Downloaded at Palestinian Territory, occupied on November 29, 2021

Check for
updates

Large-scale informatic analysis to algorithmically
identify blood biomarkers of neurological damage

Grant C. O'Connell®’

3School of Nursing, Case Western Reserve University, Cleveland, OH 44106

, Megan L. Alder®®, Christine G. Smothers?, and Julia H. C. Chang®

Edited by Vincent T. Marchesi, Yale University School of Medicine, New Haven, CT, and approved July 9, 2020 (received for review April 23, 2020)

The identification of precision blood biomarkers which can accurately
indicate damage to brain tissue could yield molecular diagnostics
with the potential to improve how we detect and treat neurological
pathologies. However, a majority of candidate blood biomarkers for
neurological damage that are studied today are proteins which were
arbitrarily proposed several decades before the advent of high-
throughput omic techniques, and it is unclear whether they repre-
sent the best possible targets relative to the remainder of the human
proteome. Here, we leveraged mRNA expression data generated
from nearly 12,000 human specimens to algorithmically evaluate
over 17,000 protein-coding genes in terms of their potential to pro-
duce blood biomarkers for neurological damage based on their ex-
pression profiles both across the body and within the brain. The
circulating levels of proteins associated with the top-ranked genes
were then measured in blood sampled from a diverse cohort of pa-
tients diagnosed with a variety of acute and chronic neurological
disorders, including ischemic stroke, hemorrhagic stroke, traumatic
brain injury, Alzheimer's disease, and multiple sclerosis, and evalu-
ated for their diagnostic performance. Our analysis identifies several
previously unexplored candidate blood biomarkers of neurological
damage with possible clinical utility, many of which whose presence
in blood is likely linked to specific cell-level pathologic processes.
Furthermore, our findings also suggest that many frequently cited
previously proposed blood biomarkers exhibit expression profiles
which could limit their diagnostic efficacy.

molecular diagnostics | stroke | multiple sclerosis | traumatic brain injury |
Alzheimer’s disease

ollectively, neurological disorders are the leading cause of

disability and second leading cause of death worldwide (1).
The identification and development of precision blood bio-
markers of neurological damage could dramatically improve how
we diagnose and treat these debilitating conditions, and ulti-
mately reduce their burden. For example, it is well established
that rapid and accurate diagnosis of acute neurological injuries
such as stroke and traumatic brain injury during the early stages
of care significantly reduces mortality and morbidity (2, 3).
However, the symptom-based assessments that are currently
used for recognition of such injuries during triage have limited
accuracy, and up to 35% of patients are misdiagnosed at initial
clinician contact (4-8). In these acute conditions, the develop-
ment of biomarker-based screening tools with the ability to ac-
curately detect neurological damage could substantially reduce
rates of mistriage, enable earlier access to intervention, and
improve patient outcomes (9). With respect to chronic neuro-
degenerative diseases such as Alzheimer’s disease and multiple
sclerosis, developing accurate blood biomarkers of neurological
damage could allow for more confident early diagnosis, nonin-
vasive tracking of disease progression, and real-time monitoring
of response to therapy (10, 11).

Due to its specialized function, the proteomic composition of
the brain is highly unique relative to other organs. Cellular dis-
ruption of neural tissue results in the release of brain-specific
proteins into the extracellular environment, and ultimately into
peripheral circulation. Thus, the detection of these proteins in the
blood can serve as a surrogate marker of neurological damage.
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From a logical perspective, candidate proteins most ideally suited
to serve as such biomarkers are those which display three pre-
dominant properties. First, they should exhibit highly enriched
expression in brain tissue relative to other tissues, ensuring spec-
ificity. Second, they should be highly abundant within brain tissue,
as lowly expressed proteins may not be released into circulation at
high enough levels to enable detection. Third, they should exhibit
ubiquitous expression across all brain regions, reducing the risk of
false negative diagnosis in the case of focal damage.

