read sequencing method that specif-
ically captures 3’-end RNA fragments) enables precise detection of
both differential gene expression and APA shifts, but the requirement
for two sequencing assays substantially increases experimental cost.
Third, many studies rely solely on APA-seq, using it both to quan-
tify APA changes and—by applying RNA-seg-based tools—to identify
DEGs. In practice, however, repurposing RNA-seg-based algorithms
for APA-seq data performs poorly. For example, in our benchmark
dataset, DEGs identified by DESeq2 on APA-seq data showed sub-
stantial discrepancies compared with those derived from matched
RNA-seq data (Figs 1b and S1B). These inconsistencies likely arise
from the intrinsic differences between APA-seq and RNA-seq data
characteristics, rendering DESeq2—an algorithm originally optimized
for RNA-seq—suboptimal for DEG analysis using APA-seq data. Despite
this limitation, most prior APA studies lacking matched RNA-seq data
have nevertheless applied RNA-seg-based DEG tools directly to APA-
seq datasets, which consequently introduces systematic biases and
imposes substantial burdens on downstream functional validation.

Therefore, establishing an APA-seq-appropriate method for quantify-
ing DEGs is urgently needed.

Although numerous algorithms and software packages have been
developed for APA research, they are primarily dedicated to the detec-
tion and comparison of APA sites across various data types [8]. For
instance, tools such as APAlyzer [9], DaPars [10], and TAPAS [11] are
designed for RNA-seq data, whereas PolyAseqTrap [12] and PolyA-
miner [13] are tailored for APA-seq data. Additionally, scDaPars [14]
and scAPAtrap [15] focus on APA site detection using 3’-end single-cell
sequencing. Without exception, these methods focus on the character-
ization of APA site rather than the inference of DEGs from APA-seq
data [8]. It is crucial to note that the analysis of APA changes primarily
focuses on the detection and comparison of position and usage of APA
site. In contrast, DEG analysis aims to quantify differences in gene
expression levels (e.g. transcript abundance) at the gene level. Given
these fundamental distinctions between the two analytical strategies,
there remains a lack of specialized tools for inferring DEGs specifically
from APA-seq data, despite the abundance of existing APA-related
algorithms.

To address this issue, we developed APAdeg in this study, a novel
statistical method specifically designed for the identification of DEGs
from APA-seq data. By incorporating APA site-specific read counts
while accounting for the total read counts within each gene, APAdeg
employs a negative binomial (NB) generalized linear mixed model to
effectively improve the accuracy of DEG detection. In both simulated
and real APA-seq datasets, APAdeg outperforms conventional RNA-
seg-based DEG methods. We applied APAdeg to case—control com-
parisons across multiple APA-seq datasets derived from four distinct
cancers, systematically investigating the relationship between APA
alterations and changes in gene expression levels in cancers. APAdeg
has been implemented as an R/Bioconductor package to facilitate
its broad adoption by the research community (https://github.com/
XuLabSJTU/APAdeg).

Results

Specificity of APA-seq data compromises the efficacy
of RNA-seg-based differently expressed gene
methods

In RNA-seq analyses, sequencing data are typically consolidated into
read count matrices, where the count value for each gene corresponds
to the number of mapped RNA reads or fragments. Because count data
exhibit an inherent mean-variance dependence, numerous methods
based on generalized linear models (GLMs) have been developed to
identify DEGs [16-23]. Early approaches relied on the Poisson distribu-
tion, which can capture basic gene expression variation across biologi-
cal replicates [18, 20, 23]. However, Poisson models are limited in their
ability to explain expression variability because they assume equality
between the mean and variance, often resulting in inflated type I error
rates [16, 19, 21]. To accommodate overdispersion, where the variance
exceeds the mean, the NB distribution was subsequently introduced as
an alternative to the Poisson model [19, 21, 24]. For NB distribution-
based DEG analysis, DESeq2 [19] and edgeR [21] represent the most
well-established and broadly applied computational tools in the field.

Despite their robust performance in DEG analysis of RNA-seq
data, those RNA-seg-based tools exhibit suboptimal performance
when applied to APA-seq data for DEG analyses. For example, we
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Figure 1 Specificity of APA-seq data compromises the efficacy of RNA-seq-based DEG methods. (a) Venn diagram illustrating the overlap between APA
sites quantified by APA-seq and those inferred from RNA-seq in the UHR sample. The percentage shown indicate the proportion of overlapping sites
relative to the total number of APA sites identified by APA-seq. (b) Venn diagram showing the overlap between DEGs detected by RNA-seq and those
identified by APA-seq in the comparison of UHR versus brain samples. The percentages shown represent the proportion of overlapping genes relative to
the total number of DEGs detected by RNA-seq. (c) Correlation between gene expression fold changes calculated from RNA-seq and those from APA-seq
in the comparison of UHR versus brain samples. (d) Differences in library construction strategies and data structures between RNA-seq and APA-seq.
(e) Distributional difference of variance between RNA-seq (left) and APA-seq (right) in the comparison between UHR and brain samples. (f) Scatter plot
of mean-variance relationship between RNA-seq (left) and APA-seq (right). Among the non-shared RNA-seq DEGs identified by DESeq2, ~25% and 66%
exhibited overdispersion (variance exceeding the mean) in RNA-seq and APA-seq analyses, respectively. Genes are colored by significant status (blue:
APA-seq only; red: RNA-seq only; purple: both; gray: not significant). (g) QQ plots of Pearson’s residuals for RNA-seq (lef) and APA-seq (right).
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downloaded publicly available paired RNA-seq and APA-seq datasets
from human universal human reference (UHR) and brain samples.
Then, DESeq2 was independently applied to each dataset to identify
DEGs between UHR and brain. We designated the DEGs identified
by RNA-seq as the reference standard, given its well-established
reliability. Notably, only a small subset of DEGs detected by RNA-
seq was recapitulated by APA-seq (37.5%; Fig. 1b). To further validate
this observation, we performed RNA-seq and Quant-seq (a variant of
APA-seq; see materials and methods) for a normal thyroid cell line
(Nthy-ori 3-1) and two thyroid cancer cell lines (TPC-1 and BCPAP),
respectively. DESeq2 was applied to identify DEGs between each
cancer cell line and the normal counterpart. A consistent pattern
was observed whereby only a small fraction of RNA-seq-derived
DEGs could be recapitulated in APA-seq data (Fig. S1B). Furthermore,
substantial discrepancies were detected between the gene expression
fold changes calculated from RNA-seq and those derived from APA-
seq datasets (Figs 1c and S1C). These observations demonstrate that
RNA-seq-based DEG analytical pipelines are ill-suited for DEG analysis
of APA-seq data.

To address why APA-seq data compromises the efficacy of RNA-
seg-based DEG methods, we first analyzed the principle of APA-seq
library construction. APA-seq encompasses a variety of sequencing
strategies (e.g. Quant-seq, 3'-READS, and 3P-seq); regardless of the
specific approach, the ultimate goal is to capture fragments corre-
sponding to the 3’-end of RNA molecules. By contrast, RNA-seq is
designed to capture fragments spanning the entire RNA transcript.
While both RNA-seq and APA-seq are subject to technical biases,
these biases act at fundamentally different levels (Fig. 1d). In RNA-seq,
biases primarily affect fragment-level sampling and are averaged out
across multiple fragments per RNA transcript, resulting in gene-level
counts that remain proportional to transcript abundance. In contrast,
APA-seq effectively samples each transcript once at its 3’ end, such
that site-dependent capture efficiency directly determines whether an
RNA molecule is counted, introducing condition-dependent bias into
gene-level counts. These fundamental differences in library construc-
tion necessitate a detailed investigation into the distinct distribution
characteristics of RNA-seq and APA-seq data.

