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Abstract: Alzheimer’s disease (AD) is a multifaceted neurodegenerative disorder characterized by cognitive
decline and neuronal loss, representing a most challenging health issue. We present a computational analysis
of transcriptomic data of AD tissues vs. healthy controls, focused on elucidation of functional roles played by
long non-coding RNAs (IncRNAs) throughout the AD progression. We first assembled our own IncRNA
transcripts from the raw RNA-Seq data generated from 527 samples of dorsolateral prefrontal cortex, resulting
in the identification of 31,574 novel IncRNA genes. Based on co-expression analyses between mRNAs and
IncRNAs, a co-expression network is constructed. Maximal subnetworks with dense connections are identified
as functional clusters. Pathway enrichment analyses are conducted over mRNAs and IncRNAs in each cluster,
which serve as the basis for the inference of functional roles played by IncRNAs involved in each of the key
steps in an AD development model that we have previously build based on transcriptomic data of protein-
encoding genes. Detailed information is presented about the functional roles by IncRNAs in activities related
to stress response, reprogrammed metabolism, cell-polarity, and development. Our analyses have also
revealed that IncRNAs have discerning power in distinguishing between AD samples of each stage and healthy
controls. This study represents the first of its kind.
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1. Introduction

Alzheimer’s disease (AD) is a complex disease with numerous pathological changes, such as
altered homeostasis of extra- and intracellular pH [1,2], disrupted equilibrium of crucial intracellular
ions such as N} and K* [3,4], chronic inflammation, heightened oxidative stress [5,6], elevated
neurotoxicity, and extensive neuronal apoptosis [7,8]. While considerable attention has been devoted
to unraveling the causes and consequences of amyloid-beta (A{) plaque development and Tau-based
neurofibrillary tangle (NFT) formation in the past three decades, recent studies have raised doubts
regarding their proposed central roles in the reduced cognitive capacities in AD patients [9]. Instead,
a preponderance of evidence suggests extensive neuronal death in specific cerebral regions as the key
determinant of the cognitive decline in the affected individuals [10]. Although great amounts of omics
data and information amassed in the field of AD research, disentangling the intricate causal
relationships among these pathological conditions and their relevance to the extensive neuronal loss
remains a great challenge. Numerous hypotheses have been put forward regarding the drivers and
key mechanisms of the development of AD, including oxidative stress in mitochondria [11], and
dysregulated intracellular pH, which can impair the functions of acidic organelles like endosomes
and lysosomes, thereby detrimental to the host neurons [12,13]. Additionally, the formation of Tau
aggregates can precipitate cell death [14], while overexpression of the amyloid precursor protein
(APP) may contribute to Af3-associated neuronal death in advanced AD tissues [14].
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Like in studies of other human diseases, vast majority of the published work on AD has been
protein-centric [15] while the roles played by long non-coding RNAs (IncRNAs) have been largely
un- or underexplored [13]. Limited knowledge about IncRNAs in the pathogenesis of AD includes
those involved in amyloid formation [16], Tau protein hyperphosphorylation [17], and oxidative-
stress response [18]. As a comparison, the functional roles played by IncRNAs under physiological
conditions have been extensively studied in brain development, homeostasis, oxidative stress
response, plasticity, and evolution [11-13]. It has been well established that 40% of the human
IncRNA genes are expressed in the brain, hence there should be no surprise if IncRNAs play
important roles in AD pathogenesis.

In this study, we have performed transcript-level assembly of all RNAs from raw RNA-seq data
collected from the prefrontal cortex tissues of both healthy individuals and AD patients, which are
publicly available [19]. The reason for doing our own assembly of transcripts is that the available
transcripts of RNA-genes in AD tissues in the public domain are far from being adequate for
meaningful analyses. Specifically, transcripts for only 11,300 IncRNA genes have been detected in
AD tissues and made publicly available, which is clearly too low, knowing that overall, 228,048
transcripts for 48,479 IncRNA genes have been detected in healthy human tissues and publicly
available. Our assembly resulted in 431,781 transcripts for 55,098 IncRNA genes, having considerably
expanded the numbers of both the transcripts and the genes.

It has been well established that AD tissue cells have increased intracellular pH with a pH at
roughly 7.037 and decreased extracellular pH at 6.85, compared to the normal ones at ~7.028 [20] and
6.9 [21,22]. We have conducted a computational analysis of the transcriptomic data of AD tissues vs.
controls, coupled with computational chemistry analyses, to address two main questions: (1) what
are the causes and consequences of AD cells intracellular alkalization? and (2) what are the causes
and consequences of AD cells extracellular acidification? Our answers to these questions naturally
give rise to a model for AD formation and development (manuscript under review), consisting of the
following key steps and illustrated in Figure 1:
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Figure 1. A model for two vicious cycles driven by Fenton reactions throughout the progression of
AD.

