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Abstract

Background: Following detection, rupture risk assessment for intracranial aneurysms (1As) is
critical. Towards molecular prognostics, we hypothesized that circulating blood RNA expression
profiles are associated with 1A risk.

Methods: We performed RNA sequencing on 68 blood samples from 1A patients. Here, patients
were categorized as either high- or low-risk by assessment of aneurysm size (=5mm=high-risk)
and Population Hypertension Age Size Earlier subarachnoid hemorrhage Site (PHASES) score
(=1=high-risk). Modified F-statistics and Benjamini-Hochberg false discovery rate correction was
performed on transcripts per million-normalized gene counts. Protein-coding genes expressed in
>50% of samples with g-value<0.05 and absolute fold-change =2 were considered significantly
differentially expressed. Bioinformatics in Ingenuity Pathway Analysis was performed to
understand the biology of risk-associated expression profiles. Association was assessed between
gene expression and risk via Pearson correlation analysis. Linear discriminant analysis models
using significant genes were created and validated for classification of high-risk cases.

Results: We analyzed transcriptomes of 68 IA patients. In these cases, 31 1As were large (=5
mm) while 26 1As had a high PHASES score. Based on size, 36 genes associated with high-risk
IAs, and two were correlated with the size measurement. Alternatively, based on PHASES score,
76 genes associated with high-risk cases, and 9 of them showed significant correlation to the score.
Similar ontological terms were associated with both gene profiles, which reflected inflammatory
signaling and vascular remodeling. Prediction models based on size and PHASES stratification
were able to correctly predict A risk status, with >80% testing accuracy for both.

Conclusions: Here, we identified genes associated with IA risk, as quantified by common
clinical metrics. Preliminary classification models demonstrated feasibility of Assessing IA risk
using whole blood expression.

1.0 BACKGROUND

Intracranial aneurysms (l1As) are pathological outpouchings within cerebral vasculature

that are present in about 3—6% of the general population [1]. Aneurysmal rupture is

the predominant cause of non-traumatic subarachnoid hemorrhage and has high mortality
and morbidity rates (disability rate >50% among survivors) [2-4]. Upon discovery of

an unruptured IA, neurointerventionalists must decide whether it should be treated. This
decision is critical, since rupture rates are low (annual risk of rupture ~ 0.5-1% [1]) and
complication risks can be significant. The ability to stratify rupture risk, such that dangerous
IAs can be treated immediately while less dangerous ones can be monitored, is crucial.

Currently, clinicians use 1A size [5-8] (= 5 mm[9], or 7 mm[10]) and the patient’s age/
health to determine if treatment is warranted. These cutoffs were based on longitudinal
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prospective studies showing that larger 1As were more likely to rupture [6]. Recently, other
clinical metrics, such as the PHASES (Population, Hypertension, Age, Size of 1A, Earlier
subarachnoid hemorrhage, and Site of 1A) score, which use aneurysm characteristics and
patient demographics, have been developed in attempts to better stratify risk [7]. However,
these metrics, and others like them, require information derived from digital subtraction
angiography (DSA), an invasive, expensive, and potentially risky imaging procedure and do
not consider the biology of the patient. A non-invasive molecular diagnostic that can assess
IA risk could help with patient triage and disease management, as well as patient monitoring
during watchful waiting or following treatment.

In previous studies, we investigated molecular changes in the circulating blood that are
associated with the presence of 1As in the Circle of Willis [11-17]. Transcriptome profiling
revealed distinct expression signatures of the disease, which have broadly been shown to
reflect inflammatory cell activation, chemotaxis, and dysregulated inflammatory responses.
Using whole blood RNA expression profiles from n=34 patients with IA and n=33 1A-free
controls (confirmed on DSA), we identified 18 genes that distinguished patients harboring
IAs with an accuracy of 85% and an area under the receiver operating characteristic curve
(AUC) of 0.91 in an independent, n=20 cohort [16]. During these studies, we also found
that certain molecular signatures delineated 1As sub-populations by size [17]. This led us
to hypothesize that patients harboring more dangerous, rupture-prone 1As have distinct
circulating gene expression profiles.

Here, we tested our hypothesis by performing whole blood gene expression profiling

on blood from unruptured IA patients. To train and test machine learning classifiers of
high- and low-risk, we stratified the IA cases based on both IA size (5 mm threshold)

and the PHASES score (1%, 5-year risk threshold). Model genes were subjected to
bioinformatics analyses via Ingenuity Pathway Analysis (IPA), in order to understand the
biologic underpinnings of risk expression profiles. Further, expression of key differentially
expressed genes was verified by quantitative polymerase change reaction (qQPCR).

