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ABSTRACT
Circulating cell-free RNA (cfRNA) has emerged as a promising analyte for disease detection. However, the 
comprehensive profiling of diverse cfRNA types remains under-characterized. Here, we applied a new 
wide-spectrum cfRNA sequencing method and simultaneously captured rRNA, tRNA, mRNA, miRNA, 
lncRNA and all mitochondrial RNA. The cfRNA compositions, size distributions and highly abundant 
cfRNA genes were analysed for each type of cfRNA. We depicted the cfRNA cell types of origin profiles of 
66 generally healthy individuals and found that BMI showed a significant impact on the kidney-derived 
cfRNA proportion. Three individuals with some liver problems were identified because of relatively high 
levels of hepatocyte-specific cfRNA. The abundance levels of different genes and RNA types, including 
mRNA, miRNA and lncRNA, were significantly correlated with the liver function test results. The genes of 
individual cfRNA variances were enriched in pathways associated with common diseases such as liver 
diseases, virus infections, cancers and metabolic diseases. This study provided a profiling of cfRNA and 
displayed the potential of cfRNA as a biomarker in health monitoring.
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Introduction

Circulating free nucleic acids, including cell-free DNA 
(cfDNA) and cell-free RNA (cfRNA), are widely existed in 
body fluids, such as blood plasma and urine [1]. The high- 
throughput sequencing of cfDNA has been extensively 
explored in the context of early detection, diagnosis and 
monitoring of various diseases [2,3]. The cfDNA fragmen
tomic features, such as fragment size, end motif and coverage 
patterns, have been recognized as promising non-invasive 
biomarkers [4]. In comparison, research on cfRNA dropped 
behind, with much fewer samples being comprehensively 
studied. The understanding of cfRNA biology is limited. 
This is largely due to the very low level, the highly degraded 
fragments, the instability of cfRNA and the technical limita
tions [5]. Nonetheless, researchers have shown that cfRNA 
contains abundant physiological and pathological signatures 
of human bodies. For instance, significant cfRNA differences 
have been found in the plasma of patients with COVID-19, 
cancer, pregnancy-related diseases and brain disorders [6–9]. 
Besides, the tissue and cell-type specific RNA levels can be 
employed to estimate the cfRNA origins and to reflect the 

status of multiple organs and tissues. For example, foetus/ 
placenta-derived cfRNA in maternal plasma can be used to 
predict gestational age, estimate the risk of preterm birth and 
predict the onset of preeclampsia [8,10,11]. The brain-specific 
cfRNA levels in the plasma of Alzheimer’s disease (AD) 
patients reflect the pathophysiological alterations [6], corre
sponding well with the dysregulated gene expression discov
ered in the post-mortem brain tissues of AD patients [6]. 
These research have demonstrated the great potential of 
cfRNA applications in non-invasive disease prediction, diag
nosis and monitoring.

Many early studies focused primarily on miRNA because it 
is relatively stable in plasma [12–14]. In recent years, cell-free 
mRNA has received increasing research interest. These studies 
with important discoveries include those above about preg
nancy-related conditions, AD and cancers [6,7,15,16]. 
However, our understanding of the cfRNA characteristics is 
still not comprehensive. For example, the relative abundance 
profile of different types of RNA and their size distributions 
were not fully and simultaneously investigated. Researchers 
have reported some cfRNA profiling results using different 
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RNA-seq methods; however, each method has its preference 
and most researches focused only on limited cfRNA types 
[17–20]. The types of cfRNA in plasma are as diverse as 
those in cells, including ribosomal RNA (rRNA), messenger 
RNA (mRNA), transfer RNA (tRNA), microRNA (miRNA), 
long non-coding RNA (lncRNA) and others [21]. 
Conventional RNA sequencing methods target or enrich spe
cific types of RNA. The experimental protocols for mRNA 
and miRNA are usually quite different [22–24]. There is a lack 
of simple, stable and standardized cfRNA analysing methods, 
and some basic cfRNA characteristics are still not well- 
documented. Several research groups have developed cfRNA 
sequencing methods that involve a step of adding poly(A) tails 
to RNA fragments, thus enabling the capture of various types 
of RNA in addition to mRNA [25,26]. However, these 
research mainly focused on the disease signatures [9,27]. 
There is still a lack of systematic cfRNA exploration in healthy 
individuals.

In this study, we recruited 66 generally healthy individuals 
and comprehensively analysed plasma cfRNA characteristics 
through a poly(A)-adding method. The cfRNA compositions, 
size profiles, high-abundance cfRNA and cell-type origins 
were analysed. In addition, we analysed the individual 
cfRNA differences, and we demonstrated the potential of 
cfRNA signature as a biomarker in liver health monitoring.

Results

Blood sampling and cfRNA sequencing for various RNA 
types

In this study, we recruited 66 generally healthy adults aged 
from 21 to 69, during their physical examination. We col
lected their plasma samples, their blood test results and their 
personal information through questionnaires, including sex, 
age, BMI and self-reported health status (Supplementary 
Table S1). The blood samples were collected with EDTA 
tubes, and the plasma was separated within 4 h after blood 
sampling. The plasma samples were stored at −80°C until 
cfRNA extraction. The cfRNA sequencing library was pre
pared with our poly(A)-adding method. Briefly, the residual 
DNA was removed by DNase I; the cfRNA samples were 
treated with T4 PNK for 3’ hydroxyl modification [24]; and 
then a poly(A) tail was added to the 3’ end of the RNA 
fragment; the modified RNA fragments were then reverse- 
transcribed into cDNA using a primer containing poly(T). 
After the digestion of poly(T), the cDNA product was directly 
ligated with 5’ and 3’ adapters using a single-stranded library 
preparation technique, which is also a strand-specific library 
preparation method [28,29], with the adaptors specifically 
tailored for the DNBSEQ platform. After the PCR amplifica
tion, the preparation of cfRNA sequencing libraries was fin
ished. The libraries were sequenced on the DNBSEQ platform 
with paired-end 100 bp mode (Figure 1A). Notably, after the 
cfRNA extraction, the samples were rapidly processed, and 
the reverse transcription step was combined with the poly(A)- 
adding step in one-tube reaction.