To address this issue, we compared the distributions of gene read
counts and their corresponding variances between RNA-seq and APA-
seq datasets. We found that the distributions exhibited a unimodal
pattern in both case and control groups (Fig. S1D). Notably, the
distributions were very similar between case and control groups,
regardless of whether RNA-seq or APA-seq data were analyzed
(Fig. S1D). However, for RNA-seq data, the variance distribution of
gene read counts differed largely between case and control groups;
importantly, this intergroup variance difference was much larger
than that observed in APA-seq data (Figs 1e and S1E). This result leads
to substantial discrepancies in DEG detection between APA-seq and
RNA-seq, which is consistent with our previous observations in Figs 1b
and S1B.

To assess the suitability of the NB model underlying RNA-seq-
based DEG methods (e.g. DESeq2) for APA-seq data, we first examined
whether APA-seq satisfies the core NB assumption that variance
exceeds the mean. Gene-level mean-variance analysis revealed
that, whereas RNA-seq data largely followed the expected over-
dispersed pattern, APA-seq data exhibited a substantial fraction of
genes with variance lower than the mean, indicative of systematic
under-dispersion, particularly among genes not detected as significant
(Figs 1f and S2A). To evaluate the impact of this assumption violation

on model fitting, we next examined quantile-quantile (QQ) plots
of Pearson residuals from NB GLMs. In RNA-seq, residuals closely
followed the theoretical normal distribution, indicating adequate
model fit, whereas APA-seq showed pronounced and regular
deviations characterized by an S-shaped QQ pattern with compression
in the central region and extensive departures in both tails (Figs 1g
and S2B). Together, these results indicate that APA-seq data deviate
from the standard NB assumptions and harbor structured variability,
i.e. not captured by NB-based models, thereby reducing statistical
power and limiting the performance of RNA-seq-based DEG methods
when applied to APA-seq data.

In summary, RNA-seg-based DEG methods perform sub-optimally
on APA-seq data. This is mainly because APA-seq’s specific library
construction and data distribution poorly fit the assumptions of tools
like DESeq2. Thus, APA-seq specificity compromises the efficacy of
RNA-seq-based DEG methods, emphasizing the urgent need for novel
algorithms leveraging this specificity to improve DEG identification.

Development of APAdeg tailored to differently
expressed gene identification from APA-seq data

To develop a DEG analysis method specifically suited for APA-seq
data, we first considered the unique data structure of APA-seq. In
RNA-seq count matrices, rows represent genes and columns repre-
sent samples, with each entry corresponding to the total number of
reads mapped to a given gene (Fig. 1d). In contrast, APA-seq data
are organized with samples as columns but individual APA sites as
rows (Fig. 1d). When RNA-seg-based DEG methods such as DESeq2
are applied to APA-seq data, read counts from multiple APA sites must
be summed to obtain gene-level expression estimates, thus discarding
APA site-specific information. This raises an important question: does
the ignored information on APA sites contribute to accurate estimation
of gene expression differences?

Previous studies have suggested a significant negative relationship
between APA site usage patterns and gene expression levels [25].
To confirm this relationship, we calculated the Shannon diversity
index for each gene using APA-seq data, which captures both the
number of APA sites and their relative abundances, and indepen-
dently quantified gene expression levels using RNA-seq data. Con-
sistent with prior report [25], we observed a significant negative
correlation between gene expression levels (RNA-seg-based) and APA
diversity (APA-seg-based) in the UHR sample (Fig. 2a). This relation-
ship was consistently observed across four additional samples with
matched RNA-seq and APA-seq data (Fig. 2b). Moreover, we also found
that larger differences in APA Shannon index were associated with
larger differences in gene expression levels in the case versus con-
trol comparisons. For example, when comparing brain with UHR,
differences in APA diversity were strongly and positively correlated
with expression fold changes (Fig. 2¢). Similar patterns were observed
across the comparisons between cancers and normal cells (Fig. 2d).
These results indicate that APA isoforms are closely linked to both gene
expression levels and their differential expression, suggesting that
APA site-specific information may contribute to the accuracy of DEG
inference.

Motivated by the observations, we developed APAdeg, a DEG
analysis framework specifically tailored to APA-seq data that explicitly
incorporates APA site-specific information alongside gene-level read
counts (Fig. 2e). The design of APAdeg consists of five key steps
(Fig. 2e), which are briefly outlined below.
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Figure 2 Development of APAdeg. Relationship between gene expression level and Shannon index of PAS diversity in UHR sample (a) and other four
samples (b). Correlation between fold changes in gene expression and differences in PAS diversity in the comparison of UHR versus brain (c) and thyroid
cancers versus normal cells (d). (e) Schematic overview of the workflow for the APAdeg model.

Step 1: APAdeg corrects for sample-specific sequencing depth and
technical biases using median-of-ratios adjustment [19]. The resulting
size factors are incorporated as offsets in downstream modeling,
ensuring that observed differences in APA-seq read counts reflect
biological variation rather than library size effects.

Step 2: adjusted APA-seq counts are modeled using a generalized
linear mixed model with a negative binomial distribution (GLMMnb),
in which APA isoforms are treated as hierarchical units nested within
genes. This formulation explicitly accounts for overdispersion and
isoform-level heterogeneity while encoding experimental conditions
as fixed effects.

Step 3: to improve dispersion estimation, APAdeg fits gene-wise
GLMMnb models and captures a global dispersion-variance trend
across genes. An empirical Bayes shrinkage strategy is then applied to
borrow information across genes, yielding stabilized dispersion esti-
mates that enhance statistical power while controlling false positives.

Step 4: APAdeg applies adaptive shrinkage to log2-fold change
(log2FC) estimates to stabilize effect sizes. This step attenuates exag-
gerated fold changes for lowly expressed genes and improves repro-
ducibility, facilitating reliable gene ranking and biological interpreta-
tion.

Step 5: gene differential expression is assessed using Wald tests
derived from the GLMMnb, with statistical significance evaluated
independently of shrunken effect sizes. Multiple testing correction is
applied to control the false discovery rate (FDR), resulting in DEG calls
that are both statistically robust and biologically meaningful.

The above briefly summarizes the five steps of our algorithm devel-
opment; full methodological details are provided in materials and
methods. Additionally, each step involves relevant statistical models
and processes, whose corresponding detailed content is separately
included in the Supplementary Document S1.

APAdeg outperforms RNA-seq-based differently
expressed gene methods on simulated APA-seq data

Simulation provides an ideal theoretical framework for evaluating the
performance of newly developed computational methods. To assess
the efficacy of APAdeg in identifying DEGs, we generated simulated
RNA-seq and APA-seq datasets respectively based on real RNA-seq
and APA-seq data (see materials and methods). Specially, we first ran-
domly designated 10% of genes as true DEGs, with equal proportions
of upregulated and downregulated genes (5% each). Subsequently,
we generated simulated RNA-seq datasets (including both case and
control conditions, with five biological replicates per condition) by
mimicking the characteristics of real RNA-seq data derived from two
biological replicates of human UHR and two biological replicates of
human brain. Parallelly, we generated simulated APA-seq datasets
(also encompassing case and control conditions with five replicates
each) based on APA-seq data from the same set of human UHR and
brain biological replicates.

We evaluated the performance of APAdeg and other comparison
methods using four complementary metrics, including the area under
the precision-recall curve (AUC-PR), precision-recall profiles, F-score,
and FDR. We chose AUC-PR instead of receiver operating characteristic
(ROC)-based metrics because DEG analysis typically involves highly
imbalanced data, in which non-DEGs greatly outnumber DEGs. Under
such conditions, precision-recall curves provide a more informative
and reliable assessment than ROC curves [26, 27]. To minimize stochas-
tic bias, the simulation procedure was repeated 50 times, and the
average value of each performance metric was used for subsequent
comparisons.