1) chronic inflammation (chemically, the levels of H,0, and O3 are significantly increased)

coupled with iron and/or copper accumulation leads to persistent Fenton reaction in mitochondria:
F2+

3 cd
05 + H,0, —-OH + OH™ + 0, or 05 + H,0, > -OH + OH™ + Oy;
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2) mitochondrial persistent Fenton reactions drive the pH up, leading to cell death if not
neutralized; 3) multiple acidifying metabolic reprograms are induced to produce H* to keep the pH
stable, with the key ones being hydrolysis of glutamine to glutamate and NHj, catalyzed by GLS:

Gln+ H,0 - Glu+NH, + H*

and hyperphosphorylation of the Tau proteins bound with microtubules, which produces one H* per
phosphorylation, resulting in acidic Tau fiber structure [23]; 4) persistently produced Glu are released
into the extracellular space; 5) the over-produced and released glutamates drive the neighboring
neurons hyperexcited, which gives rise to over-production and release of acidic synaptic vesicles,
hence resulting in acidification of the extracellular space; 6) under physiological conditions, the H*
released by synaptic vesicles will be neutralized by bicarbonates released by nearby astrocytes while
under the condition of increasing extracellular acidification, the release rate of bicarbonate by
astrocytes could not keep up with the release rate of synaptic vesicles, forming one vicious cycle
involving increased extracellular K*level and further decreased extracellular pH; 7) as the disease
evolves, the extracellular level of glutamate accumulation increases, as a result of a second vicious
cycle involving decreased extracellular Na*level, further decreased extracellular pH, and reduced
ability to clear extracellular glutamates; 8) a key response to progressively increasing extracellular
acidification, cells increase their release rate of C}, resulting in extracellular Fenton reaction:

.

05 + H,0, =% .0H + OH™ + 0,
which helps to slow down the extracellular acidification in two ways: the persistent production of
OH™ and the formation of alkaline AS plaques [24] as the result of interactions between - OH and
A monomers [25].

Our analyses have revealed that extracellular acidosis represents the leading cause for neuronal
cell death in AD, followed by the formation of Af plaques only in advanced stage AD while its plays
a role in slowing down the extracellular acidosis in the early phase of the disease (manuscript under
review).

Compared to this summary of our previous work, the current study focuses on the functional
roles played by IncRNAs throughout the disease development of AD. To study the progression of
AD, we have developed a pseudo-time course based on the AD tissue samples under study, arranged
in the increasing order of the sum of the absolute values of the differential expressions of genes in a
disease tissue vs. controls. Using this ordered list, we have made the following observations
regarding IncRNA gene’s involvement in AD pathogenesis:

1. Expressed IncRNAs are primarily involved in the upregulated functions in AD tissues,
ranging from immune activities, metabolisms to cell polarity and stress-responses, which seem to
play driving roles of the disease progression, while only a few IncRNAs are involved in
downregulated functions;

2. The most enriched pathways by IncRNAs expressed in AD tissues are relevant to oxidative
stress;

3. LncRNA-mediated reprogrammed metabolisms are involved in alleviating intracellular
alkaline stress and extracellular acidic stress; and

4. LncRNA as biomarkers have strong predictive power in distinguishing (early-stage) AD
patients from healthy controls.

To the best of our knowledge, this is the first large-scale analysis of the functional roles played
by IncRNAs throughout AD development.

2. Results

2.1. Identification and Characterization of Novel [ncRNAs

We have assembled the transcriptome from raw RNA-seq data of 527 AD and control tissue
samples, and then removed transcripts for protein genes (Data and Methods). This resulted in 55,098
predicted IncRNAs. The clinical information of these samples was summarized in Supplementary
Table S1.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6116417/#ec0005
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6116417/#ec0005
https://doi.org/10.20944/preprints202407.0848.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 July 2024 d0i:10.20944/preprints202407.0848.v1

Of these IncRNAs, 31,574 are of high-quality and novel, namely not present in the GENCODE
database [26], as summarized in Figure 2A and detailed in Data S1. 41.79% of these transcripts were
in intergenic regions, 46.24% in the intronic regions, and 11.97% are antisense of protein-encoding
genes (Figure 2B), suggesting their possible roles in transcription regulation of the relevant protein
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Figure 2. Prediction of novel IncRNAs in AD tissues. A. Venn analysis of the predicted novel IncRNAs
using five software: CNCI, CPC, CPP2, PLEK and CAPT. B. Classification of predicted novel
IncRNAs. C. Exon numbers in protein-coding genes, known IncRNA genes, and novel IncRNAs. D.
OREF length distributions of protein coding genes, known IncRNAs, and novel IncRNAs. E. Sequence

lengths of protein-coding genes, known IncRNAs, and novel IncRNAs.

Previous studies have shown that IncRNAs in mammals are shorter in length and have fewer
exons than protein-coding genes [27-29]. To examine whether the IncRNAs expressed in AD samples
have the same characteristics, we have compared the structures of our assembled IncRNA transcripts
(Figure 2C-E), using the two-sided Wilcoxon test [30]. We note that the InRNAs tend to have
considerably shorter average lengths than mRNAs, 1,521 bp vs. 1,842 bp with p-value <2.22e-16 as
shown in Figures 2C and S1. And they tend to reside in shorter open reading frames (ORFs) vs.
protein genes, having averages 279 bp vs 759 bp with p-value < 2.22e-16 as shown in Figures 2D and
S1; and each encoded by smaller numbers of exons, two vs. five with p-value < 2.22e-16 (Figures 2E
and S1).

2.2. LncRNAs’ Roles in AD Formation and Development

To study how the phenotypic changes of the disease with the progression of AD, consider binl,
bin2, bin3, bin4 (Figures 3A). Construct a IncRNA-mRNA interaction network over samples in each
bin (see METHODS), resulting in 45, 54, 47, and 35 clusters in the four bins, respectively. This is
followed by a pathway enrichment analysis over samples in each bin, resulting in a total of 8,000
distinct pathways.
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Figure 3. Statistics related to the pathological progression of IncRNAs in AD. A. The relative changes
in the levels of AP plaques, Tau fibers, intracellular alkalinity, extracellular acidity, oxidative stress,
and apoptosis compared to controls throughout the disease progression. B. Category statistics of
different upregulated pathways in different bins. C. Category statistics of different downregulated
pathways in different bins.