A large number of existing candidate blood biomarkers of neu-
rological damage studied today are proteins which were arbitrarily
labeled as being brain specific decades ago (12-19); however, in
many cases, their degree of enrichment in brain tissue has been
poorly validated, especially in humans. Furthermore, a majority of
these proteins were proposed as biomarkers without consideration
for brain abundance or expressional variability across brain regions.
Additionally, because many of them were suggested before the
widespread availability and use of high-throughput omic techniques,
they have predominantly been studied in low-throughput investi-
gations only considering a handful of targets. Due to the unsys-
tematic manner in which these existing candidates have been
proposed and investigated, it is currently unclear whether they
represent the best possible biomarkers relative to the remainder of
the human proteome.

Thus, our goal was to systematically search the protein-coding
genome to identify genes with the highest potential to produce
blood biomarkers of neurological damage. To do this, we lever-
aged mRNA expression data generated from nearly 12,000 human
specimens to algorithmically evaluate over 17,000 protein-coding
genes in terms of a novel biomarker suitability score accounting

Significance

The discovery and development of precision blood biomarkers
which can accurately detect damage to brain tissue could
transform how we diagnose and treat neurological patholo-
gies. In this study, we used mRNA expression data generated
from thousands of tissue samples to algorithmically evaluate
nearly every protein-coding gene in the human genome in
terms of potential to produce blood biomarkers for neurolog-
ical damage based on expression profiles both across the body
and within the brain. This unprecedented analysis identifies a
plethora of previously unexplored candidate blood biomarkers
which could have clinical utility for noninvasive diagnosis and
monitoring of various common neurological conditions, in-
cluding traumatic brain injury, stroke, and multiple sclerosis.
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for brain enrichment, brain abundance, and brain regional vari-
ability. Then, to determine whether the top-ranked genes identi-
fied in our algorithmic analysis could code for proteins with the
potential to provide more detailed diagnostic information re-
garding the specific cellular nature of pathology, we leveraged
single-cell sequencing data generated from human brain tissue to
determine which cell populations the top-ranked genes are
expressed within. Finally, in order to directly evaluate their diag-
nostic potential, the circulating levels of proteins associated with
the top-ranked genes were measured in blood sampled from a
diverse cohort of patients diagnosed with a variety of acute and
chronic neurological disorders, including ischemic stroke, hemor-
rhagic stroke, traumatic brain injury, Alzheimer’s disease, and
multiple sclerosis.

Our collective analysis identifies several previously unexplored
candidate blood biomarkers of neurological damage with po-
tential clinical utility, many of which whose presence in blood is
likely linked to specific cell-level pathologic processes. Further-
more, our findings also suggest that several of the most fre-
quently cited previously proposed blood biomarkers exhibit
expression profiles which could limit their diagnostic perfor-
mance in many clinical-use scenarios.

Results

Algorithmic Ranking of Biomarker Suitability. In order to discover
genes with optimal expression profiles to produce blood bio-
markers of neurological damage, we systematically searched the
protein-coding genome to identify genes which exhibit high lev-
els of expressional enrichment in brain tissue relative to non-
neural tissues, abundant expression within the brain, and low
variability in expression levels across brain regions. To do this,
genomewide mRNA expression data were obtained via two
publicly available datasets. The first dataset originated from the
Genotype-Tissue Expression (GTEx) project (20), and was
generated via RNA sequencing of 7,906 postmortem normal
human specimens harvested from 28 different nonneural tissues,
as well as eight anatomically distinct regions of brain (SI Ap-
pendix, Tables S1 and S2). The second dataset originated from
the Allen Brain Atlas (ABA) project (21), and was generated via
microarray analysis of 3,702 normal postmortem normal human
brain specimens harvested from 232 anatomically distinct brain
regions (SI Appendix, Tables S3 and S4). Data were filtered to
retain 17,650 genes which were detected in both datasets and
informatically annotated as coding for protein products based on
the presence of an open reading frame. To determine how
specific the expression of each protein-coding gene is to brain
tissue, we calculated the level of fold enrichment in brain sam-
ples relative to samples from nonneural tissues within the GTEx
dataset. In order to determine how abundantly expressed each
gene is within the brain, we further calculated the average ex-
pression levels across brain samples contained in the GTEx
dataset. In order to determine how ubiquitously expressed each
gene is across the brain, we used the Gini coefficient, a statistical
measure of inequality (22), to assess variability in expression
levels across samples from different anatomical brain regions
within the ABA dataset. Genes were then filtered to only retain
those whose expression levels were enriched at least 100-fold
within the brain, and the remaining genes were subsequently
ranked for suitability to produce blood biomarkers of neuro-
logical damage based on a biomarker suitability score calculated
by taking the mean of unity-normalized brain fold enrichment,
brain abundance, and inverse brain regional variability values
(Fig. 14).