The raw reads of sequencing were processed through sev
eral filtering steps to remove adapter sequences, low-quality 

reads and short reads (<17 bp). The average proportion of 
clean reads was 84.40%. The clean reads were then aligned to 
reference human rRNA sequences. As expected, the rRNA 
reads accounted for the majority of the reads, with an average 
proportion of 84.51% of the mapping reads. In addition, 
mitochondrial rRNA (mt-rRNA) reads accounted for an aver
age of 8.06% of the mappingreads (Figure 1B). This rRNA 
proportion is consistent with the results in previous studies, 
which reported a range of 66% to 93% [30,31]. Then, rRNA 
and mt-rRNA reads were further excluded for downstream 
analyses. After the removal of rRNA and mt-rRNA reads, we 
found that the remaining RNA reads included those from 
yRNA (29.08%), mRNA (28.3%), tRNA (13.57%), mitochon
drial tRNA (mt-tRNA) (10.02%) and mitochondrial mRNA 
(mt-mRNA) (6.91%). In addition, we captured a small pro
portion of lncRNA (1.64%), miRNA (0.41%) and some other 
RNA types (Figure 1B).

We assessed the quality of data after rRNA removal by 
analysing sequencing coverage, mRNA gene coverage and 
strand specificity. The average exonic reads ratio in our sam
ples is 49.86% (SD = 9.07%). Taking two mRNA genes of 
relatively high and low cfRNA abundances as examples 
(HBB and NONO), the coverage analysis (Figure 1C) showed 
that reads were concentrated in the exonic regions but not in 
the intronic regions, indicating that our method effectively 
captures mRNA in plasma while avoiding genomic DNA 
contamination. Next, we evaluated the gene body coverage 
of mRNA. As a result, the reads from 5’ to 3’ of gene bodies 
were in a generally uniform manner. There is a slightly 
increased coverage at the 3’-end region of the mRNA 
(Figure 1D), which may probably due to the natural presence 
of poly(A) sequences at the 3’ ends of mRNA. The strand 
specificity index is calculated by Qualimap [32], and the 
average strand specificity of our cfRNA data reached 0.90 
(SD = 0.05), which is comparable to the results of other 
strand-specific library preparation methods [33]. Taken 
together, the basic quality control showed our sequencing 
data are of relatively good quality. We then calculated the 
cfRNA abundance at the gene level using the Counts Per 
Million (CPM) normalization. In total, we identified 10,062 
mRNA genes, 1,215 lncRNA genes, 195 tRNA genes and 121 
miRNA genes in our data. These results indicate that our 
poly(A)-adding method successfully captured a variety of 
RNA types, including mRNA, lncRNA, miRNA, tRNA, 
YRNA, mt-rRNA, mt-mRNA, mt-tRNA, scRNA, snRNA 
and snoRNA.

The capture of size information indicated that relatively 
long cfRNA fragments exist in plasma

Most previous studies did not systematically explore the size 
distribution of plasma cfRNA for different RNA types. The 
lack of suitable detection methods is the main reason. As our 
library preparation method is based on the direct ligation of 
adaptors to both the 5’ and 3’ ends of cDNA, the size infor
mation of cfRNA fragments could largely be retained. To 
assess the feasibility of the size evaluation, we tested two 
synthesized RNA fragments of 25 nt and 62 nt, respectively. 
We prepared the sequencing libraries and analysed the data. 
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Figure 1. cfRNA sequencing workflow and basic characterization. (A) blood sample collection and cfRNA library preparation workflow. In this study, 66 generally 
healthy participants were recruited. The blood samples were collected by EDTA tubes and plasma was separated and stored at − 80°C until cfRNA extraction. The 
cfRNAs were added with poly(a) tails by E. coli Poly(A) polymerase and then quickly reverse-transcribed into cDNA in the same reaction tube. After that, a single- 
stranded DNA library preparation technique based on splint ligation was utilized to add 5’ and 3’ adapters to the two ends of cDNA molecules. The ligation products 
were amplified by PCR to generate the sequencing libraries. The libraries were sequenced on the DNBSEQ platform with paired-end 100 bp reads. (B) the average 
read percentage of different types of RNA. (C) the sequencing coverage of two representative genes of high and low cfRNA levels, HBB and NONO, were shown as 
examples, respectively. The blue bars represent the average sequencing coverage in samples, while the dark blue blocks and arrows at the bottom represent the 
exons and introns in the reference genome, respectively. (D) gene body coverage of mRNA, with the black line representing the average coverage and the grey 
shadow indicating the standard deviation, reflecting the uniformity of mRNA capturing during library preparation. The size distribution of cell-free (E) nuclear and 
mitochondrial rRNA; cell-free (F) mRNA, lncRNA, miRNA and tRNA, respectively. The red lines represent the average size distribution frequency of each RNA type, with 
the grey shadow indicating the standard deviation. The percentage numbers above the size profile indicate the proportion of cfRNA fragments shorter than 175nt.
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As a result, most of the reads contain the designed sequence 
and give the correct size information, with reads ratio of 
80.37% for the 25 nt fragments and 88.87% for the 62 nt 
fragments, respectively. In the tests, the size of RNA frag
ments can be calculated by using either single-end reads or 
paired-end reads. These results demonstrated that our cfRNA 
sequencing method can be used to evaluate the size of short 
RNA fragments.

By merging PE 100 reads with the overlapping sequences 
between Read1 and Read2, we could accurately determine the 
fragment shorter than 175 nt. For longer fragments, the insert 
fragment can be estimated based on the read alignments on the 
reference genome (Supplementary Figure S1). The true frag
ment sizes may involve more complex factors such as RNA 
splicing, degradation, the quality of reverse transcription and 
adaptor ligation. In this study, we mainly focused on the more 
accurately estimated size range of 17–175 nt, and we also 
estimated the proportion of RNA fragments longer than 175 nt.

Previous studies generally considered cfRNA in plasma to 
be very short, with most cfRNA no longer than 50 nt [25,26]. 
However, a cfRNA study on breast and liver cancers 
reported that about 45% of cfRNA fragments exceeded 200 
nt [31], and another study based on single-molecule nano
pore sequencing also revealed the fraction of cfRNA longer 
than 200 nt [20]. In our cfRNA data, relatively long frag
ments were found for various RNA types. The proportion of 
RNA fragments longer than 175 nt were 27.73%, 58.97%, 
60.58% and 21.66% for rRNA, mt-rRNA, mRNA and 
lncRNA, respectively (Figure 1E,F). The longest RNA frag
ments detected were more than 1000 nt for rRNA, 350 nt for 
mt-rRNA, 1000 nt for mRNA and 1000 nt for lncRNA 
(Supplementary Figure S1A, B, C). Within the range of 17 
nt to 175 nt, the size distribution profiles were shown 
(Figure 1E,F). The size of mRNA fragments was more dis
persedly distributed, and the majority of mRNA is longer 
than 100 nt, with a broad peak around 150 nt (Figure 1F). 
LncRNA has a proportion of relatively short fragments (<100 
nt), and two narrow peaks at 165 nt and 169 nt, with the 
peaks contributed by the most highly abundant lncRNA 
(LOC105370449).