We grouped these pathways into six categories: development-related, immune activity,
metabolism, neural function, cell polarity, and stress response. We note: (1) the number of
downregulated pathways in each category remains generally stable across the four bins, namely
throughout the progression of an AD; (2) the numbers of upregulated pathways in the categories of
development-related, immune activity, metabolism, cell polarity, and stress response each increase
with the disease progression, while those in neural function remain relatively stable (Figures 3B-C).
Most of the developmental pathways consist of muscle, cell morphology, and a few others.
Consequently, we hypothesize that IncRNAs are primarily involved in cell polarity, stress response,
immunity, and metabolism in AD. In the following, we investigate how IncRNAs may involve these
pathways throughout the AD progression.

Figure 4 summarizes the key components of our protein-centric model for AD development
(manuscript under review). Here we study how IncRNAs contribute to the key components in this
model along the disease progression from binl through bin4. We have quantified the contribution by
each pathway to AD progression from bin1 to bin4, where the level of contribution is defined using
the discerning score by each feature (see METHODS).
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Figure 4. A schematic of our model, composed of key events and logical relationships, where each
arrow represents a causal relationship.

2.2.1. Contributions to key AD Phenotypes Via Cell-Polarity Changes

We note that cell-polarity related pathways are consistently making the highest levels of
contribution to AD progression across all four bins (Figure 5A and S2, Table 52). The most
contributing cell-polarity pathways are filament-bundle assembly, microtubule polymerization or
depolymerization, metal ion transport, and transport of acidic organic compounds (Table S2).

150 Category
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Figure 5. LncRNAs contributing to key AD phenotypes through cell-polarity changes. A. Statistics of
the top 20% of pathways for each group of pathways in each bin. B. The regulatory trends of IncRNAs
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associated with microtubule depolymerization from binl through bin4. C. The numbers of IncRNAs
involved in Tau fiber formation across the four bins. D. The numbers of IncRNAs involved in A
plaque formation across the four bins.

In AD, filament bundle assembly refers to the formation of intracellular Tau fibril bundles and
the formation of extracellular A3 plaques [14]. The process of intracellular Tau fiber formation starts
from the disassociation between the Tau proteins and microtubules that they bind, resulting in free
Tau monomers in the intracellular space and then the formation of Tau aggregates.

We note that the number of IncRNAs involved in microtubule depolymerization via freeing up
Tau proteins ranges 14, 5, 208, to 185 from binl through bin4, respectively (Figure 5B, Table S3).
Examples include IncRNA ENST00000666526.1, which enhances the transcription of KIFC3, involved
in microtubule transport and positioning [31], and STMN1 that promotes microtubule
depolymerization [32]. Interestingly, IncRNAs are also involved in inhibiting microtubule
depolymerization, with the number of such IncRNAs ranging from 18, 30, 278, to 3,387 across the
four bins, respectively (Figure 5B, Table S3). One example is IncRNA MSTRG.54738.1 involved in
suppressing the expressions of STMN1 and SPAST, where the latter is a microtubule-severing protein
involved in regulating microtubule dynamics (Table S3) [33]. We postulate that the differences in the
numbers of IncRNAs involved in promoting vs. those in inhibiting microtubule depolymerization
reflect a shift in the homeostasis of cellular populations of microtubules.

We also note that the number of IncRNAs involved in Tau-fiber formation ranges from 17, 11,
170, to 182 from bin1 to bin4 while the number of those in inhibiting Tau-fiber formation ranges from
21, 137, 175, to 3,056, respectively (Figures 5C, Table S4). For example, IncRNA MSTRG.44295.1
exhibits the strongest promotion of BRSK2 transcripts across the four bins (Table S4). Interestingly,
BRSK2 is also heavily suppressed by IncRNAs, with MSTRG.61027.1 showing the greatest inhibitory
potency (Table 54). Again, these data suggest that there are opposing forces in promoting and
inhibiting the formation of Tau fibers, which is consistent with published studies [34] and our own
data (Figure 5C, S3). To further understand this, a pathway-enrichment analysis over mRNAs
correlated with IncRNAs involved in Tau fiber formation, as well as with IncRNAs in inhibiting its
formation. We note that (1) pathways correlated with Tau-fiber formation are predominantly
involved in intracellular alkaline-stress response; and (2) pathways relevant to inhibiting Tau fibers
are neuronal death (Table 54).

Similar observations are made about IncRNAs involvement in the development of A3 plaques.
Specifically, in the early-stage samples (binl and bin2), IncRNAs are mostly involved in promotion
of AP plaque formation, while in the advanced stage samples (bin3, bin4), IncRNAs are heavily
involved in inhibition of A plaque formation (Figure 5D). Examples include: (1) IncRNAs in Table
S5 are in involved in expressing CLU, a protein crucial for Af3 plaque formation; and (2) IncRNA
MSTRG.19468.1 is involved in inhibiting A plaque formation (Table S5). Our explanation is that the
formation of AP plaques serves roles in slowing down the extracellular acidosis process, as the
copper-mediated extracellular Fenton reactions produce OH-and the alkaline A( plaque structures
as outlined in the Introduction while with the increase in both the density and sizes of AP plaques,
they become increasingly toxic to the nearby neurons [24].

