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RNA-Seq of Cultured Peripheral Blood Lymphocytes Improves
Identification of Cryptic Splicing Defects in Rare
Disease Diagnostics
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Accurate identification of the genetic determinants of rare diseases is essential for effective recurrence-risk management and
informed reproductive decision-making. Although whole-exome sequencing (WES) and whole-genome sequencing (WGS)
have significantly improved diagnostic capabilities, a subset of affected families still receives no definitive molecular diagnosis.
RNA sequencing (RNA-seq) has emerged as a promising complementary diagnostic tool, yet its clinical implementation in the
context of preconception genetic counseling remains underexplored. We used phytohemagglutinin-activated peripheral blood
cells (PHACs) as a robust RNA source and enhanced conventional RNA-seq through the integration of three analytical
innovations: (1) transcript isoform distribution (TID) analysis, (2) realignment against the MANE (Matched Annotation from
NCBI and EMBL-EBI) reference transcriptome, and (3) pharmacological induction–based cryptic splicing detection. This
optimized pipeline was applied to 55 rare-disease families with negative WES/WGS results who were undergoing
preconception genetic counseling. Based on prior evaluations, families were grouped as VUS (n = 7), suspected-gene/variant-
negative (n = 10), and unsolved/no-candidate (n = 38). PHACs showed reduced interindividual variability and higher RNA
integrity than fresh PBMCs (median RIN: 9.77 vs. 8.97; p < 0 0001). The optimized workflow improved diagnostic yield by 2.2-
fold (20% vs. 9%). Stratified analysis revealed positive rates of 71% (VUS), 40% (suspected-gene/variant-negative), and 5.2%
(unsolved/no-candidate). Among the 11 positive cases, 10 received definitive diagnoses, leading to diverse reproductive
decisions. This enhanced RNA-seq workflow provides a clinically applicable and scalable strategy for improving molecular
diagnostics in reproductive and preconception settings, offering a valuable model for future clinical transcriptomics.

Keywords: peripheral blood; phytohemagglutinin-activated peripheral blood cells (PHACs); preconception genetic counseling;
rare diseases; RNA sequencing (RNA-seq)
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1. Introduction

In preconception genetic counseling, couples with a personal
or family history of rare disorders seek informed reproduc-
tive decisions, often guided by comprehensive molecular
diagnoses. To mitigate the risk of transmitting pathogenic
variants, interventions such as prenatal testing, preimplanta-
tion genetic testing (PGT), or the use of donor gametes are
considered. Whole-exome sequencing and whole-genome
sequencing (WES/WGS) have become the mainstay of rare
disease diagnostics, identifying causal variants in approxi-
mately 28.8%–55% of cases [1, 2]. However, a proportion
of cases remain unresolved, necessitating multiomics inte-
gration for comprehensive diagnostic insights. As the inter-
mediary between DNA and protein, RNA plays a pivotal
role in elucidating disease mechanisms, with an estimated
9%–30% of noncoding mutations contributing to pathology
through disrupted RNA processing and expression [3, 4].
RNA sequencing (RNA-seq) demonstrates substantial
potential to improve diagnostic accuracy and reveal novel
disease mechanisms—particularly for rare disorders where
DNA analysis alone fails to yield clear diagnoses—by
enabling transcriptome-wide aberration detection in
disease-relevant genes [5–7]. Its diagnostic utility has been
validated across diverse patient-derived tissues, including
muscle biopsies [8, 9], peripheral blood mononuclear cells
[10], skin fibroblasts [11], transdifferentiated fibroblasts
[12], and B-lymphoblastoid cell lines [13].

Disease-affected tissues represent the optimal resource
for RNA-seq analysis due to the tissue-specific nature of
gene expression [8, 11, 14]. However, clinical testing is often
limited to readily accessible samples such as blood. Notably,
studies on rare disease cohorts have demonstrated that
blood-derived RNA expression profiles encompass approxi-
mately 3000 Mendelian genes [15], effectively capturing
disease-associated transcripts across neurological, musculo-
skeletal, hematological, and ophthalmological disorders
[10]. Detection of aberrant mRNA splicing in blood samples
has been shown to increase molecular diagnostic yields
beyond genome sequencing alone [16, 17]. With the increas-
ing adoption of telemedicine in preconception genetic
counseling, peripheral blood samples have become the most
practical specimen type due to their ease of collection. How-
ever, their inherent variability in cellular composition and
susceptibility to degradation during transport pose signifi-
cant challenges for RNA-seq applications. For genetic labo-
ratories, particularly those specializing in reproductive
healthcare, optimizing peripheral blood sample preparation
is essential to ensure reliable and clinically actionable
RNA-seq results [18].

In conventional RNA-seq analysis, after aligning the
quality-filtered reads to the reference genome, outliers in
gene expression, splicing, and allelic expression imbalance
(AEI) are analyzed [6, 19]. Abnormal splicing events are typ-
ically identified as outliers only when they generate novel
isoforms that are not cataloged in existing databases. How-
ever, not all transcripts documented in these databases are
functionally active. The pervasive presence of multiple tran-
script isoforms derived from a single gene locus may con-

found the identification of aberrant splicing events in
functionally relevant transcripts. Moreover, due to the dis-
crepancies between the human transcriptome and the refer-
ence genome, mapping RNA-seq reads originating from
transcripts onto the genome presents significant challenges.
Reads spanning only a few junctional bases can be misa-
ligned to adjacent introns or incorrect genomic loci, poten-
tially resulting in false negatives during read mapping [20].
Furthermore, intrinsic cellular surveillance mechanisms,
most notably nonsense-mediated mRNA decay (NMD),
actively degrade transcripts containing premature termina-
tion codons, thereby masking aberrant splicing events from
detection [21].

To address the aforementioned limitations of conven-
tional RNA-seq, we developed an integrated framework uti-
lizing phytohemagglutinin-activated peripheral blood cells
(PHACs) in combination with three synergistic analytical
innovations: (1) transcript isoform distribution (TID) analy-
sis, (2) read realignment against the Matched Annotation
from NCBI and EMBL-EBI (MANE)–selected reference
transcriptome, and (3) pharmacological induction–based
cryptic splicing detection. In a cohort of 55 families under-
going preconception genetic counseling with unresolved
diagnoses after WES/WGS analysis, this approach increases
the positive detection rate from 9% (5/55) to 20% (11/55)
compared to the conventional whole-blood RNA-seq work-
flow. Ultimately, 10 families received definitive molecular
diagnoses, enabling informed reproductive decisions for
their subsequent pregnancies.

