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Abstract
Subjective cognitive decline (SCD) is considered the preclinical manifestation of Alzheimer’s disease (AD),
which is a potentially crucial window for preventing or delaying the progression of the disease. To explore the
potential mechanism of disease progression and identify relevant biomarkers, we comprehensively assessed
the peripheral blood transcriptomic alterations in SCD, covering lncRNA, mRNA, and miRNA. Dysregulated
protein-coding mRNA at both gene and isoform levels implicated impairment in the type I interferon signaling
pathway in SCD. Speci�cally, this pathway was regulated by the transcription factor STAT1 and ncRNAs NRIR
and has-miR-146a-5. The miRNA-mRNA-lncRNA coexpression network revealed hub genes for the interferon
module. Individuals with lower interferon signaling activity and lower expression of hub genes STAT1 and
TRIM22 exhibited a higher conversion rate to mild cognitive impairment (MCI). Our �ndings illustrated the
down-regulation of interferon signaling activity would potentially increase the risk of disease progression and
thus serve as a pre-disease biomarker.

Introduction
Alzheimer's disease (AD), the most common cause of dementia, is a progressive neurodegenerative disorder
that causes de�cits in memory, thinking, decision making, and social skills [1]. The pathophysiological events
of AD begin years before the onset of clinical dementia [2]. The National Institute on Aging-Alzheimer’s
Association (NIA-AA) proposed three subsequent stages of AD, including the preclinical stage of AD, mild
cognitive impairment (MCI), and AD dementia [3–5]. The primary hypothesis on the progression of AD
pathologies stated that the initial deposition of amyloid-β (Aβ) leads to subsequent tau hyperphosphorylation,
neuron and synaptic loss, and cognitive decline [6]. However, the continued failure of clinical trials aimed at
decreasing Aβ plaques implies that there may be alternative causes of disease progression or the neuronal
injury of the late MCI and AD dementia may be irreversible.[7]. The long preclinical phase with mild neuronal
damage provides a potentially crucial opportunity for exploring the potential pathogenic mechanisms of AD
and preventing or delaying the progression of this disease [5, 8].

Subjective cognitive decline (SCD), characterized by a self-reported persistent decline in cognitive capacity
compared to a previously normal status prior to the appearance of objective cognitive impairment, occurs at
the preclinical stage of AD and may serve as a symptomatic indicator of preclinical AD [9]. The occurrence of
biomarker abnormalities associated with AD in SCD, including decreased concentrations of Aβ42 and
increased concentrations of tau in CSF (cerebrospinal �uid) [10], provides supportive evidence for SCD as the
earliest manifestation of AD. Moreover, SCD is associated with an increased risk for future cognitive decline
[11–13]--longitudinal data analyses revealed that individuals with subjective cognitive concerns carried a
four-fold and a six-fold increased risk of incident MCI and dementia, respectively, compared to those without
memory complaints [13, 14]. The cumulative conversion rate of SCD progression to MCI and dementia is
about 20.76% and 7.23% with high heterogeneity [15]. Therefore, exploring the early changes of subjective
cognitive decline in preclinical Alzheimer’s disease and predicting the conversion risk are urgently required.

The transcriptome represents a quantitative phenotype that reveals the biological processes disrupted in
disorders. Despite the blood-brain barrier, blood expression data captured the majority of predictive molecular
pathways for neurodegenerative progression as identi�ed in brain expression data for AD [16]. Compared with
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brain and CSF biomarkers, blood-based biomarkers are more obtainable and require less invasive collection
methods. However, to our knowledge, no previous study has comprehensively evaluated the blood
transcriptomic pro�ling for SCD in preclinical Alzheimer’s disease.

Here, we performed RNA sequencing and microRNA sequencing on peripheral blood samples of SCD
(preclinical AD) subjects and age-matched elderly control subjects with normal cognition (NC). The same
procedures were also performed on MCI and AD blood samples as a comparison. We characterized the
transcriptomic changes across multiple levels, including gene expression, transcript isoform expression,
splicing, lncRNA and miRNA regulation networks, and the co-expression network (Fig. 1). We found that the
type I interferon signaling pathway was remarkably downregulated in SCD while upregulated in later stages,
possibly due to a comprehensive orchestration in multiple levels of transcriptional regulation. Outside data
showed that normal samples with lower expression of hub genes in the co-expression network module for the
type I interferon signaling pathway exhibited a higher disease conversion rate to MCI. The dysregulated
molecular pathways and hub genes in SCD would provide insight into the etiology of disease conversion and
serve as candidate biomarkers.

