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LETTER TO TH E JOURNAL

Cell-free transcriptomic profiles and mechanism insights in
female androgenetic alopecia

Dear Editor,
Our study presents a novel predictive machine learning

model that demonstrates the potential of plasma cell-
free RNA (cfRNA) for diagnosing and prognosing female
androgenetic alopecia (FAGA). We identified cell-free
DNAJB9 as significantly associated with FAGA through
bioinformatic analysis and machine learning followed by
RT-qPCR validation (Figure 1A).
FAGAmanifests heterogeneously,1 often as diffuse thin-

ning of the crown and frontal scalp.2 It’s pathogenesis
critically involves androgen-hair follicle interactions and
WNT and JAK-STAT signalling.3 The cfRNA in bodily flu-
ids have shown diagnostic/prognostic potential for various
diseases.4 Machine learning is increasingly used to analyse
complex cfRNA data.5 However, the potential association
between cfRNA and FAGA remains unclear.
In this study, we performed high-throughput RNA

sequencing and systematic analysis on plasma samples
from 65 FAGApatients and 41 controls (Table S1). The sam-
ple inclusion criteria for the FAGA group included sparse
hair with gradually shrinking hair follicles (Figure 1B).
Exclusion criteria encompassed individuals with congen-
ital sparse hair or other dermatological conditions, as well
as those using hair growth medications, antiseptic sham-
poos, or hair care products. Control participants had no
personal or familial history of patterned hair loss, no clin-
ical evidence of hair loss, and no other hair disorders. The
severity of androgenetic alopecia was quantified and clas-
sified using the FAGA-Index, where higher values indicate
more severe loss (Figure 1B and Table S1), as shown below:

𝐼𝐹𝐴𝐺𝐴 =
𝑤

𝐶
× 100%,

where 𝑤 indicates hair seam width and 𝐶 indicates head
circumference.
For subsequent analyses comparing disease severity, we

focused on the ‘upper’ group as patients in the top 25%
of the FAGA-Index (scores > 5.53) and the ‘lower’ group
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as those in the bottom 25% (scores < 1.92). Blood test
results (Figure S1 and Table S2) showed no significant
differences in various haematological and biochemical
indicators between the FAGA and control groups. How-
ever, testosterone exhibited a significantly lower level in
the ‘upper’ group (Figure S5), supporting that the FAGA-
Index effectively enhances the stratification of patients by
severity and may facilitate identification of other poten-
tial biomarkers in FAGA progression. Greater variation
in principal component analysis (PCA) of cfRNA expres-
sion profiles between upper and lower FAGA subgroups,
compared to that between FAGA and control groups, also
suggested increased heterogeneity or molecular diversity
within FAGA subtypes (Figure 1C and D).
The RNA biotypes were categorised based on Ensembl

classifications with minor adjustments (Figure 1E). Anal-
ysis of differentially expressed genes (DEGs) showed that
CYTB, RNY1, and TMSB4X were notably upregulated in
FAGA patients, whilst EEF1A1 was significantly downreg-
ulated (Figure 2A; Table S5). Furthermore, genes including
ND2,ATP6, ND6, and PARLP1 exhibited significant expres-
sion changes across varying disease severities (Table S7),
suggesting their potential association with FAGA progres-
sion (Figure 2B). Functional enrichment analysis of these
DEGs implicated pathways related to sensory perception,
nuclear division, chromosome segregation, and mitosis in
FAGA (Figure 2C and D; Tables S6 and S8). Pathway activ-
ity analysis reinforced the potential importance of JAK-
STAT and WNTs pathways in FAGA (Figure 3A–C; Tables
S17–S19). A comparison of transcription factor (TF) activi-
ties between FAGA patients and controls (Figure 3D; Table
S9) revealed significantly increased activity of NCOA3 and
MAX. However, no significant differences in TF activities
were observed betweenupper- and lower-FAGAsubgroups
(Table S10). Crucially, we observed a significant negative
correlation between cell-free DNAJB9 expression and the
FAGA-Index, suggesting that lowDNAJB9 expression may
be associated with increased FAGA severity (Table S11).
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F IGURE 1 Study overview and sample characteristics. (A) Workflow illustrating blood collection, plasma separation, cfRNA extraction,
cDNA library construction, sequencing, and bioinformatics analysis, culminating in the development of a machine learning classification
model for FAGA-associated gene identification. (B) Representative scalp images of FAGA patients, illustrating varying severity levels across
lower (index = 1.82), middle (index = 3.77), and upper (index = 7.84) FAGA index quantiles. (C) PCA comparing cfRNA expression profiles
between FAGA patients (n = 65) and non-FAGA controls (n = 41). (D) PCA comparing cfRNA expression profiles between patients in the
upper (n = 16) and lower FAGA (n = 18) index quartiles. (E) Distribution of RNA types in cfRNA samples from FAGA patients (n = 65) and
non-FAGA controls (n = 41). Abbreviations: AGA = androgenetic alopecia; PCA = principal component analysis. According to Ensembl
Biotypes, RNA biotypes were categorised: IG gene (Immunoglobulin gene); mt-gene (comprising mt-rRNA and mt-tRNA); TR gene (T-cell
receptor gene); ncRNA (including miRNA and miscRNA); rRNA (ribosomal RNA); lncRNA (long noncoding RNA); and other RNA. The
‘other RNA’ category consists of TEC, ribozyme, sRNA, scRNA, scaRNA, snRNA, snoRNA, vault_RNA, and artefact sequences.