2.0 METHODS

2.1 Patient Enrollment

This study was approved by the University at Buffalo Human Research Institutional Review
Board (study number 030474433). Written informed consent was obtained from all subjects
and the study was carried out in accordance with the approved protocols. Patients at Gates
Vascular Institute (Buffalo, NY) receiving cerebral DSA for 1A were prospectively enrolled
in this study between December 2013 and September 2018. Indications for imaging included
confirmation of 1As detected on noninvasive imaging or follow-up imaging of previously-
identified IAs.

2.2 Whole Blood Collection and RNA Processing

A volume of 2.5 mL of blood was taken from the femoral access sheath during DSA and
transferred into a PAXgene blood RNA tube (PreAnalytiX, Hombrechtikon, Switzerland).
Total RNA was extracted using the PAXgene Blood RNA kit (Qiagen, Venlo, Limburg,

Mol Diagn Ther. Author manuscript; available in PMC 2024 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Poppenberg et al.

Page 4

Netherlands) according to manufacturer’s instructions. Globin mRNA was removed by
magnetic-bead capture with the GLOBINCclear kit (Ambion, Austin, TX, USA) following
manufacturer’s instructions. RNA purity and concentration were assessed by absorbance at
260 nm, then precisely measured by the Quant-iT RiboGreen Assay (Invitrogen, Carlsbad,
CA) and the Agilent 2100 BioAnalyzer RNA 6000 Pico Chip (Agilent, Las Vegas, NV)
before sequencing. Samples of acceptable purity (260/280 ratio of ~2) and integrity (RIN =
6.0) were used for RNA sequencing (RNAseq).

2.3 RNA Sequencing

For sequencing, RNA libraries were prepared using the Illumina TruSeq stranded total
RNA gold kit (Illumina, San Diego, CA). All samples underwent RNAseq on the Illumina
NovaSeq6000 or the HiSeq2500 System (Illumina) in a series of two batches. Samples
were demultiplexed with Bcl2Fastq. Per-cycle basecall files generated by the NovaSeq6000
were converted to pre-read FASTQ files using bclfastq version 2.20.0.422 using default
parameters. The quality of the sequencing was reviewed using FastQC v.0.11.5. Potential
contamination detected using FastQ Screen v.0.11.1. Genomic alignments were performed
using HISAT2 v.2.1.0 using default parameters. NCBI reference GRCh38 was used for

the reference genome and gene annotation set. Sequence alignments were compressed and
sorted into binary alignment map files using samtools v.1.3. Mapped reads for genomic
features were counted using Subread featureCounts v.1.6.2 using the parameters -s 2 —

g gene_id-t exon—Q 60; the annotation file specified with—a was the NCBI GRCh38
reference from Illumina iGenomes. ComBat-seq (in R) was used to correct raw counts of
protein-coding genes with a sum >0 across all samples on a comparison-wise basis, for any
bias introduced by sequencing in different batches. Corrected counts were then normalized
as transcripts per million (TPM).

2.4 Differential Expression Analysis

To identify gene expression patterns that are different between high- and low-risk 1A, we
dichotomized samples using 2 risk metrics. We first dichotomized our data based on 1A
size, using =5 mm as a threshold [9, 10] (for cases with multiple 1As, the size of the

largest 1A was considered). As a second risk metric, we calculated the PHASES score for
each case, using =1.0 as the cutoff between high-and low-risk (for cases with multiple

IAs, the 1A with the highest score was considered). Differential gene expression analysis
was performed on TPM values for each high- and low-risk comparison, using modified F
statistics to assess differential variation in the mean on a gene-by-gene basis. Adjustment
for multiple hypothesis testing was performed using Benjamini-Hochberg false discovery
rate (FDR) correction. Genes expressed in at least 50% of samples (TPM>0) with a false
discovery rate (FDR)-corrected p-value (g-value) <0.05, and with an absolute fold-change
in mean expression =2 were considered significantly differentially expressed for each
comparison. To visualize how differential expression separated high- and low-risk cases,
we performed principal component analysis and one minus Pearson correlation hierarchical
clustering, using the prcomp packages in R and the Broad Institute’s Morpheus application,
respectively.
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2.5 RT-gPCR Verification