2. Materials and Methods

2.1. Subjects. This ethically approved study (LL-SC-2022-
005) was conducted at the Reproductive and Genetic Hospi-
tal of CITIC-Xiangya. We prospectively enrolled 55 precon-
ception genetic counseling families (124 individuals) with
suspected monogenic disorders, all seeking molecular diag-
noses, to guide assisted reproductive interventions. All fam-
ilies had unresolved diagnoses after clinical-grade whole-
exome sequencing (WES) reanalysis (n = 51) or whole-
genome sequencing (WGS) (n = 4). Eleven ethnically
matched controls undergoing in vitro fertilization (IVF) for
nongenetic indications (e.g., tubal/obstructive infertility)
were concurrently enrolled, with rigorous exclusion of any
inherited disease histories. Comprehensive biospecimen
information and clinical annotations are cataloged in
Tables S1 and S2.

2.2. Peripheral Blood Mononuclear Cell (PBMC) and PHAC
Acquisition. Peripheral blood samples were collected in two
forms: fresh peripheral blood and blood for lymphocyte
culture.

For fresh peripheral blood, a total of 19 samples (2mL
each) were collected on-site using EDTA-K2 as an anticoag-
ulant. Within 4 h of collection, PBMCs were isolated using a
lymphocyte isolation kit (LTS10771; TBD Science, China)
following the manufacturer's instructions. The isolated
PBMCs were directly used for subsequent RNA extraction
and flow cytometry analysis.
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For lymphocyte culture, a total of 126 peripheral blood
samples were collected, including 60 on-site samples and
66 samples transported under refrigeration (4°C) to the lab-
oratory, approximately 3 days. Each blood sample (2mL)
was anticoagulated with heparin. Blood samples were cul-
tured with phytohemagglutinin (PHA) either immediately
or within 4 days after collection. Sterile tubes containing
1mL of RPMI 1640 medium (pH7.2–7.4) (R8758; Sigma-
Aldrich, United States), 10% (v/v) fetal calf serum (F8318;
Sigma-Aldrich, United States), 1% (v/v) penicillin/strepto-
mycin (CL12331; ChemeGen, China), and 100μg/mL PHA
(9008-97-3; MedChemExpress, United States) were pre-
pared. Then, 400μL of heparinized blood from each sample
was added to the tube and incubated at 37°C with 5% CO2
for 72h. For extended cultivation in PHACs, cycloheximide
(CHX) (239765; Sigma-Aldrich, United States) or mitomy-
cin C (MMC) (M5353; Sigma-Aldrich, United States) was
added at concentrations of 80μg/mL and 0.16 ng/μL, respec-
tively, during the last 16–18h. After cultivation, the blood–
medium mixture was transferred to a 15-mL centrifuge tube.
Red blood cells were lysed using red blood cell lysis buffer
(158904; QIAGEN, Germany) by incubating on ice for
15min, followed by centrifugation at 2000 rpm at 4°C for
5min. The supernatant was discarded, and the pellet was
resuspended in 3mL of red blood cell lysis buffer, incubated
on ice for 15min, and centrifuged again under the same con-
ditions. The resulting pellet was resuspended in 5mL of pre-
cooled PBS and centrifuged at 2000 rpm at 4°C for 5min.
The supernatant was discarded, and the lymphocytes were
divided into three portions: the first for subsequent RNA
extraction, the second for flow cytometry analysis, and the
third resuspended in 1mL of T lymphocyte storage solution
(IMC-705; IMMO BIOTECH, China) and stored in liquid
nitrogen for potential future drug treatment after revival.

2.3. Flow Cytometry Analysis. Cells were dissociated into
single-cell suspensions and resuspended in FACS buffer
(1% FBS in PBS) at a concentration of 1 × 106 cells per
100μL. Following fixation with 4% paraformaldehyde
(PFA) and washing with 1% FBS buffer, cells were stained
with the following fluorochrome-conjugated antibodies
(BD Biosciences, United States): anti-CD45, anti-CD3,
anti-CD19, anti-CD8, and anti-CD4. After 30-min incuba-
tion at 4°C in the dark, cells were washed twice with FBS
buffer and resuspended in fresh FACS buffer for analysis.
Flow cytometry and data analysis were performed using an
Accuri C6 flow cytometer (BD Biosciences).

2.4. RNA Preparation and RNA-Seq. TRIzol Reagent (Cat.
No. 15596026; Invitrogen, United States) was employed to
isolate total RNA following the manufacturer's protocol.
RNA quality was evaluated via RNA integrity number
(RIN) and RNA quality number (RQN) determination using
an Agilent 2100 Bioanalyzer. All samples met the predefined
quantity and quality criteria, with total RNA amounts
≥ 250 ng and RIN/RQN values ≥ 7.

Library preparation for transcriptome sequencing was
conducted as follows: mRNA was purified from total RNA
using Poly-T oligo-conjugated magnetic beads. After RNA

fragmentation, first-strand cDNA was synthesized with ran-
dom hexamer primers, followed by second-strand cDNA
synthesis. The library was constructed subsequent to end
repair, A-tailing, adapter ligation, size selection, amplifica-
tion, and purification.

Following library quality control, clustering and sequenc-
ing were performed. Specifically, different libraries were
pooled according to their effective concentrations and targeted
data volumes. The 5′-end of each library was phosphorylated
and cyclized, followed by loop amplification to generate DNA
nanoballs (DNBs). These DNBs were finally loaded onto a
flow cell for sequencing on the DNBSEQ-T7 platform.

Sequencing was conducted at BGI. Nonstranded mRNA
was selected via Poly-A enrichment (for DNBSEQ library
construction), followed by paired-end 150 bp sequencing
on the MGISEQ-T7 platform, achieving a sequencing depth
of ≥ 80 million reads per sample.

2.5. Gene Expression Analysis. We used the fastp (v0.20.0)
software package [22] to filter out low-quality bases from
the raw sequencing reads and to trim adapter sequences
introduced during library preparation. Filtered reads were
then aligned to the human reference genome GRCh38
(Ensembl database Version GRCh38 release 98 gene annota-
tion) using STAR (v2.7.3a) software [23], producing BAM
files of the alignment results. The expression levels of the
genes were quantified using StringTie (v2.0.4) [24] in counts
and transcripts per million (TPM). Differentially expressed
genes were analyzed using the R package DESeq2 [25] (fil-
tered with q − value ≤ 0 01 and fold change ≥ 2). Abnormally
expressed genes were analyzed in each sample using the R
package OUTRIDER [26]. To assess gene expression across
all samples, we first filtered our gene list to include only
protein-coding genes. Expressed protein-coding genes were
then identified using a cut-off of mean TPM > 1 and mean
coverage > 10×.