For miRNA and tRNA, relatively complete RNA fragments 
were captured. For example, miRNA fragments are typically in the 
range of 18–22 nt (Figure 1F), consistent with the length of mature 
miRNA [34]. In our result, tRNA fragments showed a dominant 
size peak at 87 nt, which is consistent with the size of tRNA 
(Figure 1F). The size distribution analysis indicates that miRNA 
and tRNA in plasma are protected by RNA binding protein 
complexes or other RNA carriers, such as extracellular vesicles 
(EVs) [35], and therefore largely remain full-length. It also 
demonstrated that our method is capable of effectively capturing 
complete RNA fragments. The rapid processing of plasma sam
ples and the poly(A)-adding method provides valuable informa
tion about the size distributions of various RNA types.

Some of the top genes with relatively high cfRNA levels 
were less known before

The cfRNA levels of different genes vary widely. Here, the 
genes of mRNA, lncRNA and miRNA were analysed 

separately. We ranked the genes by their average cfRNA 
abundance (CPM) in samples, and the genes were divided 
into four groups: top 10%, top 10–20%, top 20–50% and the 
remaining genes. The total cfRNA abundance (CPM) in each 
group was added up to calculate the ratio. The top 10% of 
genes for mRNA contribute to over 65% of the total mRNA 
abundance. For lncRNA and miRNA, this proportion is even 
higher, at 78.53% and 71.81%, respectively, indicating that 
a small subset of genes plays a predominant role in the overall 
abundance profile (Figure 2A).

In the mRNA abundance profile, the top five ranked 
genes are HBB, HBA2, EEF1A1, WDR74 and TMSB4X 
(Figure 2B). The cfRNA abundances of the HBB and HBA2 
genes, which encode subunits of haemoglobin [36], are much 
higher than those of other genes. EEF1A1, WDR74 and 
TMSB4X encode proteins crucial for translation elongation, 
ribosome assembly and actin polymerization, respectively 
[37–39]. The discovery of these mRNA top genes is not 
surprising, considering their important and basic roles in 
the blood and cells.

In the miRNA abundance profile (Figure 2C), the top 5 
miRNA genes include MIR15A, MIR16–1, MIR93, MIR16–2 
and MIR25. These plasma cfRNA have been reported to be 
dysregulated in type 2 diabetes, hepatocellular carcinoma, 
lymphoma patients, postoperative colorectal cancer patients 
and oesophageal squamous cell carcinoma patients’ plasma, 
respectively [40–44]. These miRNAs are all regarded as poten
tial biomarkers due to their significant association with patho
logical conditions.

Regarding the highly abundant lncRNAs (Figure 2D), we 
have not yet found any plasma cfRNA reports about the top 
genes of LOC105370449, LOC105379549, LOC107984865, 
HAR1A and LOC105375785. Research on these genes in 
tissue and blood samples is also very limited. One study 
suggested that LOC105375785 may be associated with the 
invasiveness of pituitary adenomas [45], and some other 
studies showed that HAR1A is dysregulated in multiple 
sclerosis, diffuse gliomas and non-small cell lung cancer 
[46–48].

Profiling of cell-free mitochondrial RNA

Current research on circulating free nucleic acids has only 
focused on mitochondrial DNA (mt-DNA) [49], while studies 
on mitochondrial RNA (mt-RNA) are relatively limited and 
usually focus on some specific mt-RNA [50–52]. In our study, 
by using the poly(A)-adding method, cfRNA from 37 genes in 
the mitochondria were all captured, including 2 rRNAs, 13 
mRNAs and 22 tRNAs.

For all the mapping reads, mt-RNA reads accounted for 
9.32%. Specifically, mt-rRNA reads represented 8.06% and the 
remaining mt-RNA reads accounted for 1.26%. After the 
removal of rRNA and mt-rRNA reads, mt-mRNAs and mt- 
tRNAs accounted for 6.91% and 10.02%, respectively 
(Figure 1B). The coverage profile of the mitochondrial gen
ome is shown in Figure 3B, with all the gene regions covered 
by abundant sequencing reads, while the region without genes 
has no mapping reads. The mt-rRNA genes RNR1 and RNR2 
exhibit the highest and most uniformly distributed sequencing 
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depth. In contrast, the sequencing depth of mt-mRNA and 
mt-tRNA varies among genes (Figure 3B). The gene body 
coverage curve of mt-mRNA was also relatively uniform 
(Figure 3C). In terms of CPM, the mt-mRNA and mt- 
tRNA abundance levels for all genes are shown in 
Figure 3D. As shown in Figure 3B,D some mt-tRNAs exhib
ited relatively low abundance levels and sequencing depth. 
This is due to their sequence similarity with some nuclear 
genomic regions, and these reads were filtered out during 
the data processing, to calculate the very specific mt-RNA 
fragments.

We then analysed the fragment size distribution of cell-free 
mt-RNA. In addition to the described mt-rRNA, we found 
that the size distribution of mt-mRNA is dispersed, with 
a higher proportion in the 130–160 nt range (Figure 3A). 
The size distribution profile of mt-mRNA is somewhat similar 
to that of cell-free mRNA (Figure 1F). The proportion of 
longer fragments decreases with increasing size. The propor
tion of mt-mRNA fragments exceeding 175 nt in size is 
55.95%, with the longest fragments potentially exceeding 400 
nt. For mt-tRNA, we were also able to capture relatively 
complete fragments, with mt-tRNA fragments concentrated 
in the size of 60–68 nt, which is close to the size of complete 
mt-tRNAs (58–74 nt) (Figure 3A).