For verification of RNAseq, we performed quantitative reverse transcription polymerase
chain reaction (RT-qPCR) on select genes that were differentially expressed between high-
and low-risk cases, as defined by both size and PHASES. Primers for these genes and
HPRTI1and GP/ (housekeeping genes) were designed in Primer3 software and Primer
BLAST (NCBI, Bethesda, MD) to have an ~60-65°C melting temperature, have length

of 15-25 nucleotides, and produce products of 50-250 bps (see Supplemental Table 1).
We performed RT-qPCR described in detail elsewhere [18, 19], using the SuperScript 111
Reverse Transcriptase kit (ThermoFisher, Waltham, MA) and the gScript One-Step SYBR
Green Master Mix kit (Quantabio, Beverly, MA, USA). Triplicate reactions of 25 pL (with
10 ng of cDNA and 0.02 uM primers) were run on a StepOne Real-Time PCR System
(ThermoFisher, Waltham, MA). Gene-specific amplification was demonstrated by a single
peak on the dissociation melt curve. Ct values for the housekeeping genes were recorded for
all samples, and average expression differences were calculated via the 2-2ACt method.

2.6 Bioinformatics Analyses

To understand the biology of identified molecular risk profiles, we performed bioinformatics
analyses on differentially expressed genes via IPA [20]. We studied terms enriched in
significantly differentially expressed genes by disease and biological function term analysis.
We considered terms with a Benjamini-Hochberg p-value<0.05 and at least 5 input genes.
IPA was also used to generate networks of potential gene interactions by mapping each
gene’s identifier to its corresponding gene object in the Ingenuity Knowledge Base and
overlaying them onto identified molecular networks in the database. Gene networks were
algorithmically generated based on their “connectivity” derived from known interactions
between the products of these genes. Networks with p-scores >21 were considered
significant.

2.7 Classification Model Generation

To explore the diagnostic potential of each set of differentially expressed genes to
distinguish high-risk cases from low-risk cases, we developed a linear discriminant analysis
(LDA) model using the scikit-learn machine learning library in Python v3.8.5. TPM data
for the differentially expressed genes was used as input, and samples were randomly

split into training (n=48) and testing (n=20) groups. The model was evaluated in training
by calculating the area under the receiver operating characteristic (ROC) curve (AUC).

We calculated accuracy and used a confusion matrix to determine model sensitivity and
specificity in testing group. To reduce selection bias, the classification model creation
process was repeated for 100 random iterations of the testing/training split, and all
performance metrics were reported as averages.

To assess the most informative genes in the model, we tested their linear association with
the risk metrics by calculating Pearson’s correlation coefficient (PCC) (Wald’s test used
for significance testing). We stratified the correlation strength as follows: 1 = |PCC| = 0.8
represented ‘very strong’ correlation, 0.79 = |PCC| = 0.6 represented ‘strong’ correlation,
0.59 = |PCC| = 0.4 represented ‘moderate’ correlation, 0.39 = |PCC| = 0.2 represented
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‘weak’ correlation, and |PCC| < 0.19 represented a ‘very weak’ or no correlation [21]. Genes
with a p-value<0.05 and a PCC>0.3 were reported.

3.0 RESULTS
3.1 Study Population

We analyzed 93 whole blood samples from patients with IAs, and excluded 25 samples

due to additional potentially confounding cerebrovascular or inflammatory conditions. The
demographics and comorbidities of the remaining 68 patient samples we analyzed is
presented in Table 1. For risk assessment, 31 had large (=5 mm) high-risk 1As (37 had
small), and 26 had a risky PHASES score >1(42 were <1) (See Supplemental Table 2

for patient data of the high- and low-risk cohorts when stratified by each metric). In the
entire cohort, 1A size (maximum diameter on DSA) ranged from 1 to 19 mm. The 68 RNA
samples had an average 260/280 of 1.98 and average RNA integrity number of 8.46. In
RNAseq, an average of 46.39 million sequences per sample and an average alignment rate of
96.63% were obtained. For all samples, RNA quality and sequencing metrics are reported in
Supplemental Table 3.