2.6. OMIM Gene Expression in PBMCs and PHACs. The
clinical diagnosis of Mendelian disorders typically relies on
a recognizable pattern of phenotypic features associated with
pathogenic variants in single genes [13]. Therefore, clini-
cians and laboratory directors must understand pheno-
type–gene information during testing. To compare RNA-
seq-captured phenotype-associated gene profiles between
PBMCs and PHACs, we set an expressed gene threshold of
median TPM > 1 and median coverage > 10 × across exonic
regions to filter expressed protein-coding genes. A curated
list of Mendelian genes across nine disease categories (down-
loaded from publicly available disease-specific panels; see
Table S4; (Figure 1A, B) was annotated, and the
proportion of genes that meet the analysis thresholds was
compared between two sample types (PBMCs and PHACs)
within these nine disease-associated gene sets.

2.7. Conventional Outlier Analysis in Expression, Splicing,
and AEI. Previous large-sample studies provided a logical
framework for the clinical analysis of RNA-seq data [10].
Based on genomic structure and transcriptome data, mRNA
abnormalities are usually detected in three main areas:
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Figure 1: Continued.

4 Human Mutation



aberrant expression, aberrant splicing, and AEI. Under the
classical sequencing analysis scheme, abnormal expression
was identified through bioinformatics analysis of OMIM gene
outliers compared to other samples in the cohort, resulting in
fewer than five expression outliers in most cases (Figure 2b).
Splicing analysis reported a median of 10 genes per sample
with novel or outlier junctions after cross-referencing with
OMIM genes (Figure 2c). AEI analysis was limited to hetero-
zygous sites of highly suspected genes, with no positive find-
ings in our cohort. A manual review and evaluation of
retained genes and loci was conducted, focusing on genes clas-
sified as VUS in WES and phenotype-related genes from the
Human Phenotype Ontology (HPO) (Table S2).

Coverage information of splice junctions was extracted
from aligned BAM files. We normalized the uniquely
mapped reads at splice junctions to correct for comparability
in gene expression and library size. Normalization was based
on the highest shared known annotated splice junctions, and
local normalization was applied to the supporting reads of
each sample. For example, a novel exon–exon junction span-
ning two canonical exon–intron junctions was normalized
based on the maximum read count supporting these canon-
ical junctions [8]. This local normalization filtered out low-
level mapping noise and accounted for random variations
in gene expression and library size across samples. Aberrant
splicing events were identified by filtering based on normal-
ized values, supporting read counts, and other criteria, spe-
cifically the following: (a) Aberrant splicing junctions
contain at least one known annotated exon–exon junction,
indicating splicing into an existing transcript. (b) The sup-
porting reads for aberrant splicing are ≥ 5. (c) The normal-

ized value is ≥ 0.05. (d) The aberrant splicing event's
normalized value is maximal within the sample and is at
least twice that of the second-highest sample. The filtered
aberrant splicing fragments were manually inspected in
IGV software to confirm the splicing pattern, and sashimi
plots were generated using the R package ggSashimi.

2.8. TID Analysis. Using genome alignment BAM files and
gene annotation GTF described in Gene Expression Analy-
sis, the alternative splicing events involving all annotated
transcripts were analyzed using rMATS (https://rnaseq-
mats.sourceforge.io/). Significantly differential events
between case and control samples were identified with the
criteria of IncLevelDifference ≥ 0 15 and FDR ≤ 0 05. The
scope of the analysis was then narrowed down to candidate
genes with strong genotype–phenotype correlations, and sig-
nificant differential events associated with the major tran-
scripts in these candidate genes were further selected.
Subsequently, values corresponding to these transcripts were
extracted. The TID value, ratio of the isoform to the repre-
sentative transcript, was calculated based on the TPM of
transcripts corresponding to differential events. Finally,
transcripts with TID outliers were verified by RT-PCR and
Sanger sequencing using transcript-specific primers.

2.9. Read Realignment Against the MANE-Selected Reference
Transcriptome. To address potential issues where mapping
sequencing reads directly to the genome may be affected
by splice sites between exons, reads were mapped to MANE
transcripts using BWA (v0.7.17). Picard (v1.119) was then
used for MarkDuplicates, and GATK (v3.8.1)

VUS: 7 (13%)

Unsolved/no–candidate: 38 (69%)

Suspected–gene/variant–
negative: 10 (18%)

Metabolic disorders
Hereditary cancer syndrome
Hemopathy

Neuropathy
Other
Musculoskeletal
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(c)

Figure 1: Comparison of RNA information acquisition between PHACs and PBMCs and across disease types. (a) Number of OMIM genes
detected in PBMCs and PHACs. The cutoff for detection was set at a median TPM > 1 and median coverage > 10×. (b) Comparison of the
proportion of detectable disease catalog genes in PBMCs and PHACs (p value ≤ 0.05, t-test). (c) Distribution of disease types and clinical
stratification in the cohort.
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Figure 2: Enhanced RNA-seq testing for preconception genetic counseling. (a) Flow diagram of the stepwise enhanced blood sample–based
RNA-seq testing process in a preconception genetic counseling setting. The red-dashed box highlights the optimized steps in the process; ∗
PR-Lym: pharmacologically recultured lymphocytes. (b) Aberrant splicing events in PHACs samples. The chart illustrates the number of
candidate genes at each filtration step across all samples. (c) Number of aberrantly expressed genes per sample across successive filtering
stages in the dataset.
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HaplotypeCaller was utilized to call indels. To minimize
false positives, case and control samples were processed in
parallel, and only indel events uniquely observed in case
samples but absent in controls were retained. Finally, the
sequences of these specific indels were mapped back to the
reference genome, thereby further ensuring the elimination
of naturally occurring isoforms. Candidate indels identified
through this pipeline were retained for subsequent
validation.

2.10. Confirmation of Positive Aberrant Events. To confirm
aberrant splicing events detected by RNA-seq, PCR was per-
formed with cDNA samples using specific primers
(Table S5). The PCR products were subjected to agarose
gel electrophoresis and Sanger sequencing to determine
changes in pre-mRNA splicing. DNA sequences were
retrospectively verified in WES/WGS data and by Sanger
sequencing of the genomic regions containing suspected
variants.

The authors confirm that no artificial intelligence–gener-
ated content (AIGC) tools—including ChatGPT and other
tools based on large language models (LLMs)—were used
in the development of any portion of this manuscript.

3. Results

3.1. PHACs Demonstrate Transcriptomic Fidelity and
Clinical Utility for RNA-Seq Applications. The activation of
T cells with PHA, a routine method for karyotype testing
in genetic laboratories [27], provides a practical and efficient
solution. This approach requires only a minimal blood vol-
ume to culture rapidly proliferating T cells, thereby reducing
sample turnaround-time constraints. Furthermore, the 3–5-
day cultivation period allows controlled modulation of gene
expression, potentially providing supportive evidence for
pathogenic variant annotation. Consequently, the clinical
adoption of PHACs in genetic counseling workflows is
promising. However, their suitability for RNA-seq requires
systematic evaluation. To address this, we performed com-
parative RNA-seq analyses of PHACs and PBMCs. Flow
cytometry of CD45+ lymphocytes revealed that PHACs
exhibited a marked reduction in CD19+ B cells (1.2% vs.
9.0%) and a striking enrichment of CD3+ T lymphocytes
(77.0% vs. 32.0%), predominantly driven by elevated CD8+

T cell subsets (Figure S1A). Principal component analysis
(PCA) of transcriptomes demonstrated enhanced
homogeneity in PHACs, with tighter clustering in principal
component space compared with PBMCs (Figure S1B).
Notably, this consistency persisted regardless of collection
protocol (on-site vs. mailed), underscoring PHACs'
robustness to preanalytical variability.