Cell types of origins analysis revealed the impact of BMI 
and enabled the identification of abnormal individuals 
with some liver problems

To explore the cellular origins of cfRNA, we utilized 
a deconvolution method based on the Tabula Sapiens and 
cell-type-specific RNA [53]. As Figure 4A,B shows, most 
cfRNA is derived from Erythrocyte/erythroid progenitors, 
with an average proportion of 75.04%, followed by Platelet 
(4.72%), Salivary/bronchial secretory cell (3.05%), Monocyte 
(1.85%), B cell (1.14%) and Macrophage (1.13%). Immune 
cells such as Monocytes, B cells and Macrophages are impor
tant contributors to cfRNA, albeit at much lower proportions 
compared to Erythrocyte/erythroid progenitors and Platelets. 
This result of cfRNA origins is generally consistent with the 
findings in the previous study [53], but with a higher propor
tion of Erythrocyte/erythroid progenitors and a lower propor
tion of Platelets, which may be caused by preanalytical 
procedures, such as plasma preparation and sequencing 
library preparation bias.

Then, we explored the fragment size distribution of cfRNA 
with different tissue origins. Here, the cell-type-specific genes 
(1310 genes) are strictly defined as those exclusively expressed 
in specific cell types in the basis matrix based on the TSP 

Figure 2. Relative abundance of cfRNA at the gene level. (A) the average cfRNA percentages of top-ranked (top 10%, 10–20%, 20–50%, 50–100%) genes in samples 
(n = 66). Only cfRNA genes presented in more than 50% of samples were selected for this analysis. The vast majority of the cfRNA was contributed by a few genes 
with high abundance levels. The abundance levels of mRNA, lncRNA and miRNA genes were ranked by the average abundance level of cfRNA read counts per million 
(CPM). Only genes with average cfRNA CPM larger than 5 were shown for (B) mRNA, (C) miRNA and (D) lncRNA. The names of the top five genes were labeled in the 
figures (B–D).
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database [53]. We selected cell-type-specific genes and 
grouped them into categories of blood, heart, kidney, liver 
and lung. We found that the detected blood-derived cfRNA 
was longer than organ-derived cfRNA (Figure 4C). For exam
ple, the liver-derived cfRNA fragments were significantly 
shorter and more narrowly distributed than blood-derived 
cfRNA. This result revealed that the cfRNA size was influ
enced by the tissue or cell-type origins. Such size influence of 
tissue origins was known in cfDNA [54].

By comparing the groups of people with different BMI, 
we found that the BMI ≤ 18.5 group (n = 9) had significantly 
higher proportions of Kidney epithelial cells than the other 
two BMI groups (18.5 < BMI ≤ 24, BMI > 24) (Figure 4D). 
Notably, compared to other organ-specific cell types, the 
proportion of Kidney-epithelial-cell-derived cfRNA is the 
highest (Figure 4A). The kidney function biomarkers of 
serum creatinine and urea are significantly lower in the 
BMI ≤ 18.5 group than those with higher BMI 
(Supplementary Figure S2A, B). On one hand, the lower 

levels of the two biomarkers may be because of diets low 
in protein and low muscle mass [55]. On the other hand, 
low creatinine levels may also indicate chronic kidney dis
ease, kidney dysfunction or malnutrition [56,57]. Our results 
suggest that BMI has a significant impact on cfRNA origins 
and researchers would better consider this factor during 
cfRNA analysis.

Given that cfRNA is predominantly derived from blood cells, 
cfRNA derived from other organs and tissue cell types were very 
low in healthy people, and thus the background noise may 
interfere with the abundance analysis. For this reason, we 
focused on the more strictly defined cell-type-specific genes to 
investigate the organ-derived cfRNA, as mentioned above in the 
fragment size analysis. Specifically, 642 genes were detected in 
our plasma samples. These genes include those specific to 
Hepatocyte (62 genes), Ciliated cell/lung ciliated cell (53 
genes), Cardiac muscle cell (37 genes), Kidney epithelial cell 
(31 genes), etc. The detected gene numbers of the top 15 cell 
types were shown (Figure 5A). These cell-type specific cfRNA 

Figure 3. Mitochondrial RNA (mt-RNA) characteristics in plasma cfRNA. (A) size distribution of cell-free mitochondrial mRNA and tRNA. The red line represents the 
average size distribution frequency and the grey shadow indicates the standard deviation. The percentage numbers above the size profile indicate the proportion of 
cfRNA fragments shorter than 175nt. (B) CfRNA sequencing depth on the mitochondrial genome. The blue line indicates the average sequencing depth per base. 
Gene names were annotated with red (rRNA), blue (mRNA) and black (tRNA) colors. (C) gene body coverage of cell-free mitochondrial mRNA. The black line 
represents the average coverage, and the grey shadow indicates the standard deviation. (D) the abundance levels of all mitochondrial mRNA and tRNA genes.
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Figure 4. Cell-type decomposition of the plasma cfRNA samples from generally healthy people (n = 66). (A) the average fraction contributions of cell-type specific 
plasma cfRNA. (B) the boxplot of cfRNA fraction contributions in samples. (C) the fragment size distribution of cfRNA derived from different tissues. Only tissue/cell- 
type specific genes and cfRNA fragments shorter than 175 nt were analysed here. Each point in the violin plot signifies a specific gene. (D) the comparison of cfRNA 
derived from kidney epithelial cells between BMI groups.
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may serve as non-invasive biomarkers and provide important 
clues for health assessments of organs.

To explore this idea, the cfRNA levels of the cell-type 
specific genes were utilized to perform principal component 
analysis (PCA). The PCA results showed three samples as 
outliers, denoted as ER007, ER009 and ER061 (Figure 5B). It 
was identified that these samples had much higher hepato
cyte-derived cfRNA levels than those of other samples. The 
cfRNA levels of the top 20 hepatocyte-specific genes were 
shown in the heatmap (Figure 5C), and these hepatocyte- 
specific cfRNA levels clearly distinguished the three samples 

from others. By checking the results of physical examination 
and questionnaires, we found that the individual of 
ER009 had blood liver function test results within the refer
ence range, but this individualreported a chronic liver disease. 
Notably, this is the only participant in our study who had 
such a liver disease. Furthermore, the individual of ER061 was 
the only one with indirect bilirubin (IBIL) and total bilirubin 
(TBIL) levels exceeding the upper limit of the reference 
ranges, at 15.2 μmol/L (reference range: 3.4–12.2 μmol/L) 
and 20.5 μmol/L (reference range: 2–20.4 μmol/L), respec
tively. Additionally, among all the participants, only two had 