2.2.2. Contribution to Stress Generation

The most significant stressors throughout AD development are intracellular alkalization and
extracellular acidification, both being the results of mitochondrial Fenton reactions (Figure 4 and
manuscript under review). Our previous study [35] has revealed that AD involves at least two classes
of Fenton reactions, one in mitochondria, either iron or copper mediated, which we consider as an
initial driver of the formation of AD, and one in extracellular space, predominantly copper-mediated,
which serves a positive role in slowing-down extracellular acidosis through the formation of Af3
plaques that become deadly as they continue to accumulate [36].

The basis for Fenton reactions is the over-production and accumulation of H,0, and - 0; by
the local astrocytes. LncRNAs are involved in promotion of H,0, and - 0; production in binl and
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bin2 and in inhibition of their production in bin3 and bin4 (Figures 6A and S4). The key proteins
involved in H,0, production are COX2, SOD2 and MFN2. LncRNA ENST00000560481.2 is a key
promoter of the expressions of these proteins, while IncRNA ENST00000667795.1 is a key inhibitor
(Table S6). Similarly, the key proteins involved in - 0; production are APP, GNAI2 and MAPT, with
IncRNA ENST00000666526.1 being a key promoter (Table S6), while HVCN1, AGT, MAPT, CYBA
and APP are involved in inhibiting the production of - 05, with IncRNA MSTRG.16333.1 being a key
inhibitor (Table S6).

Bin 3 Bin 4 Bin3 Bin 4

Figure 6. LncRNAs involved in induction of metabolic reprogramming for relieving stresses. A. The
numbers of IncRNAs involved in superoxide anion generation across the four bins. B. The numbers
of IncRNAs involved in mitochondrial iron sulfur clustering synthesis across the four bins. C. The
numbers of IncRNAs involved in H*-producing enzymes across the four bins. D. The numbers of
IncRNAs involved in acid loading transporter across the four bins.

Regarding the roles played by IncRNAs in mitochondrial iron and copper transport, we note:
the numbers of IncRNAs involved in iron accumulation in mitochondria are 4, 7, 48, and 54,
respectively, while those involved in inhibitory roles are 2, 0, 16, and 5, respectively (Figure 6B, Table
57). Key relevant IncRNAs include MSTRG.45979.1 promoting iron/copper accumulation and
MSTRG.21672.6 for inhibiting such accumulation (Figure 6B, Table S7).

In addition, IncRNAs are also involved in promoting extracellular copper release, with their
numbers ranging in 113, 29, 260, and 173 from binl throughout bin4, and the numbers of IncRNAs
involved in copper release are 63, 354, 360, and 3,357 from bin1 to bin4, respectively (Figure 54, Table
S8). Among these, MSTRG.24138.1 and MSTRG.16333.1 are examples, one for promoting and the
other for inhibiting copper release (Figure 54, Table S8).

Synapse assembly, driven by neuronal firing triggered by extracellular glutamates, leads to the
release of H*-rich synaptic vesicles, a key contributor to extracellular acidosis (see Introduction)
(Figure 5S4, Table S9). LncRNAs such as MSTRG.43821.1 are predominantly involved in inhibiting
synaptic assembly (Table 59).
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2.2.3. Contribution to Stress-Response Via Metabolic Reprogramming

Numerous reprogrammed metabolisms are induced in AD tissue cells, responding to
intracellular alkalization or extracellular acidification. One class of reprogrammed metabolisms, in
which IncRNAs are heavily involved are lipid metabolism, particularly cholesterol metabolism (see
Table S2). Specifically, the numbers of IncRNAs involved in promoting cholesterol synthesis are 10,
10, 210, and 246 from binl through bin4, respectively, while the numbers of IncRNAs involved in
inhibitory roles of cholesterol biosynthesis and metabolism are 14, 60, 245, and 3,644 from binl
through bin4, respectively (Figure 54, Table 510). This is not surprising knowing that cholesterols
have both pro- and anti-inflammatory functions [37].

Knowing that AD cells are stressed with persistent intracellular alkalinity, we have analyzed all
the 1,258 enzymes, each catalyzing H*-producing reactions [38]. A principal component analysis is
conducted over these enzymes across all the AD samples under study. Remarkably, the first principal
component, or PC1, across samples in bin4 can explain 0.978 of the variance ratios of the gene
expressions of these enzymes (Figure S5), strongly suggesting their consistent roles in alleviating
intracellular alkaline stress. LncRNAs are involved in promoting H*-generating enzymes from binl
through bin4, acount for 32, 15, 188, 95 in numbers, respectively, while the numbers of IncRNAs
involved in inhibiting these enzymes are 5, 17, 205, to 33 from binl through bin4 (Figure 6C, Table
511). Among the top 5% of H*-producing enzymes contributing to PC1 in each bin, kinases dominate
(Table S12). GLS is among these enzymes consistently involved in mitigating the alkalizing stress due
to mitochondrial Fenton reactions throughout all bins. Our study found that 50% of the IncRNAs that
promote the production of H* enzymes are involved in promoting GLS-related transcripts, such as
ENST00000479552.1 (Table 512).

In addition, the number of IncRNAs involved in promoting transporters that acidify the
intracellular space (Figure 6D) ranges from 3, 28, 182 to 3,308 from binl1 to bin4, while the number of
IncRNAs involved in inhibiting such transporters ranges from 8, 2, 91 to 136 (Table S13), suggesting
that how the balance is shifted towards producing more acidic molecules.