Clustering of samples in both datasets based on the expression
levels of all 17,650 protein-coding genes using t-distributed sto-
chastic neighborhood embedding (t-SNE) produced distinct
clusters consistent with tissue type and brain region, indicating
that the processed data’ were of high fidelity and properly
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annotated (SI Appendix, Fig. S1). In terms of algorithmic rank-
ing, only 100 genes remained after filtering based on brain fold
enrichment cutoff. The relationships between biomarker suit-
ability score, brain fold enrichment, brain abundance, and brain
regional variability for these remaining genes are indicated in
Fig. 1B. The highest ranked genes according to biomarker suit-
ability score generally exhibited a combination of high brain en-
richment, high brain abundance, and low regional variability, while
lower ranked genes tended to exhibit lower levels of brain en-
richment, lower brain abundance, and higher regional variability.

The genes associated with two well-studied candidate bio-
markers of neurological damage, glial fibrillary acidic protein
(GFAP) (23), and myelin basic protein (MBP) (24-26), ranked
in the top of the analysis at first and seventh, respectively. The
gene coding for neurofilament light chain (NfL), another previ-
ously proposed and increasingly studied neurological damage bio-
marker (27), ranked 68th in the analysis. However, the remaining
97 of the 100 top-ranked genes all coded for proteins which have
been largely unexplored as blood biomarkers to date, suggesting
that there is a plethora of proteins with diagnostic potential which
have yet to be investigated. For example, the remaining 6 of the
top 8 ranked genes, which code for oligodendrocytic myelin para-
nodal and inner loop protein (OPALIN), metallothionein-3 (MT-
3), synaptosomal-associated protein 25 (SNAP-25), beta-synuclein
(B-synuclein), kinesin heavy chain isoform 5A (KIF5A), and myelin-
associated oligodendrocyte basic protein (MOBP), all displayed
optimal expression profiles, but their products have yet to be widely
evaluated for use in blood-based diagnostics. Surprisingly, genes
associated with some of the most high-profile and frequently cited
previously proposed candidate biomarkers of neurological damage
(10, 28-30), such as S100 calcium binding protein B (S100B),
neuron-specific enolase (NSE), ubiquitin carboxyl-terminal hydro-
lase isozyme L1 (UCH-L1), alpha-II spectrin (spectrin-alI), Tau,
neurofilament heavy chain (NfH), prion protein (PrP), and amyloid
beta (Ap), all failed to meet the fold enrichment cutoff.