Figure 5. Cell-type specific and individual variance of plasma cfRNA. (A) the number of specific genes detected in the plasma cfRNA for different cell types. A total of 
642 cell-type specific genes were detected in our data, and the top 15 cell types were shown. (B) a principal component analysis (PCA) of the cell-type-specific cfRNA 
of 66 samples. Three outlier samples were labeled. Detailed analysis revealed that their hepatocyte-specific gene abundance levels were abnormal compared to other 
samples. (C) a heatmap of the top 20 hepatocyte-specific cfRNA among samples. The three outliers had much higher levels of most of these genes compared to other 
samples. Validation through questionnaires and blood liver function results in physical examinations confirmed that these individuals exhibit abnormalities related to 
liver function. (D) The top 1000 cfRNA genes with the highest individual variations evaluated by coefficient of variation (CV) were used for the KEGG pathway 
enrichment analysis by Metascape. In Metascape, the overlapping genes of different pathways were subject to redundancy removal. For this reason, the Alcoholic 
liver disease pathway did not appear in the summarized figure. However, this pathway is significantly enriched (Padj = 0.0303) and was grouped into the pathway of 
PD-L1 expression and PD-1 checkpoint pathway in cancer (Supplementary Table S2).
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gamma-glutamyl transferase (GGT) levels exceeding the 
upper limit of the reference range (reference range: 10–47 U/ 
L). The individual of ER007 had the highest GGT level at 69.9  
U/L. Meanwhile, his aspartate aminotransferase (AST) level 
was 60.4 U/L, exceeding the reference range of 0–40 U/L. 
The other participant with an abnormal GGT level had 
a value of 58.8 U/L, but the cfRNA expression did not show 
abnormality.

For liver function tests of the remaining participants, we 
found that 11 had alanine aminotransferase (ALT) and/or 
AST levels exceeding the reference ranges to some extent 
(Supplementary Table S3). For these individuals, their 
cfRNA profiles were not found to be different from other 
participants. Although ALT and AST are most abundant in 
the liver, they are also present in other organs, the leakage 
from other organs could also contribute to the higher levels in 
plasma [58]. To further explore the potential relationship, we 
used the total abundance of strictly defined hepatocyte- 
specific cfRNA to analyse the correlations with liver function 
indicators. However, still no significant correlation was found. 
Nevertheless, we discovered that the cfRNA level of MIR483, 
the only detected liver-specific miRNA reported by Guo et al. 
[59] in our data, was significantly higher in the group of 
people with biochemical indicators exceeding the normal 
ranges (Supplementary Figure S3B). Similarly, ER007, ER009 
and ER061 also showed relatively high levels of this miRNA.

Then, we categorized the cfRNA levels of each gene into three 
groups (<60 nt, 60–120 nt, >120 nt) to analyse their correlations 
with blood biochemical parameters and evaluate fragment size 
effects. By filtering the fragment sizes of cfRNA, we identified 
that many cfRNA levels showed significant correlations with 
blood biochemical parameters (Supplementary Table S4). For 
instance, in the <60 nt cfRNA group, liver-specific mRNAs 
(genes: ALB, APOC1, FGB and HP), liver-specific miRNAs 
(genes: MIR193B and MIR6777) and liver-specific lncRNA 
(gene: EGFR-AS1) demonstrated significant positive correlations 
with biochemical parameters (Supplementary Figure S4). These 
miRNA and lncRNA were known to be related to liver diseases 
[59–62]. The Tissue Enrich analysis [60] showed that the identi
fied genes in the cfRNA group (<60 nt) were significantly 
enriched in the liver (Padj < 0.001), while the genes identified 
in the other two categories had no such enrichment (Padj > 
0.05). This result may be related to the discovery that liver- 
derived cfRNA was generally shorter than blood-derived 
cfRNA (Figure 4C). Our findings indicate that organ-derived 
cfRNA were more enriched in the short fraction, and the size- 
selection method might be helpful in organ health and disease 
studies. Many non-tissue-specific or under-characterized genes 
were also identified (Supplementary Table S4). These genes may 
be important to liver function as well and need to be studied in 
the future. In summary, cfRNA of multiple types reflects liver 
health and may be promising new liver biomarkers.

Individual cfRNA variances among generally healthy 
people are associated with common diseases

To understand the cfRNA variance among the participants, 
we calculated the coefficient of variation (CV) for the detected 
cfRNA levels and then selected the top 1,000 genes with the 

highest CV for KEGG pathway enrichment analysis. As 
a result, the enriched pathways include those categories of 
metabolism, cellular processes, genetic and environmental 
information processing, organismal systems and human dis
eases. More specifically, some enriched pathways are asso
ciated with common diseases such as liver diseases, virus 
infections, cancers and metabolic diseases.

The significantly enriched pathways for all samples include 
liver-related pathways: Non-alcoholic fatty liver disease and 
Alcoholic liver disease. This enrichment result can be repeated 
after excluding the three abnormal samples (Figure 5D, 
Supplementary Table S2). There is a relatively high prevalence 
of liver diseases such as fatty liver and hepatitis B in China 
[61,62]. Our results displayed the common individual differ
ences in liver status. Although only one participant had been 
diagnosed with liver disease in our study, individuals who 
have not met the diagnostic criteria may already have some 
gene expressions altered with an increased risk of liver dis
eases, which could be captured in our sequencing method.

The enriched pathways include Herpes simplex virus 1 
(HSV-1) infection. HSV-1 infection is one of the most com
mon viral infections [63], with the reported infection rate as 
high as 66.6% [64]. While most HSV-1 infections are very 
mild, sometimes they may lead to severe symptoms in the eyes 
and central nervous system, and even causing blindness, 
encephalitis and epilepsy [65–67]. Another virus-related path
way enriched in the analysis is Viral life cycle – HIV − 1. For 
cancer-related pathways, the PD-L1 expression and PD-1 
checkpoint pathway in cancer play a key role in maintaining 
immune balance and in response to tumour cells [68]. 
Besides, the p53 signalling pathway is enriched, which is 
important in regulating the cell cycle, maintaining cellular 
homoeostasis and suppressing tumour development. These 
enrichments may reflect the distinct baseline immune char
acteristics among people and the different susceptibility to 
viral infections and cancer development.