Results

Participant characteristics
To explore the potential mechanism of disease progression and identify candidate blood transcriptome
biomarkers, we performed RNA sequencing and microRNA sequencing on peripheral blood samples from 44
patients with subjective cognitive decline (SCD) in preclinical AD and 82 individuals with normal cognition
(NC), and assessed the peripheral blood transcriptomic dysregulation for SCD (Fig. 1). To observe the
dynamics of these changes as the disease progresses, 51 MCI, and 25 AD samples were also sequenced
following the same procedures as the SCD samples. To reduce the impact of comorbidities on the
transcriptome, individuals with a history of hematological diseases, tumor and brain diseases (e.g.,
Parkinson's disease) were removed. Table 1 showed the demographic and cognitive characteristics of the
enrolled participants from the four groups. The characteristics of the RNA sequencing data for the
participants can be found in Supplementary Fig. 1. Compared with the NC group, the SCD and MCI groups did
not show any signi�cant difference with respect to age, gender, or education, whereas the AD patients were
much older and had a higher proportion of APOE4 carriers than other groups. Both MCI and AD groups were
signi�cantly different from the NC group according to their cognition assessments, i.e. MMSE (Mini-Mental
State Examination), MoCA_B (Montreal cognitive assessment-basic), and ACEIII scores (Addenbrooke's
Cognitive Examination – III). The matched confounding factors between SCD and NC ensured that the
transcriptomic changes identi�ed in SCD mainly resulted from the disease state.
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Table 1
The characteristics of participants of each group.

  NC (n 
= 82)

  SCD (n = 44)   MCI (n = 51)   AD (n = 25) P-
valued

Mean
(SD) or
%

  Mean
(SD) or
%

P-
valuea

  Mean
(SD) or
%

P-
valueb

  Mean
(SD) or
%

P-
valuec

Age 64.37
(8)

  64.73
(7.18)

0.995   66.06
(7.72)

0.62   71.8
(8.6)

2.83e-
4

0.00055

Gender
(Male %)

32.93%   31.82% 1   23.53% 0.34   36% 0.97 0.62

Education 11.67
(4.31)

  12.07
(3.49)

0.94   10.16
(2.68)

0.13   10.08
(4.76)

0.28 0.029

APOE4 +
(%)

23.17%   11.36% 0.17   25.49% 0.92   40% 0.16 0.056

MMSE 27.76
(2.22)

  27.59
(1.63)

0.99   26.51
(2.05)

0.032   17.24
(4.79)

4.11e-
14

5.07e-
44

MoCA_B 25.45
(2.95)

  24.43
(2.94)

0.38   22
(3.21)

3.06e-
07

  12.32
(5.46)

4.12e-
14

3.22e-
39

ACEIII 80.51
(11.14)

  78.98
(7.54)

0.88   70.86
(9.36)

9.04e-
06

  51.08
(16.71)

4.65e-
14

1.89e-
24

NC = normal cognition; SCD = subjective cognitive decline; MCI = mild cognitive impairment; AD = Alzheimer's
disease; MMSE = Mini-Mental State Examination; MoCA_B = Montreal cognitive assessment-basic; ACEIII = 
Addenbrooke's Cognitive Examination - III; SD = standard deviation.

Results presented as mean ± SD or frequencies with proportions. Quantitative and categorical characteristics
differences were assessed with ANOVA and chi-square test, respectively.

a P-value for comparison between SCD and NC.

b P-value for comparison between MCI and NC.

c P-value for comparison between AD and NC.

d P-value for comparison among NC, SCD, MCI and AD.

The type I interferon signaling pathway is down-regulated in
SCD
Transcript isoform diversity and dysregulation show higher disease speci�city and are being increasingly
implicated in neurological and neurodegenerative diseases [17, 18], we therefore quanti�ed gene expression
at both gene and isoform-level. With the transcriptome data, we identi�ed 101 protein-coding genes and 360
transcript isoforms that were differentially expressed (P < 0.05 & |log2(Foldchange, FC)| > log2(1.3)) in the SCD
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group as compared with the NC group (Fig. 2A and Supplementary Table 1). Notably, although there was a
substantial overlap (P = 4.4e-155) between differentially expressed (DE) genes and isoforms, isoform-level
alterations exhibited larger fold changes (Fig. 2A) than the gene-level and disease speci�city (Supplementary
Fig. 2B-C), highlighting the importance of splicing dysregulation in preclinical AD pathogenesis. In accordance
with SCD as the earliest manifestation of AD, some previously reported AD-associated genes were identi�ed
here, such as NR3C1 and GSK3B [19, 20]. Consistent with previous results,[21], principal component analysis
(PCA) based on the DE genes and isoforms (Fig. 2B, Supplementary Fig. 2D-E) revealed moderately separated
clusters between disorders and normal controls. We also noted a scattered distribution of samples in each
group. Both of which indicate a high heterogeneity of expression pro�le of peripheral blood.

As shown in the volcano plot (Fig. 2C), some interferon (IFN) stimulated genes and their isoforms were
substantially downregulated in SCD, such as IFI27, OAS2, IFI44L, and RSAD2. Consistent with this �nding, the
interferon signaling pathway activity was signi�cantly inhibited in SCD (Supplementary Fig. 3A), as con�rmed
by ingenuity pathway analysis (IPA) [22], especially for the type I interferon signaling pathway (Fig. 2D,
Supplementary Table 2). Notably, STAT1, a key mediator of IFN signaling [23], was downregulated in SCD
(Fig. 2E, Supplementary Fig. 3B). STAT1 mediates cellular response to interferons, cytokines, and other growth
factors and activates the transcription of IFN-stimulated genes that target almost any step in a virus life cycle
[24]. Therefore, the downregulation of STAT1 and IFN stimulated genes and type I IFN signaling in SCD would
increase the replication of viral, like Herpesviridae. The bacterial and viral infections were reported to
contribute to the pathophysiology of AD or to cognitive decline, most frequently implicating Herpesviridae
[25].