Enrichment of the Top-Ranked Genes in Brain Tissue. Fig. 2 depicts
the transcriptional expression levels of the top 50 algorithmically
ranked genes, along with those of genes associated with several
notable previously proposed candidate biomarkers, in each of
the 29 tissue types interrogated in the GTEx dataset. Genes
associated with three previously proposed biomarkers, GFAP,
MBP, and NfL, demonstrated modest to high levels of brain
enrichment, exhibiting 1,670-fold, 143-fold, and 119-fold higher
expression levels in brain specimens relative to specimens from
nonneural tissues. However, genes associated with the remaining
previously proposed biomarkers which we examined displayed
relatively low levels of enrichment; transcripts associated with
S100B, NSE, UCH-L1, spectrin all, Tau, NfH, PrP, and Ap were
only enriched 3- to 23-fold in brain specimens, suggesting they
are not as brain specific as previously thought, and thus may be
limited in their diagnostic specificity. Interestingly, some of the
most brain-enriched genes were those coding for proteins which
have yet to be widely investigated as blood biomarkers. For ex-
ample, the genes which code for OPALIN, f-synuclein, and
MOBP were transcriptionally enriched 2,430-fold, 475-fold, and
1,130-fold, respectively. This suggests that there are several
proteins which have yet to be studied as blood biomarkers which
may offer equivalent or higher levels of diagnostic specificity
relative to those which are currently being investigated.

Abundance of the Top-Ranked Genes in Brain Tissue. Fig. 3 depicts
the mean transcriptional expression levels of the top 50 algo-
rithmically ranked genes, along with those of genes associated
with several notable previously proposed candidate biomarkers
of neurological damage, in brain specimens of the GTEx dataset.
Genes associated with all of the previously proposed biomarkers
which we examined exhibited expression levels which fell above
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A mRNA expression data from 17,650 protein coding genes:

Genotype Tissue Expression RNAseq data (GTEx dataset):

Allen Brain Atlas microarray data (ABA dataset):

7,906 post-mortem human specimens harvested from 29 discrete tissues including brain

|

Brain enrichment:

Fold enrichment in brain tissue vs non-neural tissue
(measured as fold difference)
L 1

Brain abundance:

Average expression levels across brain specimens
(measured as average TPM values)

3,702 post-mortem human specimens harvested from 321 anatomically distinct brain regions

Brain regional variability:

Variability in expression levels across brain regions
(measured with Gini coefficient)
1

Algorithmic assessment of genes to identify proteins with optimal properties for potential use as biomarkers of neurological damage:

Initital gene set

Ranking of remaining genes using a biomarker suitability score equally considering
brain fold enrichment, brain abundance, and the inverse of brain regional variability.

0
Filtering using 100-fold brain enrichment cutoff -

B Brain enrichment (log2 fold enrichment) . Brain abundance (log2 TPM) . Brain regional variability (Gini coefficient) = = = Biomarker suitability score
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Fig. 1. Algorithmic search strategy and resultant top-ranked candidate genes according to biomarker suitability score. (A) Experimental workflow used to

algorithmically assess the protein-coding genome for candidate biomarkers of neurological damage. (B) Relationship between biomarker suitability score,
brain fold enrichment, brain abundance, and brain regional variability for the top-100 ranked genes. Brain fold enrichment, brain abundance, and brain
regional variability values are presented scaled between 0 and 1 using unity normalization.

the 90th percentile relative to all 17,650 protein-coding genes
included in our analysis, suggesting high levels of abundance in
brain tissue. Comparatively, many highly ranked genes coding for
proteins that have yet to be widely considered as blood bio-
markers exhibited similar or higher expression levels. For ex-
ample, the genes which code for MT-3, SNAP-25, B-synuclein,
and KIF5A all displayed expression levels which fell above the
99th percentile. From an analytical perspective, the fact that these
genes exhibit such high transcriptional abundance in brain tissue is
encouraging in terms of the possibility that their protein products
could be detected in blood in the case of neurological damage.