Protein–protein interaction network (PPI) analysis fur-
ther revealed that in FAGA versus controls, upregulated
genes drive endocrine compensation and mitochondrial
stress responses, while downregulated genes suppress
growth signalling (MET/mTORC1) and RNA metabolism
(Figure S2). Comparing upper- versus lower-FAGA, there

is increased mitochondrial/endocrine activity alongside
impaired translation and calcium homeostasis (Figure S3).
These results indicate worsening pathway dysregulation
with FAGA progression (Tables S12–S15).
Subsequently, we developed a predictive model for

FAGA using machine learning, employing the GeneLLM
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downstream classification framework,6 a state-of-the-art
method for cfRNA classification. After initial feature
extraction, deep feature mining was conducted to uncover
latent patterns within gene expression profiles indicative
of FAGA. The cfRNA RPKM matrix was partitioned into
training (40%), validation (40%), and testing (40%) sets
(Figure 4A). The large, completely held-out test set offers
a rigorous internal validation of the model’s performance

on unseen data from the same population. To ensure
robustness, hyperparameter optimisation was conducted
using 10-fold cross-validation. Themodel achieved anArea
Under the Curve (AUC) of .707 for distinguishing FAGA
patients from controls (Figure 4B) and .714 for separat-
ing high versus low FAGA-Index scores (Figure 4C). It
identified several genes associated with FAGA, including
VGLL3, CYP1A1, antisense to PDE7B, and notablyDNAJB9

F IGURE 2 Study workflow and differential expression analysis. (A, B) Volcano plots illustrate the differential expression genes between
FAGA (n = 65) and non-FAGA control (n = 41) groups (A) and between upper (n = 16) and lower FAGA (n = 18) quantiles (B). (C, D) Gene set
enrichment analysis dot plots illustrate the significantly enriched GOBP terms between FAGA (n = 65) and non-FAGA control (n = 41) groups
(C) and between upper (n = 16) and lower FAGA (n = 18) index quantiles (D). Abbreviations: AGA = androgenetic alopecia; FAGA = female
androgenetic alopecia.

F IGURE 3 Pathway and transcription factor activity profiling and correlation analysis in FAGA. (A) Pathway activity profiles comparing
FAGA patients (n = 65) and non-FAGA controls (n = 41). (B) Pathway activity profiles comparing patients in the upper (n = 16) and lower
FAGA index (n = 18) quartiles. (C) Heatmap summary of pathway activity changes. (D) Transcription factor activity profiles comparing FAGA
patients (n = 65) and non-FAGA controls (n = 41). Transcription factors with adjusted p-values below .05 are highlighted. (E) Correlation
between FAGA index and cell-free DNAJB9 expression (n = 65). Abbreviations: AGA = androgenetic alopecia; FAGA = female androgenetic
alopecia.
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F IGURE 4 Machine learning model for distinguishing FAGA patients and controls. (A) Model training workflow, including data
vectorisation, splitting into training, validation, and testing sets, hyperparameter optimisation with 10-fold cross-validation, and performance
evaluation. (B, C) ROC curve showing model performance in distinguishing FAGA patients (n = 65) from non-FAGA controls (B) (n = 41) and
between high (n = 16) and low FAGA index (n = 18) groups (C). (D) RNA targets identified by the model for distinguishing FAGA patients
(n = 65) from non-FAGA controls (n = 41). (E) RNA targets identified by the model for differentiating between high (n = 16) and low (n = 18)
FAGA index groups. Abbreviations: AGA = androgenetic alopecia; FAGA = female androgenetic alopecia; ROC = receiver operating
characteristic; RPKM = reads per kilobase per million mapped reads.
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(Figure 4D). Features correlated with FAGA severity, such
as the long non-coding RNAARL14EP-DT and pseudogene
TJAP1P1, were also highlighted (Figure 4E).
We performed correlation analysis between the expres-

sion levels of the six candidate biomarkers and various
blood parameters (Figure S6; Table S20). Nevertheless,
the correlation coefficient indicated only weak to moder-
ate associations, implying that more validation is needed
between biochemical and molecular diagnosis. Further
RT-qPCR validation in both internal and external cohorts
confirmed that cell-free VGLL3, antisense to PDE7B,
and DNAJB9 were significantly downregulated in the
FAGA patients, while lncRNA ARL14EP-DT and pseu-
dogene TJAP1P1 were significantly downregulated in the
upper FAGA subgroup (Figure S4). Notably, DNAJB9 is
a DNAJ/HSP40 heat shock protein essential for cellular
stress responses.7 HSP40 family proteins are implicated
in regulating androgen receptor (AR) activity, often main-
tainingAR in an inactive state.8,9 ReducedDNAJB9 expres-
sion may potentially disrupt AR signalling in hair follicles,
especially under stress.
In summary, as the first investigation integrating cfRNA

bioinformatic analysis with machine learning, this study
establishes a crucial proof-of-concept for the utility of
cfRNA in FAGAdiagnosis and prognosis, addressing a crit-
ical gap in the field and providing a solid foundation for
future work. Our exploratory model, whilst moderate in
its predictive power, proved effective in highlighting cell-
free DNAJB9 as a FAGA biomarker and a candidate for
therapeutic intervention, meriting further investigation.
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