Notably, the type I IFN signaling was activated in AD (Supplementary Fig. 3C-D, Supplementary Table 2),
which may arise from the feedback regulation of antiviral response. Furthermore, gene set enrichment
analysis (GSEA), takes all of the genes into consideration rather than only DE genes, which also gives
validation to type I IFN signaling being down-regulated in SCD while up-regulated in MCI and AD compared
with NC (Fig. 2F). The ISG (IFN-stimulated gene) score de�ning IFN signaling signature based on the mean of
expression of six ISGs (IFI44L, IFI27, RSAD2, SIGLEC1, IFIT1, and IS15) in this pathway [26, 27], was
signi�cantly reduced in SCD compared with NC and gradually increased in MCI and AD (Fig. 2G and 2H).
Together, these results demonstrated that in contrast to the MCI and AD stages, the SCD stage exhibited a
down-regulation of type I interferon signaling pathways.

STAT1, a key transcription regulator of type I IFN signaling, is differentially spliced in SCD

Alternative splicing is an important post-transcriptional regulation mechanism, contributing to isoform
diversity and protein complexity [28, 29]. Here, we identi�ed 138 genes with differentially local splicing (DS, P 
< 0.001) in SCD compared with NC (Fig. 3A, Supplementary Table 3). DS genes in SCD overlapped
signi�cantly (P = 0.0032) with DE transcript isoforms, indicating that local splicing could partially explain
isoform dysregulation. There were signi�cant pairwise overlaps of DS genes between three stages of AD
(Supplementary Fig. 4A). For example, differentially excised introns of NRF1, a transcription factor
contributing to the pathogenesis of neurodegenerative diseases via perturbation of diverse mitochondrial and
extra-mitochondrial functions [30], were found in SCD and AD (Supplementary Fig. 4D). However, DS genes in
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AD exhibited few overlaps with those previously identi�ed in brain transcriptome data (Supplementary
Fig. 4B-C) [31, 32], highlighting the tissue-speci�city of splicing events.

Differentially spliced type I IFN signaling genes in SCD signi�cantly overlapped with those that were
differentially expressed at the isoform level, including STAT1, STAT2, and MX1 (Fig. 3B and 3C), which may
partially resolve the dysregulation of the type I IFN signaling pathway. Notably, a DS intron cluster
(chr2:191874730–191878744) in STAT1 exhibited signi�cantly increased exon skipping in SCD (P = 1.22e-05)
and MCI (P = 7.4e-4) compared with NC (Fig. 3E). We identi�ed splicing quantitative trait locus (sQTLs) driving
or contributing to this DS using FastQTL [33], adjusting for known and inferred covariates (Supplementary
Fig. 5 and Supplementary Table 4). The most signi�cant SNP rs118149197 (P = 4.3e-20, Fig. 3F-G), located in
the UTR5’ region of STAT1, with a higher mutation burden in SCD and MCI than NC, was predicted to affect
RNA splicing by SPIDEX [34]. Individuals with this variant had a signi�cantly higher PSI (percent spliced in) of
this intron cluster (Fig. 3F). Consistent with a previous observation that DS events might predict the aberrant
expression of isoforms [17], some transcripts of STAT1 showed signi�cantly decreased expression and
transcript usage in SCD, like STAT1-201 and STAT1-223 (Fig. 3H and Supplementary Fig. 6). As described
above, STAT1 is one of the key transcription regulators of type I interferon signaling and activates the
transcription of IFN-stimulated genes. Therefore, the dysregulated splicing and expression of STAT1 in SCD
patients may reduce their response to interferons and the defense to viruses (e.g, herpes simplex).

NRIR and has-miR-146a-5p, upstream regulators of type I IFN signaling genes, are dysregulated in SCD

Long noncoding RNAs (lncRNAs) and miRNAs regulate gene expression at epigenetic, transcriptional, and
post-transcriptional levels [35, 36]. They play a key role in neurogenesis, neuronal maturation, neuronal
function, and neuronal survival, and thus are involved in many neurological diseases like epilepsy and AD
[37–39]. Here, we sought to explore the regulation of ncRNAs for the IFN signaling genes in SCD.

Based on GENCODE annotations, we identi�ed 8 lncRNAs exhibiting differential expression in SCD compared
with NC (Fig. 4A, Supplementary Table 5). Notably, as shown in the volcano plot (Fig. 4B), NRIR was
remarkably down-regulated (log2FC = -0.80; P = 1.9e-4) in SCD. The expression of this lncRNA was slightly
increased in MCI (log2FC = 0.2), and signi�cantly elevated in AD (log2FC = 0.6; P = 0.06) (Fig. 4C). Consistent
with NRIR driving interferon response in human monocytes [40], NRIR exhibited signi�cantly positive
correlation with the ISG score (R = 0.85, P < 2.2e-16, Fig. 4D) for the type I IFN signaling and STAT1 (R = 0.85, P 
< 2.2e-16, Supplementary Fig. 7), indicating that decreased expression of NRIR might play a regulatory role in
the impaired interferon activity of SCD.