3.2 Differentially Expressed Genes between High- and Low-Risk Cases

From our RNA sequencing data, we queried 66,023 transcripts, 47,084 of which had
detectable expression. Of these, 18,738 (39.80%) were protein-coding genes and 14,902
of which had expression in 250% of the samples. The volcano plots in Figure 1 shows
expression differences between the high-and low-risk IA patients in terms of average
fold-change in expression and significance level. We found 36 significantly differentially
expressed genes (g-value<0.05, an absolute fold-change=2) between cases with large and
small 1As (16 increased and 20 decreased) and 76 significantly differentially expressed
genes between those with high and low PHASES score (54 increased and 22 decreased). The
principal component analysis in Figure 1 shows how these sets of differentially expressed
genes were able to cluster the high- and low-risk samples in each analysis. For size, one
large 1A (=5 mm) case was grouped with the low-risk 1As, and 5 low-risk cases were
grouped with the high-risk ones. For PHASES, one high-risk case was grouped with the
low-risk 1As, and 2 low-risk cases were grouped with the high-risk ones.

Additional unsupervised analysis was performed by hierarchal and k-means clustering, as
shown adjacent to the heatmaps in Figure 2. The k-means clustering using the differentially
expressed genes for each analysis showed correct grouping of high- and low-risk samples.
84% (57/68) of the samples were clustered to their proper group with respect to size and
88% (60/68) of the samples were clustered to their proper group with respect to PHASES.
Such groupings on PCA and hierarchical clustering were not observed when all detected
protein-coding genes were used (Supplemental Figure 1). Overall, 10 genes were shared
between the two analyses, as demonstrated in the Venn diagram (detailed plots of average
TPMs for each of these 10 genes are shown in Supplemental Figure 2). See Supplemental
Table 4 for all significant genes and their associated fold-changes and g-values). Based on
an analysis by ProteINSIDE, 34 of the 102 unique differentially expressed genes (33.33%)
were potentially secreted by cells (genes that were called signal peptide with a TargetP score
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of 1 or 2). Thus, their protein products may enter the blood stream and be detectable by
immunoassay.

To verify expression differences we found, RT-gPCR analysis was performed on 6 of the 10
significant genes shared between the differential expression analyses (DEFAI, FN1, HBAI,
MSLN, RPL3L, and USPIY) in a subset of 30 of the patients. Supplemental Figure 3

shows that the expression differences between high-and low-risk cases (defined by both size
and PHASES) for RNAseq and gPCR in that dataset. Largely, expression differences were
detected to be of the same direction and of similar magnitudes when comparing RNAseq to
gPCR (differences highlighted by an “*”). The only prominent exception was the expression
of MSLN. These differences may be due to the fact that the gPCR testing was only done in a
subset of patients, that RNA sequencing has a higher dynamic range, or that the primer pairs
may not have had efficiency=1.0.

3.3 Bioinformatics Analyses

Genes differentially expressed between small and large 1As (=5 mm threshold) were
significantly enriched for disease and biological function terms related to the cardiovascular
system, like angiogenesis, atherosclerosis, and occlusion of blood vessel. There were also
multiple terms associated with cellular movement, including chemotaxis and movement

of myeloid cells. We observed enrichment of similar terms in the differentially expressed
genes based on PHASES stratification. These included angiogenesis, atherosclerosis, cell
movement of myeloid cells, and cell movement of phagocytes. Unique terms associated
with PHASES-derived differentially expressed genes were enrichment of cellular movement
and/or infiltration of many immune cells (leukocytes, neutrophils, phagocytes) terms.
Interestingly, systemic lupus erythematosus was also enriched in this gene set, which

may reflect the burgeoning relationship between 1A growth/rupture and SLE that has been
reported in the literature [22, 23]. Supplemental Table 5 shows all significant disease and
biological function terms for both comparisons.

Network analysis was performed to examine potential interactions between the gene sets and
terms identified in the Ingenuity Knowledge Base. As shown in Figure 3A-B, there were 2
significant networks of genes (score>21) associated with size-based risk. The first network
(Figure 3A, P-score=50) was associated with “embryonic development”, “organismal
development”, and “tissue development”, with inflammatory signaling molecule nodes,
including NFKB, ERK1/2, and PI3K. The second network (Figure 3B, P-score of 22)

was associated with “organ development”, “tissue development”, and “tissue morphology”
processes, and had nodes of interaction surrounding MYC and VIRMA. As shown in Figure
3C-D, there were also 2 significant networks of genes (score>21) associated with PHASES-
based risk. The first network (Figure 3C, P-score=34) was enriched for “connective

tissue disorders”, “organismal development”, and “organismal injury and abnormalities”
ontologies. PI3K was a central node of this network along with Akt. The second network
(Figure 3D, P-score=29) was associated with “cellular movement”, “hematological system
development and function”, and “immune cell trafficking” and had central genes of ERK1/2,
FN1, MMP, and collagens. Supplemental Table 6 presents the details of all Networks in
Figure 3.
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3.4 Classification Models of IA Risk