Table 1 lists the numbers of IncRNAs with high discerning scores involved in immune activity,
metabolic reprogramming, cell polarity, and stress response pathways from binl through bin4.

Table 1. The number of IncRNAs with high discerning scores involved in immune activity, metabolic
reprogramming, cell polarity, and stress-response from binl through bin4.

Pesudotime Immune activity Metabolic reprogramming  Cell polarity Stress response

Binl 160 339 876 827
Bin2 1069 729 1569 1291
Bin3 863 1362 1522 1421
Bin4 1916 5156 5230 5204

2.3. LncRNA’s Discerning Power in Distinguishing AD Samples from Controls

The above analyses have revealed that IncRNAs are involved in the regulation of at least 22
pathways strongly associated with AD phenotypes, as shown in Figure 7A and Table 2. We aim to
identify a subset of these IncRNAs that can well distinguish between normal and AD tissues (or
tissues of a specific stage of AD), which could potentially be used as blood biomarkers for AD
detection. It is noteworthy that compared to proteins, IncRNAs tend to have longer half-lives in blood
circulation as they tend to be more resistant to degradation [39—-41].

Table 2. AUC scores achieved by IncRNAs in distinguishing between all AD samples vs. controls,
late-stage AD samples vs. controls, early-stage AD patients vs. controls, and early-stage vs. late-stage

AD samples.
Phenotype Normal_vs_allAD Normal_vs_eAD Normal_vs_aADeAD _vs_aAD
Aciding extrusion transporter 0.7124 0.6018 0.8998 0.9499

Aciding loading transporter 0.6448 0.6539 0.825 0.9602
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Active oxygen 0.7297 0.7365 0.8673 0.8543
Astrocytes 0.6653 0.7124 0.8029 0.9718
Hydrogen peroxide 0.6981 0.851 0.8412 0.9339
Microglia 0.6669 0.581 0.8614 0.9429
Superoxide anion generation 0.7015 0.823 0.944 0.9416
Bicarbonate transporter 0.6819 0.6675 0.8595 0.9685
Extracellular acidosis 0.6373 0.6425 0.8783 0.878
Na*/K+-ATPase 0.7866 0.8256 0.8881 0.9615
Cholesterol 0.6694 0.6871 0.8939 0.9557
Extracellular copper 0.701 0.8783 0.8718 0.9018
Mitochondrial iron sulfur 0.6378 0.5979 0.8022 0.8228
H-producing enzyme 0.6971 0.6662 0.8399 0.8652
Microtubule 07562 0.8256 0.8198 0.9268
depolymerization

Synapse assembly 0.6909 0.7235 0.8979 0.8967
Amyloid 0.6914 0.6012 0.8855 0.9634
Tau 0.6858 0.6291 0.8549 0.957

A B ROC in Na_K_ATPase

AUC in the phenotype group

[ e e group
m 8AD_us_a
o7 060 sciding sosion trscsporier ormal
e ne2 RETe— ! ormal_vs,_e
- annotation
o 074 087 085 hctiva cipgan i
057 080 Aslrocyles
o 085 0.8 Hydrogen paroxide
nss ne ticroma
v - S———
088 0 0.85 Bicarbonat transportes } ®
. —— Class 1 (AUC = 0.79)
'™ o6t Evracelu 0.0+ ! ! ! ] ]
0.0 0.2 0.4 0.6 0.8 1.0
07 0e3 Nai-ATPase False Positive Rate
D = - - P— C ROC in Superoxide_anion_generation
- 1.0- =
70 lular e
-
-
080 082 Heeton -
0.8- 'z’
D‘ 0 | oe7 ‘ ‘ o8t ‘ ‘ 087 H-producing enzme e
o -
T
u7s o0& 08z Nicraiubula Spalymenizaten ’:'; 0.6 ,’1’
[E) oT2 Synapse assembly g ,/’
b -~
' eo - 2 04- - i
= -
I”
| -
L A & & & o
s P’ £ e b g
&4 & & & .
o« < « e —— Class 1 (AUC = 0.94)
0.0 " ' ' i '
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
D ROC in Extracellular_copper E ROC in Astrocytes
= 1.0- =
- -
/’ . e
4 -
// 0.8 ’/,
] o o] P
o] - L) P
-4 -7 o P
i -
g ,GEJ 0.6 ) "
= = &
@ i} -
o 2 i
£ a s
@ @ 0.4- -
5 =1 "
= E -
-
- -
0.2- S 0.2- -
e pid
-~ /’/
- —— Class 1 (AUC = 0.88) L —— Class 1 (AUC = 0.97)
0.0+ ! ! ; ; \ 0.0 . . . ! \
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

Figure 7. Assessment of IncRNAs’ discerning power between AD and control samples. A. AUC scores
by IncRNAs in distinguishing all AD samples vs. controls, late-stage AD samples vs. controls, earliest-
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stage AD samples vs. controls, and early-stage AD samples vs. mid-late-stage AD samples. B. ROC
curves by IncRNAs involved in Na*/K*-ATPase in distinguishing all AD samples vs. controls. C. ROC
curves by IncRNAs involved in regulating superoxide anion generation in differentiating late-stage
AD samples vs. controls. D. ROC curves by IncRNAs regulating extracellular copper in discriminating
earliest-stage AD samples vs. controls. E. ROC curves by IncRNAs involved in regulating astrocytes
in distinguishing early-stage AD samples vs. mid-late-stage AD samples.