Although a variety of computational tools, such as APAlyzer
[9], DaPars [10], and PolyAseqTrap [12], have been developed to
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investigate APA, they are primarily designed for the detection of
APA events rather than DEG inference. Therefore, we benchmarked
APAdeg against nine widely used RNA-seg-based DEG methods,
including DESeq2 [19], DESeq [16], edgeR [21], robust-edgeR [24],
Brobustedger [28], limma-voom [29], SAMseq [30], NBPseq [31], and
NOISeq [32], using the simulated APA-seq datasets with predefined
DEGs. As shown in Fig. 3a, most RNA-seg-based DEG methods
achieved moderate performance, with AUC-PR values ranging from
0.65 to 0.75, whereas NOISeq performed most poorly (AUC-PR < 0.5).
In contrast, APAdeg achieved the highest AUC-PR (~0.8). Consistently,
the precision-recall curves (Fig. 3b) showed that APAdeg maintained
higher precision across a broad range of recall values, indicating
superior robustness under varying stringency thresholds. F-score
analysis further supported this advantage (Fig. 3c¢). While most RNA-
seg-based DEG methods yielded F-scores between 0.75 and 0.82 and
NOISeq again showed poorest performance (F-score <0.5), APAdeg
achieved the highest F-score (~0.9), reflecting a more favorable
balance between precision and recall. Evaluation of FDR revealed
that DESeq2, limma-voom, and SAMseq controlled FDR at acceptable
levels (<0.1), whereas edgeR-based methods and NBPseq exhibited
inflated FDRs (Fig. 3d). By comparison, APAdeg consistently achieved
the lowest FDR (< 0.05), remaining well below the nominal threshold
and indicating reliable control of false positives. Taken together,
across all evaluated metrics, APAdeg consistently outperformed RNA-
seg-based DEG methods on simulated APA-seq data, demonstrating
superior accuracy, robustness, and false discovery control in DEG
identification.

Because DEG sets derived from real RNA-seq data were used as
reference standards in downstream analyses on real datasets, we
adopted a consistent strategy in the simulation framework. Specifi-
cally, for each RNA-seq-based method, DEGs identified from simulated
RNA-seq data were treated as the corresponding reference DEG set. We
then quantified the concordance between DEGs identified from simu-
lated APA-seq data and these RNA-seq-derived reference DEGs using
the Jaccard index. The Jaccard index quantifies the similarity between
two gene sets (calculated as the number of overlapping genes divided
by the number of genes in the union of the two sets), with values closer
to 1 indicating higher consistency. As shown in Fig. 3e, APAdeg always
yielded a higher Jaccard index compared to all other methods, no
matter which reference DEGs was used. For example, when using the
DEGs identified by DESeq2 from simulated RNA-seq as the validation
set, RNA-seq-based DEG methods produced Jaccard indices of less
than 0.6, whereas APAdeg achieved a Jaccard index of >0.75 (top
left subpanel in Fig. 3e). Additionally, when using consensus DEGs
identified by all nine RNA-seq-based DEG methods from simulated
RNA-seq data as the references, APAdeg recovered at least ~10% more
consensus DEGs than RNA-seq-based DEG methods (Fig. 31), further
confirming its superior ability to capture DEGs consistent with RNA-
seq results.

We next investigated whether APAdeg’s superior performance
arises from reduced uncertainty in estimating group effects compared
to RNA-seq-based DEG methods (Fig. S3). Using DEGs from simulated
RNA-seq data as references, we compared the standard errors (SEs)
of the estimated group effect (8) in simulated APA-seq data. APAdeg
consistently produced smaller SEs for g across genes than RNA-seq-
based methods (Fig. S3A), a pattern robust across benchmark RNA-
seq methods. Across 50 simulation replicates, APAdeg reduced g’s
SE by ~15% on average (Fig. S3B). For over 70% of reference DEGs,
APAdeg yielded smaller SE estimates (Fig. S3C), indicating systematic

uncertainty reduction. This translated into increased statistical power
for detecting differential expression.

Together, these benchmarking results show that although RNA-seq-
based DEG methods can achieve moderate performance on APA-seq
data, they often fail to jointly optimize precision, recall, and false
discovery control, and produce DEG sets with limited concordance to
RNA-seq-derived results. In contrast, APAdeg reduces uncertainty in
group effect estimation, and consistently outperforms all competing
methods across multiple evaluation criteria, demonstrating higher
sensitivity, improved reliability, and strong agreement with RNA-seq-
based gene expression changes.

APAdeg exhibits superior performance in real
APA-seq data with cross-sample/species applicability

Although APAdeg outperformed RNA-seq-based methods in DEG iden-
tification using simulated datasets, this does not directly validate its
superior performance in real-world data. Therefore, we next eval-
uated the performance of APAdeg using real RNA-seq and APA-seq
datasets. Initially, we conducted validation by comparing UHR and
brain samples. Specifically, DEGs identified from RNA-seq data by
each RNA-seq-based method were regarded as the gold standard (true
DEGS) to assess the performance of APAdeg and nine RNA-seq-based
methods in identifying DEGs from APA-seq data. The Jaccard index
was retained as the evaluation metric, where a higher value indicates
better predictive performance. For instance, DEGs of brain versus
UHR calculated by DESeq2 were used as the gold standard (Fig. 4a,
row 1). Subsequently, DEGs were computed from APA-seq data using
the 10 aforementioned methods. Our results showed that the Jaccard
index between DEGs identified by RNA-seq-based methods and the
gold standard ranged from 0.21 to 0.40, which was obviously lower
than that of APAdeg (0.46; Fig. 4a, row 1). When DEGs calculated by
the other eight RNA-seg-based methods were separately used as the
gold standard, APAdeg still achieved the highest Jaccard index values
(Fig. 4a, rows 2-9). These results demonstrate that APAdeg consistently
outperforms all other methods even when using real datasets.

Notably, the gold standard DEGs described above were derived from
RNA-seq data by each respective RNA-seq-based method, which may
introduce potential method bias. To eliminate such bias and enhance
the reliability of the gold standard DEGs, we used the intersection
of DEGs identified from RNA-seq data by the nine RNA-seq-based
methods (Fig. S4) as the refined gold standard to re-evaluate the
performance of all methods in identifying DEGs from APA-seq data.
In the comparison between brain and UHR samples, the intersection
of DEGs identified by the nine RNA-seq-based methods contained
1807 genes (Fig. S4A). Among these gold standard DEGs, 73.2% were
successfully recovered by APAdeg from APA-seq data, which was sig-
nificantly higher than the recovery rates of 0.6%-48.8% achieved by
other methods (Fig. 4b). Thus, APAdeg still outperforms all other RNA-
seg-based methods even when a more reliable set of gold standard
DEGs is used.