Comparative quality assessment demonstrated that,
while both sample types yielded comparable metrics, PHACs
exhibited superior performance in key RNA quality param-
eters, including RNA integrity (RIN/RQN: 9 8 ± 0 4 vs. 9 0
± 1 3; p < 0 0001) and mapping rates (98 6% ± 0 4% vs.
98 4% ± 0 3%; p = 0 0088) (Figure S1C, Table S3).
Transcriptome profiling identified 13,156 expressed genes
(median TPM ≥ 1), of which 90% (11,909 genes) showed

concordant expression between PBMCs and PHACs,
whereas 1247 and 535 genes exhibited group-specific
expression patterns (Figure S1D). Analysis of overlapping
genes revealed highly consistent expression profiles, with
80% demonstrating > 70% exonic coverage in splicing–
junction analyses (Figure S1D). Notably, PHACs displayed
significantly lower intersample expression variability
(Figure S1E).

In clinical applications, both methods detected similar
numbers and expression levels of OMIM-classified genes
(TPM > 1; Figure 1a). However, PHACs showed superior
performance in detecting disease-associated genes from
three major categories (p < 0 01; Figure 1b, Table S4):
hereditary cancers (69.6% vs. 57.6%), musculoskeletal
disorders (54.9% vs. 50.7%), and metabolic diseases (64.6%
vs. 61.6%).

Differential gene expression (DGE) analysis revealed
PHAC-specific upregulation of critical pathways, including
cell cycle regulation, DNA replication, and cellular metabo-
lism (Figure S2A,B). These pathways contained 73.6% (82/
111) of clinically actionable genes from the ACMG
secondary findings list [28] (Figure S2C), particularly those
associated with hereditary tumor syndromes (e.g., MLH1,
BRCA1, BRCA2, and MSH2) [29] and cardiovascular
disorders. The enhanced detection of these clinically
relevant genes, which frequently harbor pathogenic
germline variants in the general population [30, 31],
highlights the diagnostic utility of PHACs.

3.2. Undiagnostic Families in Preconception Genetic
Counseling for Rare Diseases. In our cohort of undiagnosed
cases undergoing WES/WGS, we implemented a three-tier
classification based on the anticipated yield differences
(Figure 1c, Table S2): (1) VUS group: families in whom
one or more VUSs were identified through DNA-based
testing (n = 7); (2) suspected-gene/variant-negative: cases
where a particular gene is strongly suspected (or one
pathogenic allele is known), but an expected second
variant was not found by DNA sequencing (n = 10); and
(3) unsolved/no-candidate: the largest subset (n = 38), truly
open-ended cases with no genetic leads. These three family
groups encompassed a spectrum of diverse disorders, with
neurodevelopmental disorders representing the most
prevalent category (22/55, 40%), predominantly within the
noncandidate variant scenario (Figure 1c).

3.3. A Three-Tiered Analytical Framework Incorporating
TID, MANE Reference Realignment, and Pharmacological
Stimulation. We established an enhanced RNA-seq analysis
pipeline with sequential analytical steps (Figure 2a).

Initial transcriptome profiling followed conventional
RNA-seq processing, where aberrant expression patterns
were identified by detecting OMIM gene outliers relative to
cohort expression distributions (Figure 2b). This analysis
revealed fewer than five expression outliers per sample in
the majority of cases. Splicing variant analysis detected a
median of 10.3 genes per sample containing novel or outlier
splice junctions after OMIM gene filtering (Figure 2c). For
allele-specific expression (AEI) analysis, we specifically
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examined heterozygous sites in high-probability candidate
genes, although no pathogenic variants were identified in
our cohort. Five families (Cases 11, 21, 46, 48, and 54)
yielded definitive molecular diagnoses, representing a 9%
diagnostic rate (Table S2).

To improve diagnostic yield in the remaining 50 unre-
solved cases, we developed a three-tiered analytical augmen-
tation strategy (Figure 2a):

1. TID analysis: Standard splicing detection methods
typically identify only novel isoforms absent from ref-
erence databases as outliers (Figure 2c). However,
pathogenic variants may instead cause shifts between
existing isoforms—particularly when mutant alleles
produce transcripts overlapping reference isoforms
via mechanisms like exon skipping. TID quantifies
expression ratios between all annotated transcript iso-
forms relative to the representative transcript
(MANE-selected), enabling statistical identification
of pathological isoform redistribution patterns in
two additional families not captured by conventional
outlier detection.

2. MANE-selected transcriptome realignment: To
improve variant calling accuracy, we implemented
secondary alignment using the MANE-selected tran-
scriptome as a reference. This approach circumvents
alignment artifacts common in whole-genome map-
ping, particularly for small indels in target genes, by
providing continuous coding sequence coordinates
without artifactual intron-spanning alignments.
Through this step, two positive cases were identified
among the remaining 48 negative cases.

3. Pharmacological induction–based cryptic splicing
detection: Aberrant isoforms may escape detection
due to NMD or the intrinsically low expression under
normal conditions. Cryopreserved cells from RNA-
seq negative cases with phenotypes strongly implicat-
ing specific genes (VUS and suspected-gene/variant-
negative groups) were subjected to pharmacological
perturbation (e.g., NMD inhibition with CHX or
pathway-specific agonists) to unmask cryptic splicing
defects.

3.4. TID Unmasked Aberrant Splicing Events in Two
Families. In Family 20 (Figure 3a), WES identified a hetero-
zygous VUS (c.2019G>A, p.Leu673=) in PKD2, located at
the last base of Exon 9. Although this variant is synonymous,
SpliceAI predicted a potential impact on splicing, specifically
a donor loss ([DL]: 0.83). However, routine RNA-seq analy-
sis did not detect any outliers. Through TID analysis, we
observed an abnormally high expression ratio between the
NR_156488.2 and NM_000297.4 transcripts of the PKD2
gene in the proband and his sister (Table S6, Figure 3b).
The NR_156488.2 transcript differs from NM_000297.4
only by the absence of an alternative internal Exon 9
(Figure 3d). Visualization in IGV revealed a significant
reduction in read counts for Exon 9 in the proband and
his sister compared with controls, while other exons

remained unaffected (Figure 3c). We speculate that the
c.2019G>A variant induces skipping of Exon 9 in the
NM_000297.4 transcript, resulting in a spliced sequence
overlapping with NR_156488.2. Notably, NR_156488.2 is
classified by NCBI Gene as a noncoding transcript. The
elevated NR_156488.2/NM_000297.4 ratio suggests an
increased proportion of the noncoding transcript and a
corresponding decrease in the functional transcript, despite
no apparent change in the total PKD2 expression (TPM).
This alteration is consistent with the dosage-sensitive
pathogenic mechanism of PKD2.