To assess the potential role of miRNAs dysregulation in transcriptomic alteration, we performed genome-wide
miRNA expression pro�ling in samples with mRNA sequencing. We identi�ed differently expressed miRNAs
(Fig. 4E, Supplementary Table 6) and predicted their target genes. We noted has-miR-125b-5p and hsa-miR-
33a-5p, two blood-based miRNA biomarkers for diagnosis of AD [41], were dysregulated in both SCD and AD.
Several miRNAs signi�cantly targeted genes in the type I IFN signaling pathway (FDR < 0.05, Supplementary
Table 7). Notably, has-miR-146a-5p showing the most signi�cant enrichment (FDR = 6.3e-15), signi�cantly
targeted and negatively regulated down-expressed type I IFN genes in SCD, such as STAT1 (Fig. 4F), IFIT1, and
ISG15. Compared with NC, It was slightly up-regulated in SCD and returned to normal in MCI and AD (Fig. 4G).
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The negative correlation (R = -0.38, P = 3.0e-8) between the PC1 of type I IFN signaling genes and the PC1 of
miRNAs that targeted these genes (Fig. 4G) suggests that the accumulation of slightly upregulated miRNA
negatively regulates the type I IFN signaling pathway.

Co-expression network module negatively associated with
SCD is enriched for IFN signaling pathway
To further gain a systematic understanding of the relationship between expression changes and disease
status and regulatory interactions among molecules, we performed integrated weighted gene co-expression
network analysis (WGCNA) for protein-coding mRNAs and lncRNAs at gene and isoform levels, and miRNA to
assign individual RNAs into network modules [42].

We identi�ed 18 gene modules (Fig. 5A) summarized by eigengenes (i.e., PC1) in SCD, and assessed the
association between them and disease status and covariates. The module M5 was signi�cantly negatively
correlated with disease status (Pearson’s correlation, R = -0.23, P = 0.01) but not with any confounding factors
such as age or gender, suggesting that this module was primarily driven by the SCD status. It showed a
remarkably positive correlation with the ISG score (Pearson’s correlation, R = 0.93, P = 3e-55) and was enriched
for the interferon signaling pathway (Fig. 5B). WGCNA permits screening for the hub genes that may be
promising biomarkers for diagnosis and prediction of outcomes of disease [43]. We evaluated the module
membership (MM, correlation of gene expression with the module eigengene) and gene signi�cance (GS,
mediated P-value of each gene (GS = -log10P) in the linear regression between gene expression and the
clinical traits) for each gene in the identi�ed modules [43]. Several hub genes with both higher correlation with
diagnosis (GS > 0.2) and higher module connectivity (MM > 0.80) were identi�ed in module M5 (Fig. 5C,
Supplementary Fig. 8), including the transcription factor STAT1 and lncRNA regulator NRIR of IFN signaling
identi�ed above. Besides, STAT2, another key mediator of the JAK-STAT pathway, had the highest within-
module connectivity (MM = 0.94) and a strong correlation with SCD (GS = -0.22), suggesting an association
with SCD and a key role in the regulation of the interferon signaling. The isoform-level network of SCD
(Supplementary Fig. 9) captured the generally equivalent interferon module (i.e., module M5), as well as a
module M12 related to neutrophil degranulation, mRNA metabolism, and mRNA splicing, demonstrating the
importance of splicing dysregulation. In contrast to what we found in SCD, modules of virus infection (module
M11) and interferon signaling (module M19) in the AD co-expression network were signi�cantly upregulated
(Supplementary Fig. 10).

STAT1 and TRIM22 may serve as candidate biomarkers for conversion to MCI

We further sought to determine whether the hub genes could be candidate biomarkers for disease conversion
in a longitudinal dataset (i.e., Alzheimer's Disease Neuroimaging Initiative, ADNI). A total of 743 participants
(245 objectively NC, 382 MCI, and 116 AD) underwent Affymetrix array sequencing for blood transcriptome.
Objectively NC participants were divided into two groups based on the median expression level of each hub
gene. For 16 out of 23 hub genes (Supplementary Table 8), individuals of the lower-expression group carried a
higher risk of conversion to MCI/AD compared with the higher-expression group, particularly for TRIM22 (P = 
0.0022, Fig. 5C) and STAT1 (P = 0.0031, Fig. 5D). In the two groups with lower expression of STAT1 or
TRIM22, 26 of 122 samples converted to MCI and 1 converted to AD, which was more than twice the
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conversion rate of the higher-expression group. STAT1 mediates the actions of IFNs and cytokines and
upregulates genes causing pathogen response [44]. TRIM22 is an IFN-inducible TRIM family protein that
restricts the replication of viruses via either regulating innate signaling pathways or serving as a viral
restriction factor [45]. Thus, the down regulation of STAT1, TRIM22, and interferon signaling would weaken
the cellular antiviral ability, increase virus replication (like replication of Herpseviridae) [46], and increase the
risk of disease conversion. As expected, samples with low interferon activity had a high conversion rate when
taking the �rst quartile of the ISG score as the threshold (Fig. 5E). Overall, this indicates that STAT1 and
TRIM22, hub genes of the interferon signaling module, could be candidate biomarkers for disease conversion.