To test the general applicability of APAdeg in APA-seq data from dif-
ferent samples and species, we further applied APAdeg to comparative
analyses of additional datasets with both RNA-seq and APA-seq data,
including human thyroid cancer cell lines (Fig. S5), mice, Drosophila,
and Schizosaccharomyces pombe (Fig. 4). Regardless of whether DEGs
calculated by individual RNA-seq-based methods from RNA-seq data
were used as the gold standard or the intersection of DEGs from these
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Figure 3 Evaluation of the performance of APAdeg through simulatio

n study. Statistical performance of the proposed approach is evaluated. (a)

Boxplots of area under the AUC-PR across simulated experiments. (b) Precision-recall curves showing average precision across recall levels. (c) Boxplots
of the F-score, representing the balance between precision and recall. (d) Boxplots of FDR. (e) Jaccard indices quantifying the overlap between gene
lists derived from APA-seq and RNA-seq across evaluation sets. DEGs in each subpanel are estimated from RNA-seq data based on respective methods.
(f) Recovered percentage of consensus DEGs identified by all nine RNA-seq-based DEG methods.

methods was adopted as the more reliable gold standard, APAdeg
consistently outperformed all other methods (Figs 4 and S5).
Collectively, these benchmarking revealed that while RNA-seq-
based methods remain partially applicable to APA-seq data, their
performance is limited across datasets and species. In contrast,
APAdeg consistently achieved highest concordance with RNA-seq-
derived DEGs and substantially improved recovery of reference
DEGs. These findings highlight, APAdeg provides greater sensitivity,

robustness and cross-species applicability for identifying DEGs from
APA-seq data.

Gene expression changes are largely decoupled from
3’ UTR length alterations in cancers

APA has long been recognized as a regulatory mechanism of gene
expression [3]. For instance, APA-mediated 3’ UTR lengthening in a
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Figure 4 Comparison of APAdeg with other RNA-seq-based methods using real RNA-seq and APA-seq data. (a) Heatmaps displaying Jaccard index
between DEGs identified by RNA-seq and those by APA-seq. Comparisons are shown for human (brain versus UHR), mouse (gene KO versus Wildtype),
fly (elav5 versus CantonS), and fission yeast (48 h-N versus VE). The y-axis represents the reference DEGs identified from RNA-seq using corresponding
methods, and x-axis represent the testing DEGs identified from APA-seq analyses using corresponding method. Color scale represents Jaccard index
values. (b) Recovered percentage of consensus DEGs identified by all nine RNA-seq-based DEG methods.

specific gene can introduce additional miRNA binding sites within the
extended region, thereby leading to miRNA-dependent downregula-
tion of its transcript abundance. However, whether such APA-driven
modulation of RNA levels through 3’ UTR remodeling constitutes a
widespread phenomenon remains debatable. To address this ques-
tion, we integrated DEG analysis with APA dynamics across multiple
cancer models. In addition to our own APA-seq data from thyroid
cancer cell lines (TPC-1 and BCPAP) and their normal counterpart
(Nthy-ori 3-1), we compiled publicly available APA-seq datasets from
three additional cancer types (incl, breast, colon, and ovarian can-
cers) along with their respective normal controls (see materials and
methods). We first performed DEG analysis between TPC-1 and Nthy-
ori 3-1 using APAdeg. This yielded 3865 DEGs (adjusted P <.05 and
[log2FC| > 1), comprising 2087 upregulated and 1778 downregulated
transcripts (Fig. 5a). Comparable numbers of DEGs were identified in
other cancer-normal comparisons (Fig. 5b).

To assess APA-associated 3" UTR usage changes, we employed two
complementary approaches. The first quantified the percentage of

distal polyadenylation site usage (PDUI), defined as the ratio of reads
mapping to the distal APA site over total reads spanning whole 3’ UTR
region for a given gene (see materials and methods). A significantly
higher PDUI in cancer versus control indicates preferential use of
longer 3’ UTR isoforms in cancer, whereas a lower PDUI suggests 3’
UTR shortening. Using Fisher’s exact test, we identified 2529 genes
with significant 3’ UTR length alterations (D3UTRGs) in TPC-1 relative
to Nthy-ori 3-1, including 1775 exhibiting 3’ UTR shortening (S3UTRGS)
and 754 showing 3’ UTR lengthening (L3UTRGs; Fig. 5¢). The second
method applied the Mantel Haenszel test (MH-test) to directly compare
3’ UTR lengths inferred from sequencing coverage. MH-test uses both
3’ UTR length and the corresponding read count to assess statistical
significance. APA alteration was quantified using UTR length index
(ULD), which was estimated by Pearson correlation (see materials and
methods). This approach detected 3978 D3UTRGs in TPC-1, comprising
2638 S3UTRGs and 1340 L3UTRGs (Fig. 5d). By intersecting the results
from both methods, we defined a high-confidence set of 1423 S3UTRGs
and 564 L3UTRGs in TPC-1 (Fig. 5e). Applying the same pipeline to
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other cancers, we consistently found a predominance of S3UTRGs
among D3UTRGs in thyroid, breast, colon cancers (Fig. 5f), supporting
the well-established trend of global 3’ UTR shortening in cancers
[33]. Interestingly, however, this 3’ UTR shortening pattern was
not recapitulated in ovarian cancer, where genes exhibiting 3" UTR
lengthening were instead slightly more prevalent in ES-2, SKOV-3, and
OVCAR-3, and markedly enriched in IGROV1 (Fig. 5f).

If APA-mediated 3’ UTR remodeling were a major driver of tran-
scriptional dysregulation in cancer, a substantial overlap between
DEGs and D3UTRGs would be expected. Contrary to this hypothesis,
Venn analysis showed that only 391 genes overlapped between the
DEG and D3UTRG sets in the TPC-1 versus Nthy-ori 3-1 comparison
(Fig. 5g), representing merely 10.1% of all DEGs (Fig. 5h). Extending
this analysis to eight additional cancer-normal comparisons yielded
consistent results: the proportion of DEGs exhibiting concurrent 3’
UTR length changes never exceeded 11% (Fig. 5h). These findings indi-
cate that, in the cancers examined, the majority of expression-altered
genes do not undergo concomitant APA-mediated 3’ UTR remodeling,
revealing a predominant decoupling between transcript abundance
changes and APA dynamics.

Gliven our prior evolutionary analyses indicating that major APA
sites (i.e. the highest expressed APA site) are typically functional,
whereas minor APA sites are generally non-functional [25, 34], we
hypothesized that functional expression changes are more likely
driven by shifts in the major APA site (Fig. 5i). We therefore examined
genes exhibiting differential usage of major APA sites (DMGs) between
cancer and normal cells. Across nine comparisons of cancer-normal
cells, we identified 36-143 DMGs, of which 34-109 involved shifts
within the 3’ UTR (D3MGs), and 2-43 involved transitions between
pre-stop-codon regions and 3’ UTR (DP3MGs; Fig. 5j). Given that
we specifically aim to evaluate the relationship between 3’ UTR
remodeling and changes in gene expression, we focused on D3MGs.
We observed that only a small fraction of genes in the DEG N D3UTRG
intersection also qualified as D3MGs (Fig. 5k). For instance, in the
comparison between TPC-1 and Nthy-ori 3-1, among the 391 genes
that were both differentially expressed and exhibited altered 3" UTR
usage, only 83 displayed a switch in their major APA site within the 3’
UTR (Fig. 5g). These findings further indicate that, when considering
functionally relevant APA events (i.e. changes in the major APA
site), the association between APA dynamics and transcriptional
dysregulation is even more limited.

Finally, even when both expression and 3’ UTR length are signifi-
cantly altered, their co-occurrence may reflect independent responses
to a common upstream perturbation rather than direct regulatory
causality. To evaluate potential mechanistic connections, we ana-
lyzed the cis-regulatory elements of the altered 3" UTR segments in
genes that were simultaneously DEG, D3UTRG, and D3MG. Specifically,
we predicted gains or losses of miRNA and RNA-binding protein
(RBP) binding sites in the variable 3’ UTR regions (see materials and
methods). Among the 83 genes belong to DEG N D3UTRG N D3MG
in TPC-1, only 71 exhibited cis-element alterations attributable to
APA-mediated sequence changes, representing just 1.84% of all DEGs
(Fig. 5g). Similar low proportions were observed across other cancer
types (Fig. 5k).