In Family 47 (Figure 3e), WES identified compound het-
erozygous variants in the CLN6 gene in the proband: a
maternally inherited likely pathogenic (LP) variant,
c.826T>G (p.Trp276Gly), and a paternally inherited VUS,
c.297+3A>G. SpliceAI predicted that the c.297+3A>G var-
iant would have no significant impact on splicing
(score < 0 2), and routine RNA-seq analysis did not detect
any outliers. Further investigation using TID analysis
revealed an abnormally high expression ratio between the
ENST00000637667 transcript (no NM reference recorded)
and the canonical transcript ENST00000249806 (NM_
017882.3) of the CLN6 gene in both the proband and his
father (Table S6, Figure 3f). Compared with ENST0000
0249806, transcript ENST00000637667 lacks Exon 3 and
81 base pairs at the 3′-end of Exon 7 (Figure 3h).
Visualization in IGV confirmed a slight reduction in the
signal for Exon 3 of the CLN6 gene in the proband and his
father (Figure 3g). We designed primers spanning Exon 2
and the terminal sequence of Exon 7 to specifically amplify
the ENST00000249806 transcript. Using RT-PCR and
Sanger sequencing, we confirmed Exon 3 skipping in the
ENST00000249806 transcript. We hypothesize that the
c.297+3A>G variant induces Exon 3 skipping in the major
transcript (Figure 3i). This Exon 3 skipping is predicted to
result in a 33-amino acid deletion in the CLN6 protein,
disrupting its transmembrane domain. According to
ACMG guidelines, this finding provides PS3-level evidence,
thereby upgrading the c.297+3A>G variant from a VUS to
LP.

3.5. Two Hidden Aberrant Splicing Events Uncovered
Through MANE-Selected Transcriptome Realignment. In
Family 17 (Figure 4a), WES trio analysis identified a de novo
heterozygous VUS in KAT6A (NM_006766.5: c.2436
+5G>C) in the proband (II-1), a female presenting with
hemiplegia, intellectual disability, and dental anomalies. In
silico prediction using SpliceAI indicated significant splicing
disruption (DL score = 0 78). However, conventional
genome-aligned RNA-seq analysis and IGV visualization
failed to detect any aberrant splicing (Figure 4b). MANE
transcriptome realignment revealed a previously undetected
21 bp in-frame deletion (r.2416_2436del21) (Figure 4c), sub-
sequently confirmed by RT-PCR and Sanger sequencing.
This finding provides PM4 evidence supporting pathogenic-
ity, although the variant remains classified as a VUS under
current ACMG guidelines.

In Family 55, WES trio analysis identified a de novo syn-
onymous variant in GATAD2B (NM_020699.4: c.288C>T,
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p.Gly96=) in a proband presenting with global developmen-
tal delay. Located 48 bp upstream of the 3′-end of Exon 2,
SpliceAI predicted this variant would strongly disrupt splic-
ing (acceptor gain = 0 98; DL = 0 71). Initial genome-aligned
analysis and IGV inspection showed no abnormalities
(Figure 4e). MANE transcriptome realignment uncovered a

49 bp deletion (r.287_335del49), predicted to cause a frame-
shift (p.Gly96Valfs∗8) (Figure 4f). We propose that this var-
iant activates a cryptic splice acceptor site (c.285_286AG)
within Exon 2, leading to the excision of downstream
sequences. This molecular mechanism explains the pre-
dicted protein truncation.
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Figure 3: TID unmasked aberrant splicing events in two families. (a) Pedigree of Family 20 showing the clustering of patients with
polycystic kidney disease and polycystic liver disease. (b) Expression levels of NR156488.2/NM_000297.4 in each sample. The red dot
represents the proband and her cousin (affected) in Family 20, while the others denote unaffected individuals. (c) Sashimi plot of the
splice junction in the PKD2 gene in Family 20, showing that no aberrant junctions were detected. RNA coverage is indicated as depth,
and the number of split reads spanning the respective intron is shown on the lines connecting the exons. The gene model of the RefSeq
annotation and the aberrantly spliced exons are shown below. (d) Schematic representation of PKD2 transcripts NR156488.2 and NM_
000297.4, with arrows indicating the differences in Exon 9. (e) Pedigree of Family 47. (f) Expression levels of ENST00000637667/
ENST00000249806 in each sample. The red dot represents the proband and his father in Family 47. (g) Sashimi plot of the splice
junction in the CLN6 gene in Family 47, showing no aberrant junctions. (h) Schematic representation of CLN6 transcripts ENST0000
0637667 and ENST00000249806, with arrows indicating the differences in Exon 3 and Exon 9. (i) RT-PCR and Sanger sequencing
confirmed the decreased representation of transcript ENST00000249806, corresponding to longer PCR products containing Exon 3, in
the proband and his father.

10 Human Mutation



1

1 2

2
I

II

Autism spectrum
Hemiplegia
hypophrenia
sparse teeth

(a)

200

II
-1

C
on

tro
l-1

C
on

tro
l-2

KAT6A

150
100

50
0

150
100

50
0

0
100
200

41940900

Exon 15 Exon 14 Exon 13

41941200 41941924 41942988 41943933

(b)

II-1

II-1

Control

Control

Exon 15Exon 14

(c)

1

1

2
I

II

GAND syndrome

(d)

II
-1

I-
1

C
on

tro
l

GATAD2B

150
100

50
0

150

120
80
40

0

100
50

0

Exon 4 Exon 3 Exon 2

153819471 153822000 153826499 153828212

(e)

II-1

II-1

II-1

Control

Control

Control

Exon 3Exon 2

(f)

Figure 4: Two hidden aberrant splicing events revealed by MANE-selected transcriptome realignment. (a) Pedigree of Family 17. (b)
Sashimi plot of the splice junction in the KAT6A gene in Family 17, showing no aberrant junctions when aligned to the genome. (c)
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transcript of the GATAD2B gene (NM_020699.4) from the Ensembl and RefSeq databases with the MANE annotation in Family 55,
showing a 49-bp deletion.
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These findings underscore the utility of MANE reference
alignment in uncovering cryptic splicing events—particu-
larly small insertions or deletions at exon boundaries that
may be missed during genome-based alignment—and refin-
ing variant interpretation in complex genetic disorders.