Discussion
We present a comprehensive RNA-seq analysis for preclinical AD, including protein-coding and long
noncoding genes at gene and isoform levels, local splicing, and miRNAs, as well as an integrative miRNA-
mRNA-lncRNA co-expression network. We noted transcript isoforms exhibited larger effect sizes and disease
speci�city, highlighting the importance of splicing dysregulation in disease pathogenesis. We found that the
activity of interferon signaling pathways was signi�cantly down-regulated in SCD but up-regulated in MCI and
AD. The impaired IFN activity in SCD may arise from differential splicing, the regulation of lncRNA (e.g., NRIR)
and miRNA (e.g., has-miR-146a-5), and regulation of hub transcription factors (e.g., STAT1 and STAT2). We
also identi�ed two positive regulatory hub genes (STAT1 and TRIM22) of the interferon signaling module to
be candidate biomarkers for disorder conversion. Objectively NC individuals with lower interferon signaling
activity and expression of STAT1 or TRIM22 in ADNI exhibited a signi�cantly higher conversion rate to MCI.

The accumulating evidence supports the long-standing infectious hypothesis for AD etiology, such as the
presence of the herpes virus in brains and amyloid plaques of AD patients, and the increased risk of dementia
in samples with herpes infection [47–49]. The in�ammation for AD hallmarks has long been recognized;
in�ammation leads to the aggregation of Aβ plaques and tangles, which in turn can lead to more
in�ammation [50]. This cascade could be initiated by microbial pathogens. Alternatively, the presence of Aβ
and tau in brain is the protective response against infection [51]. INFs are are a group of cytokines released by
host cells to protect the cells from viral infections [52]. Individuals with declined interferon signaling activity
might have a higher risk of viral infections like Herpseviridae, and thus increased risk of progression to AD.
Increased viral infection or replication would cause a feedback up-regulation of the antiviral response [53],
which explains the up-regulation of defence response pathways in MCI and AD.

Antiviral treatment was associated with decreased risk of dementia [54]. A pilot trial of IFNβ1a for early mild-
to-moderate Alzheimer’s patients showed the treatment group revealed signi�cant improvements in the
instrumental activities of daily living and physical self-maintenance scale compared with the placebo group,
indicating a potential protective role for antiviral treatment against dementia development [55]. Therefore,
interferon supplementation for preclinical AD patients with impaired interferon activity might prevent or delay
disease progression. Nevertheless, the epidemiological evidence indicated treatment of patients with non-
steroidal anti-in�ammatory drugs prior to the development of AD reduced the possibility of developing the
disease. Therefore, it’s also crucial to assess disease heterogeneity, the time point of initiation, and the
duration of treatment.
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There are some limitations in this study. First, although blood-based biomarkers are attractive for their easy
availability, gene expression data using peripheral blood is easily affected by underlying factors. We noted
samples exhibited higher intra-group heterogeneity and moderate inter-group differences. Second, Alzheimer’s
disease is a heterogeneous disease with diverse pathophysiologic mechanisms [53], the current sample size
is not enough to capture molecular subtypes, which is critical for precision medicine. Third, the study was
designed as a cross-sectional analysis, although several dysregulated pathways and candidate biomarker
features were proposed, further longitudinal large-scale studies are needed to support the dynamics of
signalings and the validity of high-risk features.

Collectively, our integrative analysis of different transcriptome biotypes at multiple levels revealed the blood
transcriptional changes across progression stages of AD, particularly in SCD. These data consistently
demonstrate that interferon signaling pathways are signi�cantly down-regulated in SCD. We propose two
candidate biomarkers, STAT1 and TRIM22, for conversion to MCI/AD. Our �ndings provide an alternative
hypothesis of disease progression mechanisms and guidance for disease prevention and intervention.