In summary, our integrative analyses across multiple cancers
demonstrate that while APA is frequently altered in malignancy, its
contribution to transcriptomic dysregulation via 3’ UTR-mediated
mechanisms is limited. The majority of DEGs do not exhibit
concordant APA changes, and even among those that do, some genes

have no functional cis-regulatory rewiring. These results challenge
the notion that APA is a primary driver of expression changes in
cancers and instead support a model in which APA and transcriptional
regulation operate largely independently.

Gene expression changes are largely independent
from intronic alternative polyadenylation alterations
in cancers

Intronic polyadenylation (IPA) represents another well-documented
form of APA, characterized by premature transcription termination
within intronic regions [3]. IPA events frequently produce mRNA
isoforms that lack complete coding sequences, disrupt the canonical
open reading frame, and often introduce premature termination
codons. Such truncated transcripts are predominantly degraded
via the nonsense-mediated decay (NMD) pathway, although NMD-
independent decay mechanisms have also been reported [35],
ultimately leading to reduced steady-state RNA levels. Consequently,
IPA may serve as a post-transcriptional mechanism to downregulate
gene expression—at least when expression is measured as total RNA
abundance. However, the extent to which IPA contributes broadly
to transcriptomic regulation across cancer contexts remains unclear.
To address this issue, we systematically analyzed IPA dynamics in
the same panel of cancer and normal cell lines described above.
For each gene, we quantified the percent usage of IPA (PUIPA),
defined as the ratio of reads supporting intronic APA sites to the
total reads of whole gene. Comparing TPC-1 with its counterpart
Nthy-ori 3-1, we identified 1380 genes exhibiting significant changes
in PUIPA (DIPAGS), including 541 with increased and 839 with
decreased IPA usage (Fig. 6a). Similar analyses across the other three
cancer types revealed between 69 and 3375 DIPAGs per comparison,
comprising 35-3129 genes with elevated and 34-839 with reduced
IPA (Fig. 6b).

We next assessed the overlap between DIPAGs and DEGs. In the
TPC-1 versus Nthy-ori 3-1 comparison, only 458 genes were both DEGs
and DIPAGs, representing 11.8% of all DEGs (Fig. 6¢). Across the other
comparisons between cancer and normal cells, this proportion ranged
from 0.63% to 19.98% (Fig. 6d), indicating that concordant changes in
expression and IPA are rare.

Given that IPA typically triggers transcript destabilization [35,
36], any functional regulatory relationship between IPA and gene
expression should exhibit directional consistency: increased IPA
usage is expected to correlate with reduced RNA abundance, and
vice versa. We therefore stratified DEGs into upregulated and
downregulated subsets and DIPAGs into those with significantly
increased or decreased IPA in cancers. We first examined the scenario
in which upregulated DEGs are paired with decreased IPA. In the
TPC-1 versus Nthy-ori 3-1 comparison, only 181 genes overlapped
between these two categories, corresponding to 10.2% of upregulated
DEGs (Fig. 6e). This proportion ranged from 0.34% to 10.2% across
other cancer types (Fig. 6f). Conversely, we analyzed downregulated
DEGs paired with increased IPA, a configuration most consistent with
IPA-mediated repression. The overlap accounted for 0.29%-21.64% of
downregulated DEGs before correction (Fig. 6g and h).

When both directional categories were combined, we estimate that
only 0.33%-14.1% of all DEGs across the four cancer types exhibit
IPA changes that are both statistically significant and directionally
coherent with their expression alterations (Fig. 61). Even when includ-
ing genes whose expression could potentially be influenced by 3’ UTR
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Figure 6 Correlation between alterations in gene expression and variations in intronic APA usage. (a) Number of genes exhibiting differential intronic
APA usage in TPC-1 cells relative to Nthy-ori 3-1 cells. (b) Genes with differential intronic APA usage across four cancer types. (c) Overlap between DEGs
and genes with DIPAGs in TPC-1 versus Nthy-ori 3-1 cells. (d) Extent of overlap between DIPAGs and DEGs across four cancer types. (e) Overlap between
upregulated DEGs and downregulated DIPAGs in TPC-1 versus Nthy-ori 3-1 cells. (f) Overlap between upregulated DEGs and downregulated DIPAGs
across four cancer types. (g) Overlap between downregulated DEGs and upregulated DIPAGs in TPC-1 versus Nthy-ori 3-1 cells. (h) Overlap between
downregulated DEGs and upregulated DIPAGs across four cancer types. (i) Number of genes whose expression levels are potentially regulated by
changes in intronic APA.

shortening or lengthening (Fig. 5k), this proportion remained limited Discussion
at 1.38%-16.6% (Fig. 61). Therefore, the majority of gene expression
changes appear to occur independently of APA dynamics, suggesting
that APA exerts only limited regulatory influence on RNA levels in
these cancers.

In APA research, investigating the interplay between APA dynamics
and gene expression is of fundamental importance. While numerous
software packages and algorithms have been established for APA
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research, such as APAlyzer [9], DaPars [10], and PolyAseqTrap [12],
these tools predominantly serve APA detection and comparison
purposes, leaving a gap in dedicated methods for DEG analysis of APA-
seq data. In the absence of matched standard RNA-seq data, a common
practice in the field involves applying conventional RNA-seg-based
tools, such as DESeq2 and edgeR, directly to APA-seq datasets for DEG
identification. However, these methods are not optimally suited for
APA-seq data (Fig. 1). To address this limitation, we present APAdeg in
this study, a novel framework for DEG analysis specifically tailored for
APA-seq data. The key innovation of APAdeg lies in its consideration
of APA site-specific signals associating with gene expression (Fig. 2).
Unlike conventional RNA-seq-based approaches that aggregate these
signals into a single gene-level metric, APAdeg jointly incorporates
both gene-level and site-specific read counts within a unified
statistical framework. APAdeg effectively accommodates the inherent
architecture of APA-seq data using GLMMnb and reduces uncertainty
in group effect estimation, thereby substantially enhancing the
accuracy of DEG inference. Benchmarking on both simulated and
empirical datasets shows that APAdeg consistently outperforms RNA-
seg-based DEG methods, positioning it as a superior tool for APA-
seq analysis (Figs 3 and 4). Applying APAdeg to diverse cancers, we
revealed that changes in gene expression are largely independent
of alterations in 3’ UTR length and intronic APA usage (Figs5
and 6), enabling a more precise dissection of post-transcriptional
regulation in cancers. APAdeg is implemented as an R/Biocon-
ductor package to promote widespread adoption in the research
community.

Although the NB model is widely used for count-based expression
data, standard generalized linear models (GLMnb) rely solely on fixed
effects and perform poorly for correlated signal structures inherent
to APA-seq. In APA-seq, gene expression is often correlated with PAS
heterogeneity (Fig. 2a—d), introducing within-gene correlation that
deviates from the assumptions of a GLMnb (Fig. 1f). To address this,
APAdeg integrates PAS information as a random effect, accommo-
dating diverse within-gene correlation structures and boosting sta-
tistical power. This enables GLMMnb model to capture structured
variability and decompose total variance into components arising
from random effects and residual overdispersion. As a result, the
GLMMnb provides a more flexible representation of APA-seq data
and reduces unexplained dispersion compared to the GLMnb (Fig. S6).
Shared dispersion across genes stabilizes variance estimation and
controls type I error in standard RNA-seq pipelines, yet this property
is rarely implemented in mixed-effects models [37]. APAdeg explicitly
incorporates shared dispersion estimation into its GLMMnb to main-
tain rigorous type I error control.