3.6. Pharmacological Induction–Based Cryptic Splicing
Detection for Family 1 and Family 15. NMD represents a
critical biological mechanism that must be rigorously
accounted for in mRNA analysis, particularly in the context
of disease-associated transcriptomic profiling [32, 33]. NMD
may degrade aberrantly spliced transcripts, leading to false
negatives. CHX can indirectly block NMD activity by inhi-
biting translation, thereby enabling aberrant transcripts
originally cleared by the NMD pathway to be retained and
detected. In our cohort, a pediatric patient (Family 15) exhi-
biting clinical manifestations consistent with Krabbe disease
underwent a comprehensive genetic evaluation (Figure 5a).
Initial WES trio identified a maternally inherited pathogenic
variant, c.489G>A (p.Trp163∗), within the GALC gene
(NM_000153.3), while the second variant remained unde-
tected. However, subsequent mRNA analysis employing
the aforementioned workflow failed to yield conclusive find-
ings. To address this, we resuscitated cryopreserved patient-
derived PHACs and implemented CHX treatment to phar-
macologically inhibit NMD activity [34, 35]. This interven-
tion enabled the detection of a previously obscured 37 bp
insertion between Exons 13 and 14 of the GALC gene
(r.1489_1490ins[1490-453_1490-489]) (Figure 5b,c). Geno-
mic validation through targeted amplification of Intron 13
sequences revealed a deep intronic variant, c.1490-
452A>G (Figure 5d). Computational analysis using Spli-
ceAI predicted significant splicing disruption (AG: 0.66;
DG: 0.53), with the variant creating a novel splice donor site
adjacent to a pseudoexon. This prediction is consistent with
the observed RNA changes. This pseudoexon insertion
causes a predicted protein truncation (p.Tyr498Aspfs∗5).

PHACs allow 3–5 days of cultivation, offering a window
to modulate gene expression and uncover evidence support-
ing pathogenic variant annotation. Fanconi anemia (FA)—a
recessive disorder caused by defective DNA interstrand
crosslink repair—results in chromosomal instability [36].
In Family 1, FA-diagnosed twins died before their parents'
hospital visit. The younger male sibling (III-4, Figure 5e)
presented with ambiguous clinical features, including multi-
ple café-au-lait spots, strabismus, and a unilateral inguinal
hernia. Notably, his growth parameters and hematologic
indices were normal, and chromosomal breakage tests
showed no significant differences versus controls. WES trio
detected only a maternal heterozygous FANCA pathogenic
variant, c.367C>T (p.Gln123Ter) in the third child. RNA-
seq revealed an aberrant pseudoexon between Exons 30
and 31 (r.2981_2982ins2982-197_2982-281) in FANCA in
both the child and father (Figure 5f,g). This pseudoexon
insertion causes a predicted protein truncation
(p.Arg997Cysfs∗21), impairing FANCA function. Whole-
Intron 30 sequencing of gDNA identified a heterozygous
c.2982-192A>G variant in both individuals (Figure 5h).
This deep intronic variant, predicted by SpliceAI to disrupt

splicing, activates a cryptic donor site (DG = 0 5). However,
his phenotype did not fully align with FA clinical criteria. To
bridge this genotype–phenotype gap, we revived PHACs
from the child and 12 nonhematological disease controls,
stimulating them with MMC, a DNA crosslinking agent.
DGE analysis between the child and controls in PHAC and
PHAC-MMC samples (Figure 5i) was compared with DGE
profiles from FA pathway–deficient and nondeficient
tumors [37]. MMC-stimulated samples from the child
exhibited a DGE pattern consistent with FA-deficient
tumors, a phenomenon absent in unstimulated samples.
This suggests that, despite the absence of overt chromosomal
breakage, the child's transcriptome exhibits abnormalities
under MMC stress, providing functional validation of the
genetic findings. Based on the combined evidence, the
FANCA variant c.2982-192A>G was classified as LP.

3.7. Diagnostic Performance of the Enhanced RNA-Seq
Pipeline in Three Groups. VUS group: In seven families with
VUSs, RNA-seq detected abnormal mRNA alterations in
five cases (71%). Conventional analysis identified an aber-
rant splicing event in C1QBP in Family 11. Through supple-
mental analyses using TID and MANE-selected
transcriptome realignment, we additionally confirmed
mRNA alterations in Family 20 (PKD2), Family 55
(GATAD2B), Family 17 (KAT6A), and Family 47 (CLN6).
No mRNA abnormalities were detected in Families 18 and
40 after whole-gene RNA-seq assessment, leading to benign
reclassification of SLC26A4 (c.1341+2dupT) and DCAF13
(c.379-7T>A) variants (Figure 6).

Suspected-gene/variant-negative group: Diagnostic yield
reached 40% (4/10 families). Conventional analysis detected
an ERCC8 pathogenic variant, c.276_399del, in Family 21
and an HGSNAT pathogenic variant, c.372_493del, in Fam-
ily 48. Pharmacological induction coupled with RNA-seq
detected a cryptic GALC splicing variant c.1490-452A>G
in Family 15 and supported the pathogenicity of FANCA
variant c.2982-192A>G in Family 1.

Unsolved/no-candidate group: Definitive diagnoses were
achieved in 2/38 families (5.3%). NAA15 deep-intronic dele-
tion (c.1014+1074_1014+1099del26; Family 46) and GLUL
promoter variant (c.-13-2A>G; Family 54) were both iden-
tified through the conventional analysis pipeline.

Among the 11 RNA-seq-positive cases (Table 1), 10 fam-
ilies ultimately received a definitive genetic diagnosis. In
subsequent preconception counseling, eight opted for PGT
for monogenic disorders (PGT-M), one chose prenatal diag-
nosis, and one selected artificial insemination by donor
sperm. In another family with positive RNA alterations,
but whose genetic variant remained classified as a VUS, the
couple opted solely for PGT for aneuploidy (PGT-A) due
to the presence of a de novo variant and advanced maternal
age (Table S2).