Variability in Expression Levels of the Top-Ranked Genes across Brain
Regions. Fig. 4 depicts the transcriptional expression levels of the
h those of genes
posed candidate

biomarkers, across specimens from each of the 232 brain regions
examined in the ABA dataset, with the degree of regional vari-
ability indicated by Gini coefficient. Gini coefficient values ranged
from 0.06 to 1.0 across all 17,650 protein-coding genes examined in
the analysis, with values closer to 0 indicating nearly homogeneous
expression across brain regions, and values approaching 1 indicating
extreme inequality in expression across brain regions. Many genes
associated with previously proposed biomarkers exhibited relatively
low expressional variability, indicated by Gini coefficient values
ranging from 0.11 to 0.36. However, a handful, including GFAP,
MBP, NfL, and NfH, were more variable, with respective measured
Gini values of 0.43, 0.53, 0.47, and 0.60. Comparatively, many top
ranked genes associated with proteins that have yet to be widely
investigated as blood biomarkers exhibited an equivalent or lower
degree of expressional variability. For example, the genes which
code for OPALIN, MT-3, SNAP-25, p-synuclein, and KIFSA
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Fig. 2. Transcriptional enrichment of the top-ranked candidate genes in brain tissue. Transcriptional expression levels of the top-50 algorithmically ranked
genes, along with those of genes associated with several notable previously proposed candidate biomarkers of neurological damage, in each of the 29 tissue
types interrogated in the GTEx dataset. Levels of fold enrichment in brain tissue relative to nonneural tissues are indicated.

displayed respective Gini coefficient values of 0.40, 0.16, 0.25, 0.21,
and 0.29. This suggests that there are several yet to be explored
candidate blood biomarkers which may exhibit enough homoge-
neity in brain expression to allow for detection of neurological
damage across a variety of brain regions with relatively equivalent
levels of diagnostic sensitivity.

Cellular and Subcellular Expression Profiles of Top-Ranked Genes. In
an effort to provide biological context relevant to the use of their
protein products as biomarkers, we examined the cellular and
subcellular expression profiles of the top-50 ranked genes, as
well as genes associated with other notable previously proposed
candidate markers of neurological damage.

In order to determine which cell populations the candidate
genes are expressed by within the brain, we leveraged a publicly
available single-cell RNA-sequencing dataset originally generated
by Darmanis et al. (31) to examine their transcriptional expression
levels in five distinct types of cells isolated from surgically resected
brain tissue harvested from a mix of living adult human donors (S7
Appendix, Tables S5 and S6). A majority of the top-ranked genes
exhibited relatively cell-specific expression profiles (Fig. 54). For
example, the genes coding for GFAP and MT-3 were predomi-
nantly expressed by astrocytes, while the genes coding for SNAP-25,
B-synuclein, and KIF5A were predominantly expressed by neurons.
Likewise, the genes coding for OPALIN, MBP, and MOBP were
predominantly expressed by oligodendrocytes. This suggests that it
is possible that the presence of any of these given proteins in the
blood could be diagnostically attributable to damage to a specific
brain cell population, which could provide pathophysiological con-
text that adds to their clinical value as biomarkers. Genes associated
with multiple notable previously proposed biomarkers including
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S100B, PrP, and spectrin-all exhibited less isolated cellular ex-
pression profiles, suggesting they may not be able to provide similar
contextual value.

In order to determine the subcellular distribution of proteins
associated with the candidate genes, we utilized the Compart-
ments database developed by Binder et al. (32) to retrieve sub-
cellular localization confidence scores generated from an
aggregate of sequence-based prediction, literature text-mining,
and high-throughput microscopy-based screening. A majority of
the top-ranked genes generated in our analysis code for proteins
associated with the plasma membrane, cytosol, or cytoskeleton,
and few coded for nuclear or secreted proteins (Fig. 5B). This is
encouraging in terms of their use as biomarkers, as secreted
proteins are more likely to be found in the blood in the absence
of cellular damage, limiting diagnostic specificity, and proteins
with predominantly nuclear localization may not easily diffuse
from damaged cells into the extracellular environment, limiting
their ability to be detected. Furthermore, in the case of some
proteins associated with top-ranked genes, their highly specified
subcellular localization, when considered along with their cellu-
lar expression profiles, could allow them to provide even more
detailed pathophysiological context as biomarkers. For example,
KIF5A is a cytoskeletal microtubule motor protein which we
observed as being primarily expressed by neurons; thus it is
possible that the presence of KIF5A in the blood may be asso-
ciated with axonal damage specifically.