To investigate if the sets of differentially expressed genes could delineate high-risk cases
from low-risk cases, we estimated the predictive performance of an LDA model over

100 iterations. The resultant risk models (based on size and based on PHASES score)

had high training performance, with average AUCs across 100 randomizations of 0.99
(95% CI: 0.985-0.988) and 1.0 (95% CI: 1.0-1.0), respectively. The estimated testing
performance was also high, with an average accuracy of 82% for the size model and 88%
for the PHASES model. The size model had an average sensitivity of 0.83 and an average
specificity of 0.81, while the PHASES model had an average sensitivity and specificity of
0.78 and 0.95 respectively. See Table 2 for a summary of model performances. For LDA
model codes, see Supplemental Table 7.

Pearson correlation analysis was performed to determine the most informative, linearly risk-
related genes in the model. This analysis found that 2 genes were significantly (p-value<0.05
and PCC>0.30) linearly related to 1A size (CLDNZ22, KLF14). Additionally, 9 genes were
significantly linearly related to PHASES score (CLGN, DDX3Y, ELF5, GSTM1, LOXL4,
PALM, RIMBPZ2, USP9Y, UTS2). Correlation plots for the top 2 most strongly correlated
genes with size and PHASES are shown in Figure 4 (Supplemental Figure 4 shows the
remaining correlation plots for PHASES).

Furthermore, we used Seurat [24] and UMAP [25] to perform dimensionality reduction and
visualize how the samples (based on all DEGS) distribute in terms of size and PHASES, as
an unbiased way of measuring dose-response to our outcome variable. Here, we completed
parametrized, density-based clustering of the 68 samples based on collective expression of
the DEGs (36 for 1A size and 76 for PHASES). 1A size and PHASES score were withheld
from this unsupervised analysis. A 2D projection of the data, based on the top 2 UMAP
components (UMAP 1 and UMAP 2) was visualized, and the holdout feature (1A size or
PHASES) was superimposed as a scaled colormap, with red indicating higher risk and blue
indicating lower risk. As shown in Figure 4, the collective expression of the DEGs was
able to separate patients into high (larger 1A, higher PHASES) and low (smaller 1A, lower
PHASES) IA rupture risk groups, with largest IA (and highest PHASES) and smallest 1A
(and lowest PHASES) cases at either end of the groupings.

4.0 DISCUSSION

When an IA is detected, clinicians must weigh the risk of rupture and the risk of treatment
complications. However, clinical risk assessment metrics all rely, in one way or another,
on medical imaging, typically by invasive DSA, and do not consider the biology of the
patient. A rupture risk blood test could work in concert with current clinical diagnosis
paradigms by providing clinicians with a non-invasive, biologic method to assess aneurysm
risk or a means to monitor patients more frequently during watchful waiting or after
intervention. Over the past few decades, researchers have investigated the potential of
blood-based biomarkers for intracranial aneurysm rupture risk. A review by Hussain et

al. [26] highlighted seven blood-based biomarker studies for ruptured IAs, the majority

of which focused on adhesion molecules such as E-selectin [27, 28] and ICAM [29, 30].
Others examined hormone levels, including T3 and T4 [31, 32], and S-100 protein levels
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[33]. Clearly, multiple proteins were correlated with outcomes and had increased levels

in ruptured cases, but since many of these proposed biomarkers are also dysregulated in
other pathophysiological states, they may not be sensitive enough to aneurysm [34-36].
Recent studies have taken advantage of the power of transcriptome profiling to screen

for multitudes of potential RNA expression markers that may be associated with many
different facets of the disease. Indeed, reports have shown differences in mRNA expression,
as well as differences in noncoding elements, like miRNAs [37] [38] and circular RNAs
[39], between individuals with unruptured and ruptured IAs. However, these efforts have
identified classifiers of rupture status (i.e., discriminants of IAs that are already ruptured),
rather than which unruptured 1As are at higher risk of rupturing.