Among the IncRNA-containing pathways, IncRNAs involved in regulating Na*/K*-ATPase,
suppressed by extracellular acidosis [42], exhibit the best performance in distinguishing normal from
AD samples, with AUC = 0.7866 (Figure 7B, Table 2), which is significantly better than AUC = 0.655
achieved by CSF A[340/42 prediction [43]. In distinguishing normal from late-stage AD samples, the
IncRNAs involved in regulating superoxide anion generation performs the best, with AUC=0.944
(Figure 7C, Table 2), considerably better than AUC = 0.853 achieved by plasma p-taul81 prediction
[44].

Furthermore, in distinguishing normal from the earliest stage AD samples, IncRNAs involved
in regulating extracellular copper achieved a performance level at AUC = 0.8783 (Figure 7D, Table 2).
In distinguishing the earliest-stage from the late-stage AD samples, the IncRNAs involved in
regulating astrocytes achieved AUC = 0.9718 (Figure 7E, Table 2). Detailed information on these
IncRNAs can be found in Table S14.

3. Concluding Remarks

We have conducted a computational analysis of the functional roles played by IncRNAs
throughout the development of an AD. As the first step of this analysis, we have conducted
transcript-level assembly from the raw RNA-seq data, resulting in a total of 55,098 IncRNAs with
30,102 being novel ones.

The basis of our functional analyses of IncRNAs is the pathways enriched by mRNAs having
known functional annotations, strongly co-expressed with the IncRNAs, coupled with the predicted
functions as cis or trans regulators.

To elucidate how the functional roles played by IncRNAs change with the progression of the
disease, we have defined a distance between the AD samples and the controls, which gives rise to the
ordered list of AD samples from the early to the advanced stage. This provides an approximation to
the disease progression. Our overall discovery can be summarized as follows:

1. Across all four bins representing different stages of AD progression, cell-polarity related
pathways consistently contribute significantly. Notably, filament-bundle assembly, microtubule
polymerization or depolymerization, metal ion transport, and transport of acidic organic compounds
are among the most contributing pathways, for each of which IncRNAs are actively involved
throughout AD progression.

2. Intracellular alkalization, extracellular acidification, and oxidative stress are major stressors
and significantly contribute to AD progression. LncRNAs are involved in both the stress generation
and stress responses, including iron and copper accumulation as well as the formation of Tau fibers
and AP plaques.

3. Intracellular alkalization and extracellular acidification induce multiple acidifying metabolic
reprogramming in AD cells for survival. LncRNAs are involved in activating majority of these
reprogrammed metabolisms.

4. Figure 4 outlines the steps in our AD model, and IncRNAs are involved in most of these steps.

5. LncRNAs have strong discerning power in distinguishing AD samples from the controls, as
well as in distinguishing AD samples of specific stage from the controls.

In summary, this study significantly expands our understanding of how IncRNAs participate in
the progression of AD for the first time. The identification and characterization of novel IncRNAs
provide valuable insights into their functional roles. Pseudo-time provided by AD samples arranged
in a specific order offers highly useful information regarding how various phenotypes of AD change
as the disease progresses. These findings may have significant implications for the development of
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diagnostic biomarkers and therapeutic targets for AD, paving the way for new avenues in research
on IncRNA-based interventions for neurodegenerative diseases.

4. Materials and Methods

4.1. Data

Gene expression data: The raw reads of 529 samples were downloaded from ROSMAP cohort
[45], consisting of transcriptomes of 146 MCI (mild cognitive impairment), 193 AD, and 189 region-
matched control tissues. All libraries were prepared with the strand-specific RNA-seq paired-end
protocol and each on average consisting of 4.28484 million reads. The detailed information about
these samples is given in Supplementary Table S1.

Enzymes and reactions: The balanced equation of the chemical reaction catalyzed by each
enzyme encoded in the human genome, along with the number of H* produced or consumed, is
retrieved from the HumanCyc database [46].

4.2. Methods

4.2.1. RNA-seq Processing and IncRNA Identification

High-quality clean reads were obtained by using the clipping adapters and low-quality reads
identified by using SOAPnuke [47]. Each library was individually mapped to the GENCODE genome
(version 34) using HISAT2 (version 2.7) [48] with the default parameters. The resulting alignment
files were used as input for transcript assembly by using StingTie (version 2.1.1) [27] and the Homo
sapiens reference annotation of GENCODE (release 34). All StringTie output files were merged into
one unified transcriptome using the merge option of StringTie. Gffcompare [27] was employed to
compare the resulting transcriptome (GTF format) with the reference annotation. For consistency in
nomenclature, we adopt StringTie’s default “MSTRG” as the starting point when naming all
assembled transcripts.

4.2.2. The Prediction Process Consists of Two Steps

Step 1: screening for protein-coding potentials. Transcript lengths and the number of exons were
collected in the basic screening step. Here, transcripts having lengths >200 nt and at least two exons
were selected as IncRNA candidates [29]. The protein-coding potential of a transcript was predicted
jointly using five methods: CPC (Coding Potential Calculator) [49], CNCI (Coding-Non-Coding
Index) [50], CPAT (Coding Potential Assessment Tool) [51], PLEK [52], and CPPred [53].