Circulating Levels of Top-Ranked Candidate Biomarkers in Patients with
Neurological Disorders. In order to directly evaluate their potential
for use as blood biomarkers, ELISA was used to measure the
serum levels of proteins associated with the top-eight ranked
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Fig. 3. Transcriptional abundance of top-ranked candidate genes in brain
ranked genes, along with those of genes associated with several notable
specimens of the GTEx dataset.

candidate genes in a diverse cohort of patients with acute and
chronic neurological damage, as well as in a group of neurologi-
cally normal controls. Subjects with neurological damage included
patients with definitive clinical diagnoses of traumatic brain injury
(TBIL, n = 13), ischemic stroke (IS, n = 43), hemorrhagic stroke
(HS, n = 5), Alzheimer’s disease (AD, n = 20), and multiple
sclerosis (MS, n = 20). In cases of acute neurological damage such
as traumatic brain injury and stroke, blood was collected imme-
diately upon hospital admission. Neurologically normal controls
(n = 85) included patients coenrolled in various other investiga-
tions of chronic disease who were deemed neurologically normal
by a trained clinician. Patients with neurological damage and
control subjects were relatively well matched in terms of gender
and the prevalence of common comorbidities such as diabetes,
dyslipidemia, and hypertension. The collective group of patients
with neurological damage were also of similar age as control sub-
jects, although ischemic stroke and Alzheimer’s disease patients
tended to be older, while multiple sclerosis patients tended to be
younger (SI Appendix, Table S7). However, we observed no signif-
icant correlations between the serum levels of any of the eight
proteins and age after controlling for clinical diagnosis (SI Appendix,
Table S8); this suggests that age was a relatively small contributor to
the overall variance in the serum levels of these proteins in our
study population, and that any modest intergroup age differences
were unlikely to meaningfully confound downstream analyses.
The levels of all eight proteins were significantly elevated in
the serum of patients with neurological damage relative to
neurologically normal controls, providing evidence that they are
in fact released into circulation as a result of damage to brain
tissue. However, some elevations were condition specific, while
others were more ubiquitous. For example, circulating levels of
GFAP, KIF5A, and SNAP-25, were significantly elevated across
nearly all neurological conditions (Fig. 6 4, D, and F), suggesting
their presence in blood may serve as ‘a general marker of
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tissue. Average transcriptional expression levels of the top-50 algorithmically

previously proposed candidate biomarkers of neurological damage, in brain

neurological damage. Conversely, circulating levels of MT-3
were only significantly elevated in patients with acute ischemic
stroke (Fig. 6C); this observation, taken with prior reports that
MT-3 is robustly up-regulated in astrocytes and neurons in re-
sponse to ischemic and hypoxic conditions (33-35), suggests MT-
3 may have utility for detecting ischemia specifically. Likewise,
elevations in circulating levels of MBP, MOBP, and OPALIN
were most dramatic in patients with multiple sclerosis compared
to patients with other neurological conditions (Fig. 6 B, G, and
H), suggesting that they may have specific utility for detecting
demyelinating pathologies.