Accurate effect size estimation is critical for reliable gene ranking
in APA-seq, but estimates are often unstable under low read counts or
limited biological replicates—common constraints in APA-seq exper-
iments. While shrinkage methods like apeGLM have been developed
for standard GLMs, they do not support mixed-effects models tailored
to APA-seq. To resolve this, APAdeg introduces Bayesian shrinkage
to stabilize mixed-model effect size estimates and reduce false sign
or effect size errors (Fig. S11), supporting more robust downstream
inference. Fixed universal read-count filters are poorly generaliz-
able across data types: low counts in unique molecular identifier-
based RNA-seq and APA-seq can reflect genuine biological regulation,
whereas those in non-deduplicated RNA-seq often arise from amplifi-
cation noise. Such rigid filtering thus requires dataset-specific tuning
and may distort biological signals. The Bayesian shrinkage approach

in APAdeg circumvents these issues, offering a more appropriate and
transferable strategy for APA-seq gene ranking.

APA-seq represents a specialized sequencing strategy designed to
capture RNA 3’-end fragments, distinguishing it fundamentally from
standard RNA-seq, which profiles the entire transcriptome (Fig. 1d).
Consequently, standard RNA-seq remains the gold standard for high-
throughput DEG analysis. Although the APAdeg tool is capable of
performing DEG calculations, it is explicitly tailored for APA-seq data
rather than standard RNA-seq datasets. APA-seq data can be generated
via a wide array of 3’-end enrichment protocols, including 3'-READS,
3P-seq, PAT-seq, IVT-SAPAS, SAPAS, Quant-seq, 2P-seq, PAS-seq, MAPS,
A-seq, A-seq2, 3’ T-fill, PAC-seq, and PolyA-seq [8]. Moreover, APAdeg
is not restricted to APA-seq, but is applicable to datasets which gene-
level expression exhibits hierarchical structure, reflecting transcript
architecture and structured variability. For example, CAGE-seq [38]
data, which profile alternative transcription start sites (ATSs), share
a highly similar data structure with APA-seq, as both technologies
capture only a specific end of transcripts. Notably, ATS diversity has
also been reported to be negatively correlated with gene expression
levels [39]. These parallels suggest that the APAdeg framework may
be readily adaptable to CAGE-seq data for improved DEG analysis.
Additionally, other sequencing modalities, such as 3’-end-based single-
cell RNA-seq and transcript-centric full-length RNA sequencing (e.g.
Iso-Seq), exhibit data characteristics analogous to those of APA-seq.
The principles underlying APAdeg may therefore be extended to these
platforms, underscoring the broader applicability of our methodologi-
cal approach across multiple transcriptomic domains. Finally, APAdeg
developed within a generalized linear mixed model framework,
which is well-suited for cohort-scale APA studies [40], as they account
for cohort heterogeneity, batch effects, and intra-sample variation.
While the method outperforms conventional RNA-seq tools, achieving
parity with standard RNA-seq quantification remains challenging due
to intrinsic limitations in APA site-level expression measurement.
Future work integrating refined bias correction and expression
inference will further improve APAdeg’s accuracy and applicability.

Applying APAdeg to multiple cancer types, we found that gene
differential expression in cancer is largely decoupled from APA alter-
ations, including changes in 3" UTR length and intronic APA usage
(Figs 5 and 6). Given the known differences between APA-seg-based
and RNA-seg-based DEGs identification, we further evaluated this
observation using available matched RNA-seq datasets with similar
analytical techniques. In thyroid cancer, where APA-seq and RNA-seq
data were generated from the same samples and experimental condi-
tions, the largely decoupling between APA alterations encompassing
both 3’ UTR length changes and intronic APA changes was robustly
recapitulated (Figs S7 and S8). A similar trend was also observed in
breast cancer, although RNA-seq data were obtained from the same
cell line but different sources. These results support that observed
decoupling is not solely a consequence of APA-seq-based DEG estima-
tion, but may reflect a considerable biological phenomenon. Never-
theless, due to the availability of fully matched APA-seq and RNA-seq
datasets remains limited, and further validation in additional cohorts
would strengthen this conclusion. Furthermore, it is crucial to note
that gene expression in this study is quantified by transcript abun-
dance. Therefore, strictly speaking, the term “decoupling” specifically
refers to the dissociation between transcript abundance and APA.

Several considerations are important for interpreting the decou-
pling between gene expression level and APA. First, even when APA-
induced UTR changes introduce or remove cis-regulatory elements,
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corresponding effects on gene expression may not manifest unless
the relevant trans-acting factors are present in the same cellular
context. Consequently, regulatory relationships inferred solely from
cis-element annotations are inherently conservative, and the true
extent of functional coupling may be even more limited. Second,
the DEG analyses performed here are based on RNA concentration
measurements. Although the overlap between genes exhibiting dif-
ferential APA and differential expression level is small, this primarily
reflects limited coupling at the RNA level. Gene expression can also
be regulated at the protein level, and whether APA influences pro-
tein abundance in cancer remains an open question that warrants
future investigation using matched proteomic data. Third, beyond
expression levels, genes possess many additional functional attributes,
such as subcellular localization and protein function, that may be
affected by APA changes. Elucidating these alternative functional con-
sequences represents an important direction for future studies.

Our findings of limited coupling between APA and gene expression
in cancers are consistent with previous observations in proliferating
T cells, where APA shortening was shown to have minimal effects
on mRNA concentration [41]. Although that study relied on A-seq (a
type of APA-seq) data and DEG inference using DEGseq, and therefore
employed a less robust DEG framework than APAdeg (Figs 3 and 4),
it arrived at a qualitatively similar conclusion. Moreover, several
studies have reported weak or negligible effects of APA on protein
abundance [41, 42], further supporting the notion that APA-mediated
regulation of gene expression is not widespread. Together with our
previous evolutionary analyses demonstrating that APA events are
predominantly subject to negative selection [25], these results suggest
that APA is more likely to represent a pervasive molecular byproduct
rather than a broadly functional regulatory mechanism.

In summary, we developed APAdeg, a novel DEG inference frame-
work specifically designed for APA-seq data. By jointly modeling gene-
level and APA site-specific read counts within a mixed-effects and
Bayesian statistical framework, APAdeg consistently outperforms con-
ventional RNA-seq-based methods on both simulated and real APA-seq
datasets. This approach enables more accurate dissection of the rela-
tionship between APA and gene expression regulation. Furthermore,
the conceptual principles underlying APAdeg are readily extendable
to other sequencing modalities with APA-like data structures, offering
a generalizable strategy to improve differential analysis across diverse
transcriptomic and multi-omic datasets.

Materials and methods
Real APA-seq and RNA-seq data

In this study, we acquired matched RNA-seq and APA-seq datasets
across multiple model organisms, including Homo sapiens
(encompassing cell lines and primary tissues), Mus musculus,
Drosophila melanogaster, and Schizosaccharomyces pombe, for the
construction and validation of our analytical model. Furthermore,
APA-seq datasets derived from thyroid, breast, colon, and ovarian
carcinomas were collected to evaluate the relationship between
polyadenylation alterations and gene expression changes. A com-
prehensive inventory of all datasets utilized in this work is provided
in Supplementary Table S1.

For comparative analyses between APAdeg and alternative compu-
tational methods, genes were defined as significantly regulated if they
met the dual criteria of an adjusted P-value <.05 and an absolute logs,-
fold change (log2FC) > 1. The similarity between gene sets identified
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via APA-seq and RNA-seq was quantified using the Jaccard index,
computed as: Jaccard = %, where A and B denote the gene sets

inferred from APA-seq and RNA-seq profiling, respectively.