Methods

Sample collection
Whole blood samples and clinical data of 222 participants were obtained from Shanghai Sixth People's
Hospital, including 49 SCD (preclinical AD) samples, 57 MCI samples, 28 AD samples, and samples from 88
elderly subjects with normal cognition (NC). They were diagnosed according to the criteria of National
Institute on Aging-Alzheimer's Association workgroups and the Subjective Cognitive Decline Initiative, SCD-I
and NIA-AA. All case metadata, including age, sex, education, cognitive function, disease history, and APOE
genotype are provided in Supplementary Table 9. Written informed consent was obtained from all participants
under protocols approved by the Institutional Review Board. After excluding individuals with comorbidities, a
total of 202 participants, comprising 82 NC, 44 SCD, 51 MCI, and 25 AD samples, were �nally enrolled in this
study.

mRNA library preparation, sequencing, mapping, and
quanti�cation
2.5 ml human whole blood was collected in PAXgene Blood RNA Tubes. Total RNA was extracted using the
PAXgene Blood RNA Kit as per manufacturer's instructions (Qiagen). Then the integrity of the total RNA was
determined by a 2100 Bioanalyser (Agilent) and quanti�ed using a NanoDrop (Thermo Scienti�c). About 1 ug
high-quality or media-quality RNA sample (OD260/280 = 1.9 ~ 2.0, RNA integrity number (RIN) ≥ 8) was used
to construct the sequencing library. Then, rRNA was depleted (RiboZero Gold, Illumina) and libraries were
prepared using the TruSeq v2 kit (Illumina) to construct stranded libraries. Libraries underwent 150-bp paired-
end sequencing on an Illumina NovaSeq™ 6000.

All mRNA-seq samples were analyzed following the long-RNA-seq-pipeline of ENCODE Consortium. RNA-seq
reads in FASTQ format were inspected using the FastQC [56]. Barcode and adapter contamination and low-
quality bases (Phred score < 30 at ends) were trimmed using cutadapt (v1.18). Trimmed reads were then
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aligned to hg19 reference genome using Gencode V33lift37 annotations via STAR (v2.4.2a) in 2-Pass
mode[57]. Gene and isoform-level quanti�cations were evaluated using RSEM (v1.3.3) [58]. There was no
signi�cant difference in RNA integrity number (RIN), number of raw reads, and uniquely mapped reads among
those four groups. On average, 46.0 million raw reads were sequenced, with 35.0 million reads uniquely
mapped to the human reference genome (hg19) (Supplementary Fig. 1).

miRNA library preparation, sequencing, mapping, and
quanti�cation
miRNA libraries were prepared with the QIAseq miRNA Library Kit (QIAGEN) according to the manufacturer’s
instructions. Libraries were sequenced on the Illumina NovaSeq™ 6000 with 150bp paired-end sequencing.
Only R1 reads were used for later analysis. RNA-seq reads in FASTQ format were inspected using FastQC.
Adaptor sequences were removed from the raw R1 reads using Cutadapt. Reads < 18 nt and untrimmed reads
were discarded.

For quanti�cation of mature miRNAs, the genome (hg19) index �le was �rst built by bowtie-build [59]. Then
trimmed miRNA reads were mapped to the indexed hg19 reference genome using the mapper.pl script in the
miRDeep2 package [60]. The miRDeep2.pl was run with default settings to quantify the number of reads
mapped to mature miRNAs in miRBase (release 22.1) [61, 62].

Differential expression analysis
Expected counts were compiled from gene and isoform-level RSEM quanti�cations and imported into R for
downstream analyses. To avoid the effect of comorbidity on blood transcriptome pro�le, samples with a
disease history of hematological disease, tumor, brain disease, and psychiatric disease (e.g., Parkinson's
disease) were excluded. Genes/isoforms were �ltered to include those with TPM > 1 in at least 25% of
samples. MiRNA samples were �ltered to include those with count > 3 in at least 50% of samples. Removing
low expressed genes/miRNAs and comorbidity samples resulted in 12,664 genes and 36,005 isoforms, and
811 miRNAs of 202 participants.

Differentially expressed genes (DEG), differential expressed transcript isoforms (DET), and differential
expressed miRNA (P-value < 0.05, |log2(FC)| > log2(1.3)) were identi�ed using R package Deseq2 [63] with
controlling for covariates (age, gender, and RNA integrity number (RIN)). Normalized expression matrices after
correcting for library size were obtained for downstream analysis.

Differential Local Splicing (DS) analysis
We used LeafCutter [64] to obtain clusters of variably spliced introns. First, the above bam �les produced by
the STAR 2-pass were converted into junction �les. Then, the introns found in the junction �les were clustered
together with default settings. Third, the LeafCutter leafcutter_ds.R script was used to perform differential
splicing between each stage (SCD, MCI, and AD) and the normal cognition (NC) group. Only introns with at
least one supporting read in > 5 samples, and > 3 samples in each group having at least 20 reads were
retained. A signi�cance �le (P-value) and an effect-sizes (DeltaPSI, Percent-spliced-in) �le were returned. Next,
differential local splicings were further annotated using prepare_results.R script as annotated for cryptic
(cryptic 5’, cryptic 3’, cryptic unanchored, or novel annotated pair) based on Gencode V33lift37 annotations.
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Finally, DS clusters were schematically visualized using the LeafCutter shiny app. DS intron clusters and
domains were mapped onto transcripts using gViz (v1.32) and ensembldb (v2.12.1) R packages.