In the metabolic category, we identified enrichment in car
bohydrate and lipid metabolic pathways including Fructose and 
Mannose metabolism, Mannose type O-glycan biosynthesis and 
Biosynthesis of unsaturated fatty acids. Additionally, the Insulin 
signalling pathway in another KEGG category is also enriched, 
which plays a vital role in maintaining blood sugar levels and 
energy balance. Our results demonstrate notable individual 
differences in metabolic pathways, which may be influenced 
by sex, age, genetics and lifestyles, and may also be related to 
the increasing metabolic disease burden in the general popula
tion. We showed that cfRNA might provide another perspective 
to assess the metabolism of individuals.

Discussion

In this study, we developed a new wide-spectrum cfRNA- 
sequencing method and comprehensively characterized 
plasma cfRNA compositions, size distributions, cell-type ori
gins and individual differences in generally healthy indivi
duals. The cell-free mRNA, miRNA, lncRNA and those cell- 
type specific cfRNA might provide useful information for 
health monitoring.
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For future studies, further optimization of the experimental 
methods is possible. For instance, the use of cfRNA protection 
blood collection tubes or reagents may help to reduce the 
degradation of cfRNA. The plasma cfRNA concentrations 
were very low in healthy people, and it is difficult to quantify 
them accurately. There were notable differences among meth
ods [69]. In our lab, the estimated plasma cfRNA concentra
tions in healthy people were mostly <150 ng/mL by using 
Qubit microRNA Assay Kit. We will further develop our 
sequencing-based method to accurately quantify cfRNA con
centrations using synthetic RNA spike-in. To explore biomar
kers, we suggest depleting the rRNA sequence before 
sequencing. Although the almost full spectrum of cfRNA is 
captured in our method, rRNA constitutes a large portion of 
the total reads and made the reads ratio of more informative 
cfRNA types relatively low. This will seriously affect the dis
covery of cfRNA biomarkers, especially for the cfRNA with 
very low abundances. Technically, it should be much better to 
deplete the rRNA sequence at the DNA level after the reverse 
transcription [70,71], for example, by target probe-based 
depletion or by CRISPR-Cas9 treatment [31,72]. Since the 
plasma cfRNA is highly fragmented and the level is very 
low, the commonly used rRNA removal methods for RNA 
samples from tissues and cells are not suitable for plasma 
cfRNA samples. Some other rRNA removal protocols, if 
involved in complex and time-consuming procedures, may 
easily cause RNA degradation and thus we do not recom
mend. Besides, the cost comparison of the extra experimental 
steps with the extra depth of sequencing is needed for 
researchers to choose their preferred methods [30].

Although many previous studies suggest that cfRNA frag
ments are typically less than 50 nt [25,26], our research sup
ports the existence of relatively long cfRNA fragments in 
plasma [20,31]. These fragments are likely protected by RNA 
binding protein complexes and EVs [35]. Researchers have 
shown that the size distribution of cfDNA is an important 
fragmentomic feature to distinguish patients and healthy peo
ple [73]. Similarly, the size features and the compositions of 
various types of cfRNA may also represent valuable biological 
and pathological information, as the size effect of tissue ori
gins demonstrated in our study. Any disturbance during 
cfRNA release and clearance would result in altered cfRNA 
profiles. Such a cfRNA sequencing method that captures 
multiple types of cfRNA and provides size information may 
be applied in future biomarker discovery studies. This RNA 
sequencing method might also be useful for some tissue or 
cellular RNA studies that are interested in the profiles of 
various RNA types (including mt-RNA and tRNA), the 
RNA fragment size and the end motif [26]. Moreover, this 
method is technically compatible with single-molecule long- 
read sequencing and could be modified and improved for 
a broader range of applications.

According to our results, the high-abundance mRNA in 
the plasma of healthy people is well-known and is closely 
related to the blood and basic cellular functions. In con
trast, the high-abundance miRNA and lncRNA in plasma 
are not well studied. Some studies have demonstrated that 
these non-coding RNA are significantly changed in dis
eases, such as type 2 diabetes (MIR15A) [40], hepatocellular 

carcinoma (MIR16–1) [41], lymphoma (MIR93) [42], 
colorectal cancer (MIR16–2) [43], oesophageal squamous 
cell carcinoma (MIR25) [44], pituitary adenomas 
(LOC105375785) [45], and small cell lung cancer, diffuse 
gliomas and multiple sclerosis (HAR1A) [46–48]. Their 
relatively high abundance in plasma will make them much 
easier to detect and the detection results more reliable 
compared to those with very low levels. Future research 
should pay more attention to these miRNA and lncRNA 
to explore their potential as biomarkers for health assess
ment and disease prediction, especially for generally healthy 
people.

There are various common diseases closely related to mito
chondria dysfunction, including cardiovascular diseases, neu
rodegeneration, metabolic syndrome and cancer [74]. Some 
studies have also demonstrated that plasma cell-free mt-DNA 
can be used as an indicator and predictor of COVID-19 sever
ity and mortality [49,75]. In cancers, the mutations of cell-free 
mt-DNA were found associated with cancer progression 
[76,77]. Dysregulated mt-RNA in tissues is closely related to 
cancer development and progression. One study discovered 
that cell-free mt-RNA could serve as a prognostic indicator of 
advanced prostate cancer [50]. Nevertheless, the lack of sys
tematic analysis of mt-RNA has hampered the understanding 
of its role in diseases and hindered the discovery of related 
disease biomarkers of cell-free mt-RNA. In this study, we 
showed that cell-free RNA fragments of all mitochondrial 
genes can be effectively captured through high-throughput 
sequencing. This provides a new way to study mitochondrial- 
related diseases and to develop non-invasive biomarkers.

Moreover, various organ-derived cfRNA fragments were 
detected in the generally healthy participants, including 
those from hepatocytes, ciliated cells/lung ciliated cells, cardi
omyocytes and kidney epithelial cells, although they are in 
relatively very low abundances. Interestingly, the cellular ori
gin deconvolution results indicated that cfRNA derived from 
sex organs was very low, and no significant difference was 
found between males and females. However, by focusing on 
tissue-specific lncRNA of female reproductive organs, 
a significant difference was found (Supplementary Figure 
S5). Our findings suggest that cfRNA is a promising analyte 
for monitoring organ health status in the general population, 
as demonstrated in our study for indicating liver health. In 
addition, the previously discovered disease RNA biomarkers 
in tissues and cells might be rediscovered in plasma to show 
their potential as non-invasive cfRNA biomarkers. Tissue- 
specific mRNA, lncRNA and miRNA in plasma provide mul
tiple perspectives to illustrate disease signals. Risk prediction 
models based on the combined cfRNA signatures may provide 
valuable information for health and disease management in 
the future.