Simulation data

We generated simulated RNA-seq and APA-seq datasets independently
using real empirical sequencing data as the reference. All simulation
parameters, including gene-wise mean expression, dispersion, and
the number of PAS per gene, were estimated from real RNA-seq and
APA-seq profiles of two human UHR biological replicates and two
human brain biological replicates [10]. Simulated read counts were
sampled from an NB distribution with a mean pg and dispersion
0g. We randomly designated 10% of all genes as true DEGs, with
equal proportions of upregulated and downregulated genes (5% each).
For both case and control conditions, we generated five biological
replicates of simulated RNA-seq data by recapitulating the statistical
characteristics of the real reference datasets; in parallel, matched
simulated APA-seq datasets (five biological replicates per condition)
were produced using the same set of human UHR and brain reference
profiles. The RNA-seq-derived true DEGs served as the ground-truth
gene set for evaluating APA-seq simulation analyses.

Differential expression testing was conducted, and P-values were
adjusted for multiple testing using the Benjamini-Hochberg (BH) FDR
procedure. Genes with an adjusted P-value <.05 were annotated as
significantly differentially expressed. Model performance was quanti-

fied using the following metrics:
i True positives _ True positive
Precision = True positives+False posilives’Recall — True positive+False negatives’

_ Precisionx Recall _ i
and Fscore = 2 pr oo mecar- 1he AUC-PR was computed using the

PRROC package in the R statistical environment.

APAdeg development

Step1: Library size adjustment

Raw APA site-level read counts are subject to sequencing biases arising
from differences in sequencing depth across samples. To adjusting
those library sizes, we estimated sample-specific size factors using the
median-of-ratios method implemented in DESeq2 providing robust
normalization by reducing the influence of highly expressed features
[19]. Rather than normalizing counts prior to modeling, these size
factors were incorporated into the GLMMnb as log-scale offsets (see
Supplementary document S1), preserving the mean-variance rela-
tionship inherent to count data and enabling valid likelihood-based
inference. This modeling strategy separates global sequencing effects
from biological variation in APA usage while allowing the mixed-
effects framework to capture gene- and site-level heterogeneity.

Step 2: Adoption of GLMMnb hierarchical model

APA-seq is a specialized form of RNA-seq but its data structure differs
from RNA-seq. To identify DEGs for each gene g, multiple APA isoforms
i are observed in each sample s (Fig. 1d). Let Yg,s denote the uniquely
mapped read counts for the isoform i of gene g in sample s (see
Supplementary document S1).

In APA-seq data, a subset of genes exhibits expression in only one
experimental condition, while being completely unexpressed across
all samples in the opposite condition. This represents a non-trivial pro-
portion (e.g. ~15.07% in the brain versus UHR comparison; Fig. S9A)
and is consistently observed across datasets ranging from 15% to
19% in the three examples of cell lines (Fig. S9B). Among these genes,
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~17.5%-24.5% overlap with true DEGs identified from matched RNA-
seq data (Figs S9C and S9D), highlighting their biological relevance.
Directly estimating differential expression for such genes are statis-
tically challenging through GLMM setting, as model parameters may
lie on the boundary of the parameter space, leading to unstable fold-
change estimates and inflated test statistics. To improve numerical
robustness and parameter stability, APAdeg applies a regularization
step by fitting a prior to the gene-wise GLMMnb under condition-
specific non-expression. Specifically, expression levels in the non-
expressed condition are regularized based on information from the
expressed condition using a GLM. This procedure introduces a small,
data-informed pseudo-expression that preserves the relative expres-
sion scale while avoiding degenerate likelihoods. As a result, APAdeg
successfully recovers 62.2%-74.8% of those true DEGs in the three
examined cell lines (Fig. S9E). Therefore, this regulatory step signifi-
cantly improves the GLMM model complexity.

Following this preprocessing step, APA-seq counts are modeled
using GLMMnb, which accommodating both overdispersion and hier-
archical dependencies. Here, we assume that ugs is the expected
count for isoform i of gene g in sample s, and 6g is a gene-specific
dispersion parameter. A random intercept bg; incorporated to account
for isoform-level variation across genes.

We further employ a log-linear GLMMnb design a matrix encoding
sample-level covariates (e.g. treatment versus control status). The
model yields an estimate of baseline isoform expression and log,-fold
changes between groups. More generally, the GLMMnb framework
allows the inclusion of additional random effects and interaction
terms, thereby enabling analysis of complex experimental designs
commonly encountered in APA-seq studies. This strategy allows
APAdeg to robustly handle genes with extreme expression asymmetry
while maintaining valid statistical inference.

Step 3: Information sharing across genes to improve
differently expressed genes inference
In general RNA-seq data analysis, GLMs are widely used to estimate
the relationship between mean and variance, parameterized as
02 = u+ 04’ In edgeR, the dispersion parameter ¢ is estimated
from data and assumed constant across experimental conditions [16,
21]. Most of the methods developed for identifying DEGs agreed that
sharing information across genes through data-driven relationships
increases the power of detection [17, 19, 24]. Precise estimation of
dispersion is critical in statistics, so GLM-based methods typically rely
on a mean-dispersion trend based on the assumption that the mean
expression adequately explains the variance across genes, where
dispersion decreases as the mean increases. However, in our
framework for APA-seq data using GLMMnb with variance o2 =
u+ “72, yielding lower variance corresponds to larger 6. Variance of
GLMMnb is influenced not only by the mean dispersion relationship
but also by additional sources of variability such as APA site
heterogeneity and random effects. As a result, genes with similar
mean expression can exhibit substantially different variances. To
better capture this heterogeneity, we hypothesized that sharing
information across genes largely depends on variance rather than
mean. Supporting this, we compared dispersion trends based on mean
and variance trends. The mean-dispersion trend exhibited substantial
over-smoothing, compressing dispersion estimates and showing
a weak association between dispersion and mean (Fig. S10A). In
contrast, the variance-dispersion trend better preserved the observed
heterogeneity and showed improved agreement with empirical

dispersion patterns (Fig. S10B). These observations motivated the
development of a method to estimate dispersion from the dispersion-
variance trend within the GLMM framework. Models are fitted
for each gene and estimated gene-wise dispersion using restricted
maximum likelihood (REML) or maximum likelihood (ML). We
primarily fitted gene-wise GLMMnb with REML, which is less biased
for variance component estimation. However, multiple correction
tests failed to converge under REML, likely due to flat likelihood
surfaces or boundary solutions. For these cases, we re-fitted the
models using ML, which provided stable convergence while yielding
comparable fixed-effect estimates. After that, we fitted a dispersion-
variance trend based on a parametric/non-parametric formula (see
Supplementary document S1). This fitted trend (red line in Fig. S10)
represents the expected dispersion across genes but does not describe
the variation of individual genes. To address this, we adopted an
empirical Bayes shrinkage approach to shrink gene-wise dispersion
similar to DESeq2. Furthermore, we estimated maximum posterior
(MP) dispersion (blue dots) from the fitted trend. The shrinkage
dispersion reduced potential false positives and improved power for
detecting DEGs.

Step 4: Accurate estimation of effect sizes preserving true
differences

Effect sizes are typically measured as log2FC, estimating true
differences between experimental conditions, thereby enhancing
gene ranking. However, estimating precise log2FC values for low-
expression genes is challenging due to high variability (Fig. S11A,
left). Such noisy genes distort ranking and downstream analyses.
To overcome this, we applied an adaptive shrinkage approach
based on empirical Bayes that stabilizes the estimator of 10g2FC (see
Supplementary document S1). The yielding MP estimates attenuated
exaggerated log2FC for low-expression genes (Fig. S11A, right).
Shrunken log2FC values were more symmetrically distributed around
zero and minimal deviation for weekly spread genes (Fig. S11B). Thus,
shrunken log2FC reduced both biases and variance compared to row
estimates, yielding a more reliable ranking.