Splicing quantitative trait loci (sQTL) discovery
FastQTL [33] was used to identify cis-splicing QTLs (sQTLs) within regions of +-100kb of the intron clusters.
SNPs genotypes were called from whole-genome sequencing data following the GATK4 pipeline [65], and
�ltered based on Hardy-Weinberg equilibrium (-hwe 1e6), minor allele frequency (-maf 0.01), individual
missing genotype rate (-mind 0.10), and variant missing genotype rate (-geno 0.05) using PLINK v1.9 [66]. The
intron excision ratios phenotype data and hidden covariates (top5 PCs) were prepared using
prepare_phenotype_table.py in LeafCutter. sQTLs were identi�ed adjusting for the inferred hidden covariates
and known covariants (i.e, diagnosis, gender, age, education, and cognitive score) in both nominal and
permutation pass modes.

Prediction of miRNA targets
miRNA targets were extracted from an experimentally supported miRNA-mRNA interactions database
(miRTarBase v7.0; http://mirtarbase.mbc.nctu.edu.tw/) [67] and a predicted miRNA-targets interactions
database (miRDB v6.0; http://mirdb.org ) [68, 69] that predicted from high-throughput sequencing
experiments with the miRNA sequences from miRBase version 22.

Enrichment analysis
To gain further insight into the biological functions of differentially expressed genes, we performed
enrichment analysis of gene ontology (GO) biological processes, KEGG, and Reactome pathways using R
package gPro�leR (v0.7.0; https://biit.cs.ut.ee/gpro�ler/) [70], where only pathways containing less than 500
genes were assessed. We also performed IPA [22] (Ingenuity Pathway Analysis; QIAGEN) to predict whether
the pathway is activated or inhibited. To further determine whether the gene sets de�ned based on prior
biological knowledge shows statistically concordant up or down-regulation in disease (SCD, MCI, and AD)
compared with NC, the enrichment of GO and KEGG and Reactome gene set in the molecular signature
database (MSigDB) was performed using normalized expression matrix of all genes as input by applying
GSEA (V4.1.0) [71, 72]. To explore the biological processes enrichment of the WGCNA module (below), we
performed enrichment analysis of gene ontology (GO) biological processes, KEGG, and Reactome pathways
using R package gPro�leR (v0.7.0; https://biit.cs.ut.ee/gpro�ler/) [70], where only pathways containing less
than 500 genes were assessed.

Weighted gene coexpression network analysis (WGCNA)
To explore the pattern of correlations between all possible pairs of genes (including protein-coding genes,
lncRNA, and miRNA) and identify their modules, signed networks were constructed with the R package
WGCNA [42] using a normalized expressed matrix at gene and isoform-levels separately. Top 5000 high
median absolute deviation (MAD) genes/isoforms were used for analysis since low-expressed or non-varying
genes usually represent noise. Soft thresholding power was picked as the minimum value satisfying R2 > 0.8.
Networks were constructed using the blockwiseModules function using parameters of mergeCutHeight = 0.15
and deep split = 2. Modules were summarized by module eigengene (ME) that was de�ned as the �rst
principal component (PC1) of the module. Module (eigengene)-disease associations were evaluated using



Page 12/22

Pearson’s correlation. For each gene in the modules, the module membership (MM, correlation of its gene
expression pro�le with the module eigengene of a given module) and gene signi�cance (GS, mediated P-value
of each gene (GS = -log10P) in the linear regression between gene expression and the clinical traits) were
evaluated. Hub genes were identi�ed based on the cut-off criteria (|MM| > 0.8 and |GS| > 0.2).

Differential expression analysis and Survival analysis in ADNI
An independent AD blood gene expression data, sequenced using the Affymetrix Human Genome U219 Array
and normalized using the RMA (Robust Multi-chip Average), were obtained from the ADNI
(http://adni.loni.usc.edu) [73]. Samples with normal objective cognition were divided into two groups based
on their expression higher or lower than the median level. To compare the conversion rate of the two, Kaplan-
Meier survival curves were �tted and plotted using survival and survminer R packages.

Statistical analyses
Statistical analysis was performed using R (version 4.0.2). Demographics were compared using ANOVA
(analysis of variance) test for continuous variables and a chi-squared test for categorical variables.
Comparison of gene expression and PSI between disorders and NC was performed using a two-tailed
Student’s t-test and Wilcoxon test. Correlations between module eigengenes and phenotype traits were
assessed with Pearson’s correlation. Overlaps of DE genes between two sets were assessed using a
hypergeometric test. To correct for multiple comparisons, the Benjamini-Hochberg method was applied.

Data availability
All the RNA and miRNA sequencing data have been deposited in the Genome Sequence Archive for Human
(GSA-Human) in National Genomics Data Cencer (NGDC). Please access them from the following link:
https://bigd.big.ac.cn/gsa-human/browse/HRA000942. The ADNI data used in this study were obtained from
the ADNI database (https://adni.loni.usc.edu).

Code availability
All custom code used in this work is available at the following GitHub repository:
https://github.com/ZhaoXM-Lab/SCD_preAD.
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Figure 1

Study design and overview of the study.