4. Discussion

We herein present the first reported rare disease RNA-seq
diagnostic cohort utilizing PHAC specimens. Our findings
establish PHACs as a robust alternative to conventional
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PBMCs for clinical transcriptomic applications, offering
three key advantages: (1) a stable, T-cell-dominant tran-
scriptional profile, (2) comparable gene detection with
improved signal-to-noise ratios, and (3) remarkable resis-

tance to transportation stress. Additionally, variants in
ACMG secondary finding–related genes have attracted
increasing attention in reproductive medicine because of
their high frequency of pathogenic germline variants in the
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Figure 5: Pharmacological induction–based cryptic splicing detection for two families. (a) Pedigree of Family 15. (b) Sashimi plot showing
an aberrant splice junction in the GALC gene detected in PHACs treated with CHX. After CHX induction, a distinct enrichment of aberrant
junctions (arrows) was observed. (c) Sanger sequencing confirmed a 37-bp insertion between Exons 13 and 14 in GALCmRNA from Family
15. (d) Sanger sequencing of gDNA identified the GALC c.1490-452A>G intron variants responsible for the splicing detected in Family 15.
(e) Pedigree of Family 1, which includes a child with clinically ambiguous Fanconi anemia. (f) Sashimi plot showing an aberrant splice
junction in the FANCA gene. An additional jump was observed in the patient and his father (red). The RNA coverage is indicated as
depth; the number of split reads spanning the respective intron is indicated on the connecting lines between the exons. (g) Sanger
sequencing confirmed the 85-bp insertion between Exons 30 and 31 of FANCA mRNA in Family 1. (h) Sanger sequencing of gDNA
localized the FANCA c.2982-192A>G variant responsible for the aberrant transcript in Family 1. (i) DEGs between patient and control
groups under PHAC or PHAC-MMC culture conditions were intersected with the DEGs of tumor cells with normal and defective FA
pathways, and KEGG analysis was performed. The dot plot shows that after adding MMC, the changes in the patient transcriptome were
more similar to those in FA-deficient tumor cells. Fanconi, FA-deficient tumor cells; PHACs, phytohemagglutinin-activated peripheral
blood cells; PHA-MMC, PHACs treated with mitomycin for 16–18 h.
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general population [29–31] and their critical role in risk
stratification and personalized medical management of
asymptomatic individuals [28] (Figure S2C). The

advantage of PHACs in detecting secondary finding genes
provides new possibilities for the future application of
RNA-seq in population screening. Although PHACs
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Figure 6: Diagnostic performance of the enhanced RNA-seq pipeline in three groups. Schematic diagram of RNA-seq detection across three
scenarios, with edge lines highlighting cases in which effective information was obtained.

TABLE 1: Overview of 11 RNA-seq-positive cases.

No.
Clinical

classification
Phenotype

Results of RNA-seq
Aberrant event Gene Effect on mRNA gDNA alteration

1
Suspected-gene/
variant-negative

Fanconi anemia
Splicing outlier,
pharmacological

induction

FANCA
(NM_

000135.4)

r.2981_
2982ins2982-197_

2982-281
c.2982-192A>G

11 VUS Congenital heart disease Splicing outlier
C1QBP (NM_
001212.4)

Exon 4 skipping c.576+2T>A

15
Suspected-gene/
variant-negative

Krabbe disease
Splicing outlier,
pharmacological

induction

GALC (NM_
000153.3)

r.1489_
1490ins1490-453_

1490-489
c.1490-452A>G

17 VUS
Global developmental delay,
ID, appendicular hypotonia

MANE-selected
transcriptome
realignment

KAT6A
(NM_

006766.5)
r.2416_2436del21 c.2436+5G>C

20 VUS
Polycystic kidney, polycystic

liver
TID

PKD2 (NM_
000297.4)

Exon 9 skipping c.2019G>A

21
Suspected-gene/
variant-negative

Cockayne syndrome
Splicing outlier,
expression outlier

ERCC8 (NM_
000082.4)

Exon 4 skipping
c.276_399del (Exon

4del)

46
Unsolved/no-
candidate

Developmental delay and ID
Splicing outlier,
expression outlier

NAA15 (NM_
057175.5)

r.1014_
1015ins[r.1014

+1102_1014+1199]

c.1014+1074_1014
+1099del26

47 VUS Ceroid lipofuscinosis TID
CLN6 (NM_
017882.3)

Exon 3 skipping c.297+3A>G

48
Suspected-gene/
variant-negative

Mental retardation Splicing outlier
HGSNAT
(NM_

152419.3)
Exon 3-4 skipping

c.372_493del (Exon
4del)

54
Unsolved/no-
candidate

Seizures, ID Splicing outlier
GLUL (NM_
001033044.4)

r.-13_13del26 c.-13-2A>G

55 VUS GDD, ID
MANE-selected
transcriptome
realignment

GATAD2B
(NM_

020699.4)
r.287_335del49 c.288C>T(p.Gly96=)
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demonstrate the advantages outlined above, the detection
rates of the two sample types were not directly compared
using paired analyses. As shown in Figure 1a and Table S4,
PHACs and PBMCs exhibit largely overlapping gene
coverage, supporting the use of PHACs as an alternative
material for clinical sample preparation.

However, it must be acknowledged that genes with truly
tissue-specific expression (e.g., brain- or muscle-specific
genes, e.g., DMD [Duchenne muscular dystrophy], NEB
[nemaline myopathy], and L1CAM [hereditary spastic para-
plegia]) will remain undetectable from any blood-based
RNA-seq, suggesting that RNA-seq from PHACs may be
underpowered to detect relevant transcriptional aberrations
in certain genes [8]. In practice, this means that a negative
RNA result in some cases could represent a false negative
simply due to a lack of gene expression. Various methods
have been developed by other groups to induce RNA expres-
sion that is not normally present in blood cells. For example,
a recent report [12] used transdifferentiation of induced
neurons to boost neuron-specific RNA expression. The
majority of families in this cohort carry loss-of-function var-
iants (affecting expression levels, transcripts usage, or splic-
ing), while in a minority of rare diseases, gain-of-
expression/function (GOE/F) mechanisms drive pathology
[38, 39]. In such contexts, the PHAC method can theoreti-
cally still detect overexpression phenotypes. However, when
a causal gene is constitutively expressed at maximal levels or
decoupled from normal regulation, further induction may
not yield measurable differences. Future work should
include known GOE/F cases to benchmark the sensitivity
of PHAC samples in overexpression disease scenarios.

Meanwhile, PHA stimulation can alter the gene expres-
sion profile, with some genes being artificially up- or down-
regulated by PHA (e.g., upregulating cell cycle and DNA
repair pathways) (Table S4, Figure S2). This observation
brings two key considerations for clinical application: (1)
In practice, it is necessary to select more appropriate
samples by combining the disease type and the range of
suspected genes. (2) Given the intrinsic variation in RNA
expression profiles across samples of different ages and
sexes [40, 41], future clinical studies should continue to
accumulate samples to establish sufficiently large control
subgroups stratified by age and sex, thereby more
effectively accounting for artifactual RNA processing
induced by PHA treatment itself.