Materials and methods

Blood sampling and cell-free RNA extraction

We recruited generally healthy participants during their phy
sical examinations at a health examination centre in 
Shenzhen, China. A total of 34 males and 32 females were 
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enrolled. The exclusion criteria included pregnancy, lactation, 
recent surgery, fever symptoms, cancer and any other serious 
diseases. Additionally, a health questionnaire was utilized to 
collect basic information on gender, age, body mass index 
(BMI) and medical history. This study was approved by The 
Institutional Review Board on Bioethics and Biosafety of BGI 
(BGI-IRB 21,157-T2). Blood samples from the generally 
healthy participants were collected in EDTA tubes. The 
plasma samples were separated within 4 h after blood collec
tion. The blood samples were centrifuged for 10 min at 1600 g 
at 4°C, and the supernatant was centrifuged again for another 
10 min at 14 000 g at 4°C to collect the plasma samples. The 
plasma samples were stored at −80°C for less than 4 months 
before cfRNA extraction. The plasma samples were extracted 
using miRcute Serum/Plasma miRNA Isolation Kit (TIANGEN, 
DP503) according to the manufacturer’s instructions.

Synthesis of designed RNA fragments

The RNA fragments were designed and synthesized by 
Sangon Biotech Co., Ltd. The 62 nt synthetic RNA sequence 
is 5’-NNNNNNUAAGAAGAGGAAUUGAACCUCUGACU 
GUAAGGCCUUAUUUCUCUUGUCCUNNNNNN-3’, and 
the 25 nt synthetic RNA sequence is 5’-NNNNNNUAAGAA 
GAGGAAUNNNNNN-3’. In these sequences, ‘N’ represents 
any nucleotide (A, T, C or G), which allows for the splint 
ligation of adaptors with random nucleotides. The synthesized 
RNA samples were diluted to a concentration of 10 ng/μL. For 
each sample, 50 ng of the diluted synthetic RNA was used as 
input RNA for the test of the library preparation method.

Cell-free RNA library preparation and sequencing

● DNA digestion and T4 PNK treatment

For the removal of the remaining DNA and the end treatment 
by T4 PNK: 2 μL DNase I (New England Biolabs, M0303L), 
2 μL 10× DNase I buffer, 0.5 μL T4 PNK (BGI, LS-EZ 
-E-000150) 1 μL ATP (New England Biolabs, P0756, 10 mm 
each), 0.5 μL RNase Inhibitor (THERMO, EO0382) and 14 μL 
cfRNA sample were mixed, and incubated at 37°C for 15 min 
and then at 95°C for 5 min. After the reaction, the tubes were 
immediately transferred to ice for 2 min.

● Poly(A) tailing, Reverse Transcription (RT) and Purification

The following reaction reagents were added to the samples 
for poly(A) tailing and reverse transcription: 1 μL BSA 
(MACGENE, PP001, 10 mg each), 10 μL 50% PEG8000 
(Beyotime, R0056-2 ml), 2 μL dNTP Mix (Thermo Scientific, 
R0181, 10 mm each), 1 μL E. coli Poly(A) Polymerase (New 
England Biolabs, M0276L), 0.5 μL RNase Inhibitor (THERMO, 
EO0382), 1 μL HiScript III Reverse Transcriptase (VAZYME, 
R302–01), 6 μL 5 × HiScript III Buffer, 2 μL 10 μM reverse 
transcription primer (5’- TTTTTTTTTTTTTTTTUVN-3’) 
and 6.5 μL DEPC water (BBI, D1005–500). The reaction tubes 
were incubated at 37°C for 15 min, 50°C for 15 min and incu
bated at 80°C for 5 min. After the reaction, 100 μL DNA clean 
beads (VAZYME, N411–03) were added to purify cDNA.

● Deoxyuridylic acid Digestion

Deoxyuridylic acid digestion was used to remove the poly(T) 
sequence of cDNA. 5 μL 10× PNK reaction buffer (BGI, LS- 
EZ-E-000150), 2 μL Tris (PH 8.0) (SIGMA, T2694–100 ML, 
440 mm each), 0.6 μL ET SSB (New England Biolabs, 
M2401S), 2 μL USER™ Enzyme (New England Biolabs, 
M5505L) and 20.4 μL DEPC water (BBI, D1005–500) were 
added to the reaction tubes. The reaction tubes were incu
bated at 37°C for 30 min and 95°C for 5 min, followed by 
immediate transfer to ice for 2 min.

● Adaptor ligation and purification

2 μL 5’ adaptors (2 μM) and 2 μL 3’ adaptors (2 μM) specifi
cally tailored for the DNBSEQ platform were then added, 
mixed with 21 μL 2× adaptor Ligation Buffer, 5 μL T4 DNA 
ligase (Enzymatics, L6030-HC-L) and 2 μL Ligation enhancer 
Hexaamminecobalt(III) chloride (MERYER, M84231-25 G, 
2.5 μM). DEPC water (BBI, D1005–500) was added to the 
volume of 82 μL. The reaction tubes were incubated at 23°C 
for 30 min. The ligation products were then purified with 
160 μL of DNA Clean Beads (VAZYME, N411–03) according 
to the manufacturer’s instructions.

● PCR amplification and purification

The purified ligation products were amplified by PCR. 2 μL 
PCR universal primers (40 μM) and 2 μL PCR barcode 
primers (40 μM) were added to the ligation product, 
along with 25 μL 2× Alpha High-Fidelity Ready Mix (BGI 
1,000,004,283), in a total volume of 50 μL. PCR was per
formed with an initial denaturation at 98°C for 2 min, 
followed by 20 cycles of 98°C for 20 sec, 56°C for 1 min, 
and 72°C extension for 30 sec with a final extension of 
72°C for 5 min. The PCR products were purified with 
75 μL of DNA Clean Beads. The PCR products were circu
larized using the MGIEasy Rapid Circularization Module 
(MGI 1,000,005,282).

● Sequencing

Sequencing was performed using the DNBSEQ platform 
(MGI) to generate 100 bp pair-ended reads. The raw data 
generated for each sample were about 150 M paired-end 
reads.