Figure 2

Downregulation of the interferon signaling pathway in SCD. (A) Fold change (FC) histograms for up (positive
number) or down-regulated (negative number) protein-coding genes (blue) and isoforms (yellow) in SCD. Abs:
absolute. (B) PCA plot on differentially expressed genes and isoforms of SCD. (C) Volcano plot displaying the
statistical signi�cance (P-value) versus magnitude of change (fold change) of protein-coding genes and
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transcripts in SCD compared with NC. DE genes/isoforms with |log2(FC)| > 1 are highlighted. (D) Pathway
enrichment analysis for genes that were differentially expressed at gene or isoform level in SCD. The top 5
enriched pathways are shown. Blue and yellow represent down and up-regulated pathways, respectively. The
red dashed line indicates the signi�cance threshold (FDR = 0.05). (E) IPA canonical pathway for interferon
signaling. Blue shading represents down-regulated genes. (F) GSEA in type I interferon signaling pathways
across disorders. Barplot shdows the normalized enrichment score (NES) and signi�cance. A
positive/negative NES value indicates up/down-regulation of this geneset in disease compared with NC.
Three stars represent for P-value < 0.001, two stars for P-value < 0.01. (G) Fold changes of ISG genes (IFI44L,
IFI27, RSAD2, SIGLEC1, IFIT1, and IS15) de�ning the IFN signature at gene and isoform level across disorders.
(H) ISG score of each group based on the mean expression of these six signature genes. Error bar indicates
95% con�dence interval of ISG score. P values were determined with the two-tailed t-test.

Figure 3
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Differential local splicing in SCD. (A) Overlaps between signi�cant DE genes (DEG), DE transcript isoforms
(DET), and genes with signi�cant differentially spliced (DS) intron clusters in SCD. P values for
hypergeometric tests of pairwise overlaps between data types are shown at the bottom. Blue, yellow, and red
indicate DS, DEG, and DET, respectively. (B) Overlaps between signi�cant DE genes (DEG), DE transcript
isoforms (DET), and DS of IFN signaling genes in SCD. (C) The signi�cance of DS IFN signaling genes in SCD.
(D) Whole-gene view of STAT1 highlighting (blue block, chr2:191874730-191878744) the intron cluster with
signi�cant DS in SCD (P = 1.2e-5) and MCI (P = 7.4e-4), as well as transcripts STAT1-201, 203, 221 and
STAT1-223 that differentially expressed in SCD. Protein domain mappings from the Pfam database [74] are
shown in yellow. STAT_int, STAT protein, protein interaction domain; STAT_alpha, STAT protein, all-alpha
domain; STAT_bind, STAT protein, DNA binding domain; SH2, SH2 domain; STAT1_TAZ2bind, STAT1 TAZ2
binding domain. The red line denotes the sQTL rs118149197. (E) The distribution of individual PSI (percent
spliced in) for the intron cluster in (D). Samples with rs118149197 were denoted with red points. P values
were determined with the Wilcoxon test. (F) PSI distribution for samples with different rs118149197
genotypes. (G) Fold Changes of differentially expressed transcripts of SCD in each disorder.

Figure 4

Dysregulation of ncRNAs regulated type I interferon signaling. (A) The number of differentially expressed long
non-coding genes at gene (blue) and isoform (yellow) levels in SCD, MCI, and AD. (B) Volcano plot displaying
the statistical signi�cance (P-value) versus magnitude of change (FC) of long noncoding genes and
transcripts in SCD compared with NC. (C) Distribution of normalized expression level of NRIR in each group.
(D) Correlation between ISG scores and normalized expression of NRIR. (E) Up and down-regulated miRNAs
among disorders. (F) Correlation between normalized expression of has-miR-145a-5p and STAT1. (G)
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Distribution of normalized expression level of has-miR-145a-5p in each group. (H) Correlation between the
PC1 of type I IFN signaling genes and the PC1 of miRNAs that target these genes.

Figure 5

Hub genes of co-expression interferon signaling module serve as candidate biomarkers for conversion to MCI.
(A) Pearson’s correlation between module eigengenes and phenotype traits. Left module-blocks represent the
miRNA-lncRNA-mRNA co-expression modules at the gene level de�ned in SCD. Correlation coe�cients (top)
and P-value (bottom) are shown in the grid, where red and blue colors indicate positive and negative
correlations, separately. Only signi�cant associations (P < 0.05) are displayed. (B) Top 5 enriched pathways
of genes in the module M5. (C) The network of genes in the module M5, where only interaction edges with
adjacency threshold > 0.15 are plotted. Edge thickness and node size correspond to pair-wise correlation and
node connectivity, separately. Node shapes represent different biotypes. Hub genes are highlighted with the
red nodes. (D-E) The Kaplan-Meier curves showing the 6-year disease conversion of cognitively normal
participants in ADNI (Alzheimer's Disease Neuroimaging Initiative) grouped by the median expression of
marker genes. (D) for TRIM22 and (E) for STAT1. Yellow and blue denote higher or lower than the median
level, respectively. (F) The Kaplan-Meier curves showing the disease conversion of samples grouped by the
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�rst quantile expression of the ISG score. Yellow and blue represent higher and lower than the �rst quartile
(Q1) of the ISG score, respectively.
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