Shrunken log2FC also provided more reproducible estimation than
the raw estimated log2FC. To validate this, we used simulation data
with six samples, and further split them into two equal groups (group
I: 2 control versus 2 case A, group II: 2 control versus 2 case B). Between
two balanced groups, we applied a fitted model to estimate raw log2FC
(Fig. S12A) and shrunken MP to estimate shrunken log2FC (Fig. S12B)
for each group. We observed that shrunken log2FC demonstrated
greater resemblances between two groups, with a lower root mean
square error (RMSE: 5.26) compared to raw log2FC (RMSE:11.65).
These results supported that shrunken log2FC is consistent with exper-
imental conditions, which may reduce bias estimation of effect sizes,
preserving true biological differences.

Step 5: Hypothesis testing and differently expressed gene
calling
The goal of the DEGs study is to estimate a set of genes that reject
the null hypothesis of no expression difference between experimen-
tal conditions. The significant difference between the conditions is
assessed by Wald test P-values. Love et al initially assumed that
shrunken log2FC divided by its SE could yield z-statistics for P-values
under normal distribution [19]. However, the updated version of
DESeq2 noted that shrunken log2FC should not be directly used for
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hypothesis testing, as this violates the assumption of GLM [43]. There-
fore, in our study, P-values were computed using the Wald test under
GLMMnb, independent of shrunken log2FC (see Supplementary doc-
ument S1). Multiple hypothesis testing procedure adopted for control-
ling FDR adjustment [44]. For example, QQ plots of UHR versus Brain
samples showed that GLMMnb produced larger observed adjusted P-
values than expected under the null, suggesting improved inference
of estimating DEGs (Fig. S13).

There is a common phenomenon that genes that are significantly
different even if the log2FC is very small or vice versa [45]. To evaluate
the precision of shrunken log2FC, we compared adjusted P-values
with 1og2FC estimates. A scatter plot of ranked adjusted p-values
against ranked log2FC is shown in Fig. S14. We observed that rank-
adjusted P-values against shrunken log2FC (Fig. S14B) are well cali-
brated, resulting in strong Spearman’s correlation coefficients com-
pared to raw log2FC (Fig. S14A). Together, these findings demonstrate
that combining Wald test P-values with shrunken log2FC enhances
both statistical power and biological interpretability in DEG detection.

Alternative polyadenylation alteration analyses

APA-seq data were processed using a standard analysis workflow.
Briefly, raw reads were quality checked with FastQC [46], adapter
trimmed using Cutadapt [47] and aligned to the reference genomes
(hg38) with STAR [48] using default parameters. APA sites supported
by fewer than two 3’-end-seq reads were removed and remaining sites
within 24 bp were merged into initial clusters. If the initial cluster
width > 24, those cluster are refined using weighted density peak
clustering method [49]. For each cluster, the site with the highest read
count was selected as the representative APA site, and the total read
counts across the cluster were used as the site expression abundance.
APA sites were assigned to genes if located between the gene 5-end
and 1000 bp downstream of the annotated 3’-end and expression
levels were quantified as read per million. APA sites with the highest
expression within a gene was defined as the major site. Predicted APA
site from RNA-seq were inferred by TAPAS [11] pipeline with default
parameters.

To identify the significant 3" UTR APA change between conditions,
we applied two complementary approaches: differential percentage
of distal APA usage index (PDUI) and Mantel-Haenszel test (MH-
test). Briefly, PDUI was estimated using the DaPars framework [10].
Because DaPars was originally designed for predicted APA events
based on RNA-seq data, we adopted it to real APA sites by transferring
site-level information into cumulative coverage profiles similar to
RNA-seq coverage. For each gene, APA sites were ordered by genomic
position and mean distal abundance (total distal coverage divided by
distal length) and mean proximal abundance [(total proximal cov-
erage minus mean distal abundance multiplied by proximal length)
divided by proximal length] were calculated. A break point separating
proximal and distal regions was identified by estimating a fit value
for each APA site, which combined contributions from downstream
and upstream sites based on genomic distance and differences in
cumulative read abundance. The site with the lowest average fit value
across conditions was selected as the breakpoint. Sites upstream of the
breakpoint were defined as proximal, and downstream sites as distal.
PDUI was calculated as the ratio of mean distal abundance to total
abundance. Statistical significance was assessed using Fisher’s exact
test with BH correction. The change in PDUI (APDUI) was defined as
the difference between case and control conditions, where a negative
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APDUI indicates 3" UTR shortening and a positive APDUI indicates 3’
UTR lengthening.

For MH-test was applied using two-ways contingency tables with
ordered APA sites [50]. For each gene, UTR length were calculated
based on the distance between poly(A) sites and the stop codon. Read
counts for each APA site were arranged into contingency tables, with
APA sites ordered from shortest to longest UTR length as columns and
experimental conditions as rows. Pearson correlation used to calculate
UTR length index (ULI) by taking the read counts as values and UTR
lengths as column scores. Statistical significance between conditions
was then evaluated using the MH-test with BH correction. A positive
ULl indicates 3'UTR lengthening, while a negative ULI indicates 3'UTR
shortening.

In addition, weighted 3’ UTR length for each gene was calculated as
mean 3’ UTR length weighted by read counts of each 3’ UTR isoform.
The normalized weighted 3" UTR length (nWeighted 3" UTR length)
was defined as the isoform-weighted 3’ UTR length relative to the
longest 3’ UTR length across the conditions [51].

To assess difference of intronic APA events, we calculated the per-
cent usage of intronic APA sites for each gene as the ratio of intronic
APA read counts to total APA read counts. We applied Fisher exact
test with BH correction (P-value<.05) and | A percent usage| <0.1 to
identify significantly different usages of intronic APA between cancer
and normal condition [52].

RNA binding protein/microRNA binding sites

miRNA target information was obtained from publicly available
databases (https://www.mirbase.org/), and miRNA binding sites were
predicted using the miRanda tool [53]. RBP binding sites were collected
from curated databases (https://meme-suite.org/meme/db/motifs) and
predicted using MEME tool with default parameters. High-confidence
miRNA binding sites were defined using an energy cutoff < —20,
while RBP binding sites were filtered using a g-value <0.05. Genes
that losses or gains both miRNA and RBP binding motifs due to major
APA changes were considered to harbor cis-regulatory elements in
this study.

RNA-seq data processing

RNA-seq raw reads were quality-controlled using fastp [54] and
aligned to the human reference genome (hg38) using STAR v2.7.10a
[48]. Gene-level read counts for each sample were quantified using
featureCounts [55] based on the STAR alignments.

R/Bioconductor package

APAdeg is implemented as a package for the R statistical environment.
Development of APAdeg integrates NB function from MASS R package,
mixed effect linear models from glmmTMB and lme4 R package and
the empirical bayes approach from ashr R package. As input, it expects
a data table where genes in rows have multiple isoforms and samples
are in columns. Metadata and APAseq count data are stored in an S4
class derived from MetaData function within APAdeg R package. A
single function called APAdegFit is used to run default analysis, while
different parameters are also available for advanced users. Details of
APAdeg R package implemented in vignette with pseudo examples for
better understanding.
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Key Points

* RNA-seqg-based DEG analysis methods perform suboptimally when
applied directly to APA-seq data.

® APAdeg uses a linear mixed-effects model leveraging site-specific
signals to boost DEG detection in APA-seq.

® Benchmarking on simulated and empirical datasets confirms
APAdeg consistently outperforms traditional RNA-seqg-based meth-
ods.

® Application to cancer APA-seq data shows decoupling between
gene expression changes and APA alterations, suggesting APA's
limited role in transcript abundance regulation.

® APAdeg is available as an open-source R package to support
research on APA-mediated gene regulation in health and disease.
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