In this study, we performed transcriptome analysis on whole blood from patients with IA to
identify genes related to A rupture risk in unruptured cases. To do this, we assessed rupture
propensity, by using two common clinical metrics, 1A size and PHASES score. Based on
differential expression analysis, there were 36 significant genes associated with risk assessed
by IA size, and 76 significant genes associated with risk assessed by PHASES score (10
genes overlapped). Using these size- and PHASES-associated genes, we trained and tested
LDA prediction models, which both achieved >80% average testing accuracy. While the

risk model that classified cases by PHASES had higher testing accuracy (88.3% vs 82.0%
for size-based risk classification), it had lower sensitivity (77.8% vs. 83.4%), which is less
ideal for identifying all truly rupture-prone 1As. We suspect the genes in these models were
able to robustly classify higher-risk 1As because they reflected important, ongoing biological
processes related to 1A natural history and rupture.

Our bioinformatics analyses show that differentially expressed, 1A risk genes were related
to two, broad biologic phenomena, namely inflammatory cell movement/trafficking and
vascular remodeling. It is widely known that inflammation plays a crucial role throughout
IA natural history [40, 41]. Immune cells infiltrate the aneurysm wall and coordinate
inflammatory processes, cytotoxic responses, and destructive remodeling [42, 43], and are
increasingly prevalent as the lesion grows and progresses to rupture [44—48]. Numerous
model genes that were increased in high-risk 1A patients, such as GDF15, /L2, and
TIVFSF18, play roles in cytokine activity and immune signaling. Specifically, GDF15
encodes a ligand of the TGF- B family and is upregulated in response to inflammation

and oxidative stress, important processes in 1A [49]. Expression of GDF15is rapidly
induced in macrophages by TGF-B, TNFa, and IL-1 (other key molecules in IA that

are present as nodes in our network analyses), and has been shown to be vasoprotective

in stroke models[50]. Other model genes reflect increased production of immune cell
populations in patients with 1A. For example, decreased PVRLZ (aka NECTINZ), which
can act as a co-inhibitor of T cell function, could indicate increased T cell proliferation in
high-risk 1As. Increased /L2, which is produced by activated T lymphocytes, also indicates
increased proliferation of immune cells. Indeed, such expression patterns were related to cell
movement of myeloid cells and phagocytes and cell movement of granulocytes, leukocytes,
and neutrophils in our IPA analysis.

In addition to inflammatory cell infiltration and responses, many other model genes
were related to vascular remodeling. During aneurysm growth and rupture, inflammatory
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infiltrates, along with resident, pro-inflammatory smooth muscle cells, coordinate
destructive remodeling events. These processes are accompanied by destruction of cell
adhesions, matrix degradation and turnover, disruption of the internal elastic lamina, and
lipid accumulation, in response to changing blood flow and wall stress forces. The genes
selected for our models were demonstrated by IPA analysis to reflect disease and biological
function terms such as, angiogenesis, atherosclerosis, vasculogenesis, and development of
vasculature, and to interact with networks that included nodes at FN1, ICAM, and actin.
Our data generally reflected dysregulation of such remodeling processes. For example,
several genes involved in eutrophic tissue growth, like LOXL4and ELN (encoding elastin)
that initiate collagen and elastin linking, were increased, while genes encoding degradative
proteins, like MMP8and ADAMTSZ (a disintegrin) that degrades extracellular matrix,
were decreased. On the other hand, some genes involved in decreased matrix integrity, like
MMRNZand TMPRSS9, that can act to negatively affect angiogenesis, were increased,
while other structural components, like FNVI (encoding fibronectin) and CTNNAZ were
decreased. These complex expression patterns in circulating blood cells might suggest
immune priming for regulating vascular structure turnover following 1A wall infiltration,
which appears to be greater in cases with higher rupture risk.

Indeed, several of the differentially expressed model genes have also been identified

to be differentially expressed in aneurysm tissue. Kleinloog et al. [51] identified 1,489
differentially expressed genes between ruptured and unruptured 1A tissues, which were
associated with enriched immune response and lysosome pathways. Interestingly, CTNNAZ2
(encoding a catenin involved in cell adhesion), which was lower in high-risk cases in

our study, was found to be downregulated in ruptured IAs. Similarly, Nakaoka et al. [52]
compared gene expression in early ruptured 1As to unruptured IAs and identified 1,046
differentially expressed genes. These genes were associated with inflammatory responses,
immune responses, and phagocytosis. Both LPL (encoding Phospholipase Al) and NPASI
(encoding a PAS-family transcription factor) were found to be downregulated in ruptured 1A
tissue, and were also lower in high-risk 1As in our study. Proteomics studies on IA tissues
have also shown gene products of model gene to be differentially present in ruptured 1A
tissue. Sharma et al. [53] showed decreased DEFAL (defensin alpha 1) and FN1 in ruptured
IAs. Both were also decreased in the blood of high-risk cases in the current study. We also
previously demonstrated that ~N/Z was further decreased in the whole blood of 1A patients
compared to 1A-free controls [16], while DEFAI was lower in peripheral blood mononuclear
cells of patients with 1A, compared to 1A-free controls [15]. These findings may indicate
that some peripheral changes in blood cells of patients with higher-risk 1As permeate