Correlational analysis further supported the notion that the
presence of these proteins in the blood could be linked to spe-
cific cellular pathology. The serum levels of the eight proteins all
exhibited varying degrees of positive correlations with each other
across all subjects after controlling for clinical diagnosis; how-
ever, hierarchal clustering of the proteins based on covariance
produced perfect clustering according to the specific cell pop-
ulations their transcripts were predominantly expressed by in our
earlier single-cell analysis. For example, MBP, OPALIN, and
MOBP, which displayed predominant transcriptional expression
by oligodendrocytes, distinctly clustered with each other based
on the correlation between their circulating levels. Similarly,
SNAP-25, B-synuclein, and KIF5A, which displayed predominant
transcriptional expression by neurons, formed a second distinct
cluster, while MT-3 and GFAP, which displayed predominant
transcriptional expression by astrocytes, formed a third distinct
cluster (Fig. 6/). This overall pattern of correlation, taken with
patterns of blood elevations we observed across different neuro-
logical conditions, provides evidence that presence of these proteins
in the blood may be attributable to specific pathophysiological
processes affecting specific populations of cells. In particular, this
may suggest that increased blood levels of MBP, MOBP, and
OPALIN are a result of myelin damage, that increased blood levels
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Fig. 4. Variability in expression levels of the top-ranked candidate genes across brain regions. Transcriptional expression levels of the top-50 algorithmically
ranked genes, along with those of genes associated with other notable previously proposed candidate biomarkers of neurological damage, across samples
from each of the 232 brain regions examined in the ABA dataset. The degree of variability in expression levels across brain regions is indicated by the Gini

coefficient.

of SNAP-25, B-synuclein, and KIFSA may be attributable to general
neuron or axonal damage, and that increased blood levels of MT-3
and GFAP may be attributable to astrocyte damage or activation.

Diagnostic Performance. Receiver operating characteristic (ROC)
analysis was subsequently used to determine how well the cir-
culating levels of proteins associated with the top-eight ranked
genes could diagnostically discriminate between patients with
neurological damage and control subjects. In terms of differen-
tiating the total pool of patients with neurological damage from
control subjects, all eight proteins demonstrated modest diagnostic
ability, producing area under curve (AUC) values ranging from 0.68
to 0.80, with SNAP-25, GFAP, and KIF5A offering the highest
overall diagnostic performance, and MBP, p-synuclein, and MT-3
offering the lowest. When used in combination, the coordinate
blood levels of all eight proteins yielded greater overall diagnostic
performance than any individual marker alone, producing an AUC
of 0.94, and could discriminate between groups with 84% sensitivity
and 89% specificity (Fig. 74). While this suggests that all eight
proteins have utility for detection of general neurological damage,
the levels of diagnostic performance we observed when considering
the total subject pool are likely not reflective of their true diagnostic
potential. Each of the neurological conditions we examined are a
ordingly, some
several proteins

demonstrated condition-specific discriminatory ability consistent
with their patterns of blood elevations.

For example, separate comparisons of each individual neuro-
logical condition to the control group revealed that MOBP,
OPALIN, and MBP exhibited relatively poor performance for
diagnosis of acute pathology. However, consistent with their
potential link to oligodendrocyte damage, they were the highest
three performing individual markers in diagnosis of multiple
sclerosis; their use in combination produced an AUC of 0.92,
and allowed for discrimination between groups with 90% sensi-
tivity and 87% specificity (Fig. 7F). While they performed fairly
well across all conditions, three markers potentially linked to
astrocyte activation and neuron damage, SNAP-25, GFAP, and
KIF5A, exhibited higher levels of performance in diagnosis of
patients with acute pathology as opposed to patients with chronic
pathology. They were the highest three performing individual
markers for diagnosis of traumatic brain injury, where their use in
combination produced an AUC of 0.98, and allowed for discrimi-
nation between groups with 100% sensitivity and 92% specificity
(Fig. 7B). They were also the highest three individual performing
markers with respect to diagnosis of hemorrhagic stroke, where
their use in combination yielded an AUC of 0.99, and allowed for
discrimination between groups with 100% sensitivity and 99%
specificity (Fig. 7D). Unsurprisingly given its potential link to is-
chemic injury, MT-3 offered the highest individual level of diag-
nostic performance for detection of ischemic stroke; when used in
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Fig. 5. Cellular and subcellular expression profiles of the top-ranked candidate genes. (A) Transcriptional expression levels of the top-50 algorithmically
ranked genes, along with those of genes associated with other notable previously proposed candidate biomarkers of neurological damage, across various
distinct human brain cell populations profiled by single-cell sequencing. The cell population with the highest average expression levels for each gene is
indicated. (B) Descriptions of proteins coded for by the top-50 algorithmically ranked genes, as well as genes associated with other notable previously
proposed candidate biomarkers of neurological damage, along with their predicted subcellular localizations. Predicated protein subcellular localizations are
indicated as confidence scores; higher values indicate a greater degree of confidence a given protein exhibits a given localization.