Sequencing data processing

Data cleaning was performed using fastp [78] (v0.22.0) and 
seqtk [79] (1.3-r119-dirty) through the following steps (1): 
base correction, removal of sequencing adapters (fastp -c – 
adapter_sequence=AAGTCGGA – 
adapter_sequence_r2=AAGTCGGA) (2); trimming of the 
residual 5’ poly(A) sequence of Read1 and the 3’ poly(T) 
sequence of Read2 (3) discarding reads with more than 50% 
of the bases below a Phred quality score of 30 (fastp – quali
fied_quality_phred = 30 –unqualified_percent_limit = 50 – 
n_base_limit = 10) (4); discarding reads shorter than 17 bp 
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after adapter trimming and low-quality filtering (fastp – leng
th_required = 17). Subsequently, clean reads were aligned to 
the rRNA reference sequence of the human reference genome 
(GRCh38.p14) in NCBI using HISAT2 [80] (v2.2.1) with 
parameters (-k 10 –rna-strandness RF – fr – dta – avoid- 
pseudogene – no-mixed – no-discordant). The remaining 
reads were aligned to the human reference genome 
(GRCh38.p14) in NCBI using the same parameters with 
HISAT2 (v2.2.1) for other RNA types. Paired reads uniquely 
aligned to positions were categorized and quantified using 
featureCounts [81] (v2.0.2) to generate a count table (genes ×  
samples) with parameters (-t exon -g gene -B -C -p). 
Subsequently, all gene counts were normalized using Counts 
Per Million (CPM) to generate a cfRNA abundance matrix. 
Quality control metrics such as exon ratios, strand specificity 
and other quality control metrics were analysed for uniquely 
aligned paired reads using the qualimap [32] (v.2.2.2-dev) 
default parameter.

Size analysis of synthetic RNA fragments

The FASTQ files were aligned to the designed synthetic RNA 
sequences. The reads ratio was calculated by counting the 
number of reads containing the target sequences with one 
nucleotide mismatch allowed.

cfRNA fragment characterization and gene body 
coverage

We utilized the fastp software (v0.22.0) to merge the paired- 
end reads, with the merging criteria being an overlap of at 
least 10 bases and no more than two mismatched bases within 
the overlapping region (parameters set to – overlap_len_re
quire = 10 –overlap_diff_limit = 2). The length of the insert 
size was obtained based on the paired-end reads compared to 
the human reference genome. The distribution of merged 
reads and insert lengths was visualized using the ggplot2 
package in R.GeneBody coverage profiles were produced 
using GeneBody_coverage.py [82] with default flag according 
to different RNA type regions.

Analysis of high cfRNA level genes

We filtered the genes based on the following criteria: only 
genes detected in at least 50% of the samples and with an 
average CPM of more than 5 were considered. The mRNA, 
lncRNA and miRNA genes were ranked by their CPM for 
visualization. We used the ggplot2 package in R to visualize 
cfRNA levels for mRNA, lncRNA and miRNA genes.

Cellular origin deconvolution and tissue/cell-type specific 
cfRNA analysis

We used the support vector regression deconvolution method 
[83] proposed by Sevahn K. Vorperian et al. [53] to perform cell 
type-specific analysis on the cfRNA samples. This method uses 
the Tabula Sapiens 1.0 (TSP, https://tabula-sapiens-portal.ds. 
czbiohub.org) database (a comprehensive cell atlas covering 
24 different tissues and organs from multiple donors) and 

defines a basis matrix that includes a minimum discriminatory 
gene set to distinguish different cell types [84]. Using the code 
and basis matrix provided by Sevahn et al. (https://github.com/ 
sevahn/deconvolution/tree/master/deconvolve_cfrna_tutorial), 
we performed Support Vector Regression (SVR) deconvolution 
analysis on the CPM (Counts Per Million reads) matrix of our 
cfRNA samples. Through this analysis, we successfully quanti
fied the contributions of various cell types. From the basis 
matrix, 1310 genes that were exclusively expressed in specific 
cell types were selected (with basis matrix values represented as 
CPM + 1, and a value greater than 1 in only one cell type was 
considered as specifically expressed in that cell type) and 
defined here as cell-type-specific genes. In our samples, we 
detected a total of 642 genes that are defined as cell-type- 
specific genes.

In this study, we identified liver-specific miRNAs based on the 
report of Guo et al. [59]. We obtained tissue-specific lncRNAs 
from the miRNATissueAtlas 2025 database [85], using the fol
lowing criteria: a Tissue Specificity Index (TSI) of 0.8 or higher.

In another way, TissueEnrich (https://tissueenrich.gdcb.ias 
tate.edu/) was used for the tissue-specific gene enrichment 
analysis based on the dataset of Human Protein Atlas [60].

Analysis of individual variances

We performed principal component analysis (PCA) using the 
FactoMineR package in R based on the cfRNA abundance of 
642 cell-type-specific genes in 66 samples. Additionally, we 
used the heatmap.2 function from the R gplots package to 
create heatmaps that display the cfRNA abundance levels of 
the top 20 hepatocyte-specific genes in the 66 samples.

We calculated the Coefficient of Variation (CV) values for 
cfRNA gene abundance levels (CPM) in the 66 samples. The 
cfRNA genes in more than 50% of the samples and with an 
average CPM more than 5 were analysed here. The top 1000 
genes with the highest CV values in abundance and conducted 
KEGG pathway analysis on these genes using the Metascape 
website (http://metascape.org/). Metascape addresses redundan
cies in descriptors and ontologies by removing overlapping 
terms. As a result, some pathways with overlapping genes may 
not be displayed in the summarized figure [86].

Statistical analysis

We used the Mann–Whitney U and Dunn’s test to compare 
different groups. The levels of significance were determined 
as follows: not significant, *P < 0.05, **P < 0.01, ***P < 0.001. 
In the analysis of liver function tests, the participants were 
divided into ‘High’ and ‘Normal’ groups. The ‘High’ group 
included participants with liver function test results exceed
ing the reference ranges and ER009 who had liver diseases. 
The remaining participants were in the ‘Normal’ group.

We correlated the size-related CPM values to the blood 
biochemical test results with Pearson correlation. The p values 
were adjusted by the Benjamini–Hochberg method. The 
cfRNA levels of each gene (CPM) were divided into three 
values according to the fragment size categories (<60 nt, 60
–120nt and >120nt).
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