into the 1A tissue. They also may show that some peripheral expression aberrations may
progressively change as 1As develop towards rupture (e.g., FNVZ and DEFAI expression).
Future studies investigating expression in paired 1A tissue and blood samples would enable a
better understanding of this phenomenon. Additional work in animal models will also likely
be needed to unravel the mechanistic roles of such genes and the interplay between blood
expression and tissue pathology.

This study has several limitations. First, our samples were collected at a single center.
Multi-centered studies are underway, which will help eliminate potential selection bias.
Moreover, patients were enrolled for a one-time blood sample collection, which precludes
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longitudinal studies investigating the biomarker’s relationship to rupture. Second, cohorts
in this study were not matched, and thus some DEGs may also be related to covariates. A
factorial MANCOVA[54] with evaluation of group-covariate interactions (factors included
sex, smoking status, hypertension, 1A family history) for the PHASES and size DEGs
revealed that most differential expression was not related to covariates, as only 26% of
PHASES DEGs and 22% of size DEGs had covariate interaction (see Supplemental Table
8). Also, since patients with other vascular or inflammatory conditions were excluded,

the resultant models may not work in populations with such confounders. Third, the
sample size of our study was relatively small. This may be one reason that the identified
significantly DEGs do not largely overlap with other 1A blood profiling studies. Future
studies in larger, independent, multicenter datasets are needed to assess true biomarker
performance and identify robust trends. Fourth, our population contained IAs located mostly
in the anterior Circle of Willis, which could have confounded our results. Fifth, additional
validation studies in large independent cohorts using qPCR are needed to determine which
differentially expressed genes would be the most reliable markers as the agreement in the
small cohort examined here was not overwhelming. Lastly, 1A size and PHASES score
are only surrogates of 1A rupture risk (publications have even suggested that PHASES and
other clinical metrics may underestimate rupture risk [55-58]). More accurate prediction
models will be needed to better delineate high- from low-risk 1As. Other 1A features

(e.g., irregularity or presence of blebs) and more other clinical metrics could be assessed.
However, longitudinal studies identifying circulating expression changes in patients with
unstable, growing IAs (which are truly at higher risk for rupturing) are needed, and are
currently underway.

5.0 CONCLUSIONS

In conclusion, transcriptome profiling on whole blood from patients with 1A enabled us to
successfully identify gene expression signatures associated with greater aneurysmal rupture
risk. Machine learning models based on the expression of these signatures was able to
correctly classify high-risk 1As from low-risk ones with >80% accuracy in our data. The
genes used in these models generally reflect biological processes that have been shown

to be critical in 1A growth and rupture, namely inflammatory signaling and trafficking,

and vascular remodeling. In the future, these models could be used to assess rupture risk
prior to imaging and assist in more frequent monitoring during watchful waiting. A blood-
based diagnostic to assess IA risk could facilitate better, more proactive |A management
and treatment planning, ultimately reducing the number of ruptures. In the future, we

are planning to conduct large, multi-center studies with heterogeneous populations to
validate our biomarker and determine the patient population that can be best served by

this biomarker. Furthermore, we intend to conduct animal studies to understand how the
genes we have identified mechanistically influence aneurysm development and progression
towards rupture, which may create opportunities for nonsurgical treatments.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Differential Gene Expression Analysis.
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Volcano plots demonstrate the differential expression between low- and high-risk groups
based on risk stratification by either (A) aneurysm size or (B) PHASES score.
Differentially expressed genes in red have a g-value<0.05 and an absolute fold-change>2.
Three-dimensional principal component analysis demonstrates separation between low-
and high-risk samples based on both (C) aneurysm size and (D) PHASES score.
Abbreviations: PC=principal component, PHASES=Population, Hypertension, Age, Size,