Through TID analysis, we identified two variants that
escaped detection by conventional RNA-seq analysis. In
Family 47, the pathogenic CLN6 variant triggered complete
Exon 3 skipping but was missed by standard outlier-calling
pipelines because public databases catalog naturally occur-
ring functional isoforms lacking this exon. These database-
registered isoforms differ from the representative transcript
by only minor sequence variations outside Exon 3, leading
to a previously unrecognized false-negative result. This
false-negative result stems from short-read sequencing's
inherent limitations. In Family 20, a PKD2 variant produced
documented nonfunctional transcripts, escaping detection
due to the current pipelines' inability to differentiate func-
tional from noncoding isoforms. This diagnostic gap stems

from incomplete functional annotation of transcript iso-
forms. Thus, developing algorithms based on isoform differ-
ences may be an important avenue for improving the
diagnostic efficiency of RNA-seq. Within this context, our
pioneering TID approach provides a practical and cost-
effective solution to mitigate these false-negative findings.
The TID analysis utilizes available software and can be inte-
grated into existing outlier-detection pipelines. Outliers in
TID have the potential to become a regular component of
RNA-seq analysis, similar to the analysis of gene expression
levels and aberrant splicing, and thus hold promise for wide-
spread application. However, due to the current limited
knowledge regarding the existing transcript isoforms of most
genes, the interpretation of the clinical significance of TID
aberrant events requires functional validation.

The intrinsic discrepancy between the complexity of the
human transcriptome and the linearity of the reference
genome renders RNA-seq read alignment highly susceptible
to missing exon–exon junction anomalies. By implementing
the MANE transcript alignment augmentation strategy, we
successfully identified two splice anomalies. These anomalies
were marked by junction-spanning aberrations arising from
short deletions at exon–intron boundaries. Despite the mod-
est incremental detection rate (two of 48 cases), the low mar-
ginal operational cost of this step, particularly when guided
by candidate gene prioritization, demonstrates its cost-
effectiveness. Hence, we propose integrating MANE-guided
alignment as a high-yield optimization within clinical
RNA-seq pipelines.

PHACs facilitated ex vivo validation by utilizing cryo-
preserved lymphocytes, eliminating the need for patient
recall. In this study, CHX-treated lymphocytes were
employed within an RNA-seq diagnostic cohort, enabling
the successful identification of transcriptomic anomalies in
Family 15. Although NMD is a crucial component of RNA
surveillance, our data indicated that CHX treatment induced
a genome-wide increase in aberrant splicing events
(Figure S3), which exceeded the capacity of manual
analysis. Consequently, we recommend its use only in
cases where pathogenic variants or candidate genes have
been preidentified. Therefore, this step should be limited to
hypothesis-driven investigations and to select cases where a
pathogenic splice event is strongly suspected but not
initially undetected, and the presence of alleles in the target
gene cannot be definitively confirmed (e.g., Family 15).
Indiscriminate pharmacological treatment of all samples is
not recommended.

Moreover, in Family 1, PHAC induction by MMC com-
bined with DGE analysis provided diagnostic evidence. DGE
analysis using peripheral blood has already been integrated
into clinical tumor diagnostics [42]. Our study pioneers the
integration of this methodology into the rare-disease RNA-
seq workflow, expanding the clinical utility of transcriptome
analysis.

Our subgroup classification results indicate variability in
RNA-seq positive detection rates among families stratified
by clinical diagnoses and DNA test results. RNA-seq dem-
onstrated the highest reclassification in the VUS group. In
the suspected-gene/variant-negative group, RNA-seq
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achieved a moderate diagnostic yield. Conversely, in the
unsolved/no-candidate group, characterized by broad or
nonspecific phenotypes and thousands of potential genes
(on average, our patients were associated with 1198 HPO
genes), RNA-seq exhibited the lowest positive detection rate.
Therefore, in clinical practice, accurate phenotypic diagnosis
is essential, and classifying cases into the suspected-gene/
variant-negative category is recommended to maximize the
RNA-seq diagnostic efficacy.

In our rare disease cohort, the diagnostic yield under-
scores the practicality, efficiency, and scalability of this opti-
mized RNA-seq workflow as a comprehensive tool for
complex preconception genetic counseling scenarios. How-
ever, widespread clinical implementation requires further
validation in large-scale studies. Building on clinical labora-
tory experience, this study is aimed at informing RNA-seq
algorithm development and initiating preliminary explor-
atory work in several areas for optimization. We envision
that ongoing interdisciplinary collaboration among clini-
cians, algorithm developers, and clinical laboratory profes-
sionals will further enhance RNA-seq diagnostic efficacy
and clinical utility.

5. Conclusion

We present the first clinical implementation of PHACs as a
biospecimen for RNA-seq, establishing an enhanced RNA-
seq framework by integrating innovative approaches—TID
analysis, MANE-selected transcriptome realignment, and
pharmacological induction–based cryptic splicing detectio-
n—into the conventional RNA-seq analysis pipeline. The
enhanced workflow achieved approximately a twofold
increase in diagnostic yield compared with conventional
whole-blood RNA-seq and effectively supported rare disease
families in making informed decisions regarding subsequent
pregnancies.
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Principal component analysis (PCA) based on gene expression
of PBMC and PHAC samples. Red dots indicate samples
delivered to the laboratory by mail. (C) Comparison of quality
metrics between PHAC and PBMC samples. The p values are
≥0.05 based on a t-test. (D) Comparison of transcription pro-
files between PBMC and PHAC. PHACs (purple); PBMCs
(gray). The left bar shows the number of genes expressed in
PBMCs and PHACs. The violin plot shows the distribution
of gene expression values. The y-axis represents the gene
expression levels on a log2 scale, while the x-axis represents
the different sample groups, with the medians and inter-
quartile ranges indicated in the graph. The bar chart shows
the number of genes stratified by expression level, and the
density plot represents the proportion of annotated junctions
covered per gene. (E) Comparison of intersample expression
variability between PBMCs and PHACs.

Supporting Information 2. Figure S2: Comparative analysis
of differential gene expression and pathway enrichment
between PBMCs and PHACs. (A) Volcano plot comparing
significantly (p value <0.05) upregulated
(log2 fold change ≥ 1, red) or downregulated (fold change ≤ 1,
blue) genes between PBMCs and PHACs. (B) Kyoto
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Encyclopedia of Genes and Genomes (KEGG) analysis for
PBMCs and PHACs, highlighting key pathways involved.
(C) Analysis of secondary finding (SF) genes demonstrating
enhanced analytical capability in PHACs. The TPM (tran-
scripts per million) values for common SFs are presented for
PBMCs (gray) and PHACs (purple).

Supporting Information 3. Figure S3: Comparison of aber-
rant splicing events before and after CHX treatment in
PHACs.

Supporting Information 4. Table S1: All subjects and samples
in the study. Table S2: Overview of all families. Table S3:
Quality metrics for samples in the study. Table S4: List of
genes available for transcriptome sequencing (TPM > 1)
and analysis across nine systems for PBMCs and PHACs.
Table S5: Primers used for RT-PCR and Sanger sequencing.
Table S6: List of TID events for Families 20 and 47.
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