Step 2: a candidate is predicted to be a IncRNA if all five methods predict it to be a IncRNA. If
the transcript is newly expressed (not in GENCODE), it is assigned one of the following codes: i
(transcript contained entirely in an intron), ¥ (containing a reference within its introns), p (not inside
but within 2 Kb of a known transcript), or # (in an intergenic region). All IncRNAs are then classified
into three types: intergenic IncRNAs, antisense IncRNAs, and intronic IncRNAs.

4.2.3. Differential Analysis of All Assembled Transcripts

Differential expression analyses between the (MCI U AD) samples and controls were conducted
using the “DESeq2” function [54]. For read-count data, transcripts with |FC| >1.3 having a statistical
significance p-value < 0.05 were considered differentially expressed transcripts (DETs), where FC is
for fold change.

The TPM values of all genes from Ballgown [55] were used to assess correlations between a
IncRNA and mRNAs using the Spearman correlation test, where correlation coefficients >0 with p-
values <0.05 are used as the cutoffs for co-expressed transcript pairs.

4.2.4. Ordering Disease Samples by the Level of Deviation from Control Tissues
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A differential expression analysis is conducted on each sample in (MCI U AD) compared to the
controls, yielding a differential intensity (V) value for each sample, defined as the sum of the absolute
values of differential expressions over all DETs with p-value < 0.05. We aim to arrange the (MCI U
AD) samples in the increasing order of the V values as an approximation to the disease progression.
However, the order so defined is not very stable for different values of parameters {FC, p-value},
giving rise to different orderings of the samples when different values for {FC, p-value} are used.
Hence, we have conducted an analysis of the relationships between the different orderings of the
disease samples and the quality of the approximation to the disease progression, using measures such
as the increasing or decreasing trends of death rate, extracellular acidity, intracellular alkalinity, and
a few others along the disease progression axis.

The result of the analysis indicates that the ordering that optimizes the following empirical
function achieves the best approximation to the disease progression. Note that each set of values of
{FC, p-value} gives rise to a distinct ordering of the samples and the associated {Vi} values, where FC
is selected from the range (1.1, 4.0) and p-value from (0.0005, 0.05), using 0.1 and 0.0001 as the
increments for the former and the latter, respectively:

max E Vi
FCp—value 1<i<|MCI U AD|

Subject to 1. the first IMCI| samples in the current ordering contain at least y% of MCI samples,

2. the last (IMCI| + | AD1/2) samples contain at least y% of AD samples,
where | X| denotes the number of elements in set X, and y is set to 55 based on our empirical analysis
results.

The following provides a justification for why this list is useful for studies of the AD progression,
along with its applications. We note that (1) the levels of both intracellular alkalinization and
extracellular acidification progressively go up with this approximation as shown in Figure 2A; and
(2) the same is observed about the levels of A formation, Tau-fibril formation, oxidative stress, and
neuronal apoptosis as shown in Figure 2A, which are consistent with previous studies [1,2], thus
supporting the validity of this approximation scheme to disease progression.

For a given list of samples ordered as above, we partition it to four equal-sized sub-lists: bin1,
bin2, bin3, and bin4 (possibly except for the last one), representing four periods of the disease
evolution (Figures 2A).

4.2.5. ssGSEA Gene-Set Scores for Individual Samples

For gene-set enrichment analysis (GSEA) over individual samples, we employed the “gsva()”
function in R, utilizing the “ssgsea” method, tailored specifically for GSEA on individual samples
[56], which builds on the empirical cumulative distribution function (ECDF) of gene expression ranks.
First, gene expression data are ranked across samples. Then, for each specified gene set, the ECDF is
computed based on the ranks of the genes within and outside the set. This comparison allows the
method to determine the extent to which genes within the gene set are enriched by the highly ranked
genes. Positive enrichment scores signify an overrepresentation of the gene set among highly ranked
genes, while negative scores indicate being enriched by lowly ranked genes.

4.2.6. Co-Expression Analyses

The following is used to estimate the co-expression level between a gene g and a gene set M in
terms of their expression levels. Let PC1 and PCz be the first and second principal components of the
expression levels of gene set M. A linear regression model was constructed as below:

e(g) = P1PCL+ BPC + Py
where {$;} are parameters to be determined through minimizing | ;1.

4.2.7. Predicting Target Genes or Pathways of Cis and Trans Regulation by IncRNA

A IncRNA can participate in the regulation of expressions of genes in its genomic neighborhood,
referred to as cis-regulation, or genes distant from its genomic location, called trans-regulation [57,58].
Prediction of target genes regulated by a IncRNA via the cis mechanism relies on locational
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relationships. Genes within a range of 100 kb upstream or downstream of a IncRNA are considered
as cis-regulated target genes by the IncRNA if they are co-expressed with the IncRNA [59,60]. Trans-
regulated genes by a IncRNA are determined based on sequence complementarity between the
IncRNA and each target gene and being co-expressed between the two. RIsearch [61] is used here to
predict trans-regulated genes by a IncRNA, where the prediction criteria also include the level of the
free energy in the formed secondary structure between IncRNA and mRNA sequences (energy < -10)
[62].

We further define the regulatory relationship between a IncRNA and a pathways as: a IncRNA
is considered as a regulator of a pathway if an optimal regression model of the IncRNA against the
principal components (PCs) of the pathway across all the relevant samples yields a high R?value and
an F_test p_value < 0.05, and if the IncRNA is predicted to be a cis or trans regulator of any gene (or
transcript) in the pathway, with a Spearman correlation coefficient Ir| > 0 and a p-value < 0.05 and
the IncRNA strongly correlated with the first PC of the pathway.