Earlier subarachnoid hemorrhage, Site
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Figure 2: Visualization of Differential Expression.
Heatmaps generated using TPM expression data of significant genes show broad differences

between low- and high-risk groups whether risk was classified by (A) aneurysm size or
(B) PHASES score. Hierarchical clustering separated the two groups with the majority of
low-risk samples on the left of the heatmap (log-transformed, normalized TPMs) and the
majority of high-risk cases at the right. Furthermore, K means clustering grouped 84%
of samples in the correct cohort by size, and 88% of samples in the correct cohort by
PHASES. C). Venn Diagram shows 10 genes were identified as differentially expressed
upon stratification of cases by either aneurysm size or PHASES score. Abbreviations:
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Min=minimum, Max=maximum, PHASES= Population, Hypertension, Age, Size, Earlier
subarachnoid hemorrhage, Site
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Figure 3: Ingenuity Pathway Analysis Results.
Networks derived from Ingenuity Pathway Analysis based on differentially expressed

genes associated with risk as stratified by aneurysm size or PHASES score. For input
differentially expressed genes, red indicates increased expression in high-risk aneurysm
cases, while green denotes decreased expression; the color intensity reflects fold-change.
Non-differentially expressed genes with known interactions are not colored. Direct and
indirect relationships are shown by solid and dashed lines, respectively. There were 2
significant networks associated with the differentially expressed genes identified using
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aneurysm size as a risk metric. A). The first network, p-score of 50, reflected embryonic
development, organismal development, tissue development and had a main node at NFKB.
B). The second network had a score of 22 and its top diseases and functions were organ
development, tissue development, and tissue morphology. C). The most significant network
created using DEGs identified when assessing risk by PHASES score had a pscore of

34 and reflected connective tissue disorders, organismal development, and organismal
injury and abnormalities. D). The second network with a score of 29 was associated

with cellular movement, hematological system development and function, and immune

cell trafficking. Abbreviations: PHASES=Population, Hypertension, Age, Size, Earlier
subarachnoid hemorrhage, Site
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Figure 4: Correlation of Differentially Expressed Geneswith | A Risk.
Two genes were significantly correlated with IA size (PCC>0.3, p-value<0.05). A).

CLDNZ2had a moderate, positive correlation (PCC=0.46) while (B) KLF14had a
weak, negative correlation (PCC=-0.31). Per these criteria, expression levels of 9 genes
were correlated with PHASES score. The top 2 most significant are shown here (see
Supplemental Figure 2 for correlation plots of the remaining genes). C). £LF5had a strong,
positive correlation with a PCC of 0.62. D). GSTM1 had a weak, positive correlation
(PCC=0.36). Abbreviations: PCC=Pearson correlation coefficient, TPM=transcripts per
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million, PHASES=Population, Hypertension, Age, Size, Earlier subarachnoid hemorrhage,
Site
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Patient and Aneurysm Characteristics. *

Patient Characteristics

Age (average years * s.d.) 57.3+12.0
Smoking (n/niotal) 19/68 (27.9%)
Hypertension (n/netal) 30/68 (44.1%)
Family history of 1A (n/ngar) 9/68 (13.2%)
Patients with multiple 1As (n/nya) | 15/68 (22.1%)
Aneurysm Characteristics
1A size (average mm % s.d.) 46+32
1A location (n/nga)
ACA/ACom 9/89 (10.1%)
BA/BT 7/89 (7.9%)
ICA 44/89 (49.4%)
MCA 13/89 (14.6%)
PCA/PCom 16/41 (18.0%)

*
These clinical factors were retrieved from patients” medical records. With the exception of age, these datapoints were quantified as

Table 1:

Page 23

binary data points. Abbreviations: |A=intracranial aneurysm, n=number, s.d.=standard deviation, ACA=anterior cerebral artery, ACom=anterior
communicating artery, BA=basilar artery, BT=basilar terminus, ICA=internal carotid artery, MCA=middle cerebral artery, PCA=posterior cerebral
artery, PCom=posterior communicating artery

Mol Diagn Ther. Author manuscript; available in PMC 2024 January 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Poppenberg et al.

Table 2.

Linear Discriminant Analysis Prediction Model Performance.”

1A risk stratified by size

1A risk stratified by PHASES

Avg. Training AUC 0.986 1
(95% ClI) (0.985-0.988) (1.00-1.00)
Avg. Testing Accuracy 0.820 0.883
(95% ClI) (0.804-0.835) (0.872-0.894)
Avg. Sensitivity 0.834 0.778
(95% ClI) (0.809-0.860) (0.753-0.802)
Avg. Specificity 0.807 0.953
(95% CI) (0.784-0.830) (0.939-0.967)

*
Abbreviations: Avg.=average, |A=intracranial aneurysm, Cl=confidence interval
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