4.2.8. Construction of IncRNA-mRNA Interaction Network and Identification of Functional
Modules

For a set of disease samples, we construct a IncRNA-mRNA interaction network, based on co-
expressed IncRNA-mRNA pairs, using the method given [63], for all mRNAs of protein-coding
genes. Specifically, for each pair of IncRNA and mRNA, we calculate the Pearson correlation
coefficient (PCC) between the expression levels of the pair. All pairs with |[PCCI > 0 constitute the
interaction network, referred to as a bi-color network, following the definition in [64]. We have then
applied the Markov clustering algorithm [65] to identify maximal subnetworks having dense intra-
interactions of the network, referred to as clusters.

For all the identified clusters, we select those each consisting of at least 10% IncRNAs and at least
three genes. Pathway enrichment is conducted over each set of gene clusters against three databases:
KEGG [66], REACTOME [67], and GO Biological Process [56] using Clusterprofiler [68] and p-value
<0.05 as the threshold.

The enriched pathways are grouped into six categories: immune activities, metabolisms, stress-
response, development-related, cell polarity, and neural functions. Here, we consider glial cells, such
as astrocytes and microglia, as immune cells.

The idea in defining the mRNA-IncRNA interaction network and conducting the network-based
clustering is to assign IncRNAs, particularly the novel ones, to pathways enriched by functionally
well-annotated mRNAs, therefore giving some functional information to the IncRNAs.

4.2.9. The Discerning Power of IncRNAs in Distinguishing Control from AD Samples

Consider three sample sets: controls, binl, and U,<;<,bini, for normal, early, advanced AD
samples, and D = (controls U U;.;<, bini), respectively. Let their sizes be s1, s2 and ss. For the three
sample sets, each of their element has a label 1, 2, or 3, if it belongs to the first, second or the third set,
respectively. We aim to demonstrate that some IncRNA-containing pathways have the discerning
power in separating the three sets.

For each pathway P, considered, we use its first principal component across all the samples to
represent the pathway. Define ave (P, i) as the average expression level of all genes in P, in sample
d; € D. Sort all samples in D in the ascending order of ave (P, i), and then partition the sorted list
into three sub-lists D;, D,, D3 with |D;| =si, fori € [1,3]. Define the discerning score as

S(D;,D,,D3) = (i — label (d))
d €D label (d)<i,i€[1,3]
where label (d) refers to the label of d as defined above. Consider the density distribution Lof
S (D4, D,,D3) over all partitions (Dy,D,,D3) of D. We consider a P, having discerning power if the
p-value for its S (Dy,D;,D3) in £ is<0.05.

Supplementary Materials: The following supporting information can be downloaded at:
https://github.com/zhenyuh19/A-Model-for-the-Development-of-Alzheimer-s-Disease/tree/main, Figure SI:
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Summary of exon count and length for mRNA, old IncRNA, and new IncRNA; Figure S2: Evaluation of
contribution of all four bin pathways to AD samples; Figure S3: Number of neuronal apoptosis pathways and
neuron death promoted by IncRNA in the formation of Tau fibers; Figure S4: Statistics of IncRNA associated
with pathologic hypotheses of AD; Figure S5: PCA contribution rate statistics of H*-producing enzyme genes in
late-stage AD (Bin4); Table S1: Clinical information of ROSMAP prefrontal cortex samples; Table S2: The four
bin pathways contributed to the six categories of pathway statistics in the top 20%; Table S3: Statistics of IncRNAs
regulating microtubule depolymerization in cis and trans, along with mRNA enrichment results associated with
IncRNAs regulating microtubule depolymerization; Table S4: Statistics of IncRNAs regulating Tau fibrillization
in cis and trans, along with mRNA enrichment results associated with IncRNAs regulating Tau fibrillization;
Table S5: Statistics of IncRNAs regulating amyloid formation in cis and trans, along with mRNA enrichment
results associated with IncRNAs regulating amyloid formation; Table S6: Statistics of IncRNAs regulating
hydrogen peroxide in cis and trans, along with mRNA enrichment results associated with IncRNAs regulating
hydrogen peroxide and superoxide anion generation; Table S7: Statistics of IncRNAs regulating mitochondrial
iron sulfur and copper transport in cis and trans, along with mRNA enrichment results associated with IncRNAs
regulating mitochondprial iron sulfur; Table S8: Statistics of IncRNAs regulating extracellular copper in cis and
trans, along with mRNA enrichment results associated with IncRNAs regulating mitochondrial iron sulfur; Table
S9: Statistics of IncRNAs regulating synapse assembly in cis and trans, along with mRNA enrichment results
associated with IncRNAs regulating synapse assembly; Table S10: Statistics of IncRNAs regulating cholesterol in
cis and trans, along with mRNA enrichment results associated with IncRNAs regulating cholesterol; Table S11:
Statistics of IncRNAs regulating H-producing enzyme in cis and trans, along with mRNA enrichment results
associated with IncRNAs regulating H-producing enzyme; Table S12: PCA analysis of H*-producing enzymes
reveals the ranking of each gene’s contribution to PC1 explained variance ratio; Table S13: Statistics of IncRNAs
regulating aciding loading transporter in cis and trans, along with mRNA enrichment results associated with
IncRNAs regulating aciding loading transporter; Table S14: LncRNAs predicted as markers regulating each AD
phenotype and cellular stress; Supplementary Data S1: New IncRNA Sequences and Genome Annotations.
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