combination with the next two highest performing markers, SNAP-
25 and KIF5A, the three markers produced an AUC of 0.90, and
could discriminate between groups with 72.0% sensitivity and
93.0% specificity (Fig. 7C).

Further supportive of the idea that the presence of these
proteins in the blood may be attributed to different pathophys-
iological mechanisms, in many cases, they displayed the ability to
diagnostically discriminate between different neurological con-
ditions with fairly high levels of accuracy, especially when used in
combination (SI Appendix, Fig. S2). Taken together, the collec-
tive levels of diagnostic performance observed across these
analyses suggest that the top-ranked candidate biomarkers
identified using our algorithmic search strategy could have true
clinical utility for detection of neurological damage across a
multitude of common pathologies.

Discussion

In the work described here, we employed an algorithmic approach
nome to identify
od biomarkers of

neurological damage. The results produced by our analysis, which
is unprecedented in both its scale and scope, provide valuable
insights into the diagnostic suitability of numerous previously
proposed candidate biomarkers, and identify several previously
unexplored candidate biomarkers with strong potential for future
clinical use.

Three previously proposed candidate biomarkers, GFAP,
MBP, and NfL, fell near the top of our algorithmic analysis,
ranking at 1st, 7th, and 68th, respectively. These results strongly
support those of numerous prior investigations which have
reported elevations in their circulating levels in various states of
neurological damage and provide further evidence that they may
have true diagnostic utility (23-27). Unlike GFAP, MBP, and
NfL, the remaining previously proposed biomarkers which were
interrogated in our algorithmic analysis, including S100B, NSE,
UCH-L1, spectrin-all, Tau, NfH, PrP, and AP, all ranked out-
side of the top 100. This phenomenon was largely attributable to
the fact that they displayed a shockingly low degree of brain
enrichment at the transcriptional level, which was unexpected
given that many of them are frequently cited as being brain-
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Fig. 6. Circulating levels of proteins associated with the top-eight ranked candidate genes in patients with neurological disease. (A-H) Circulating con-
centrations of proteins associated with each of the top-eight ranked candidate genes in neurologically normal controls and patients diagnosed with traumatic
brain injury (TBI), ischemic stroke (IS), hemorrhagic stroke (HS), Alzheimer’s disease (AD), and multiple sclerosis (MS). Data are presented on a log2 scale, with
the minimum axis value corresponding to the lower limit of quantification. Protein concentrations were compared between groups with the Kruskal-Wallis
test. Post hoc comparisons were made using the Mann-Whitney u test, with P values adjusted for multiple comparisons using the Holm-Bonferroni method.
(/) Correlation matrix depicting the relationships between the circulating levels of proteins associated with the top-eight ranked genes across all subjects after
controlling for diagnosis. Strength of partial correlations were assessed via Spearman’s rho, and P values were adjusted for multiple comparisons using the
Holm-Bonferroni method. Hierarchical clustering indicates similarity in expression based on correlation; the predominant brain cell population of expression
associated with each major cluster of proteins is indicated in the cluster dendrogram. *Statistically significant.

specific proteins (29, 30, 36). Because our findings suggest that  offer high levels of diagnostic performance in many true clinical-
their expression is poorly restricted to brain, they may be limited ~ use scenarios.
in their ability to accurately detect damage to brain tissue in the This is likely Wh}_’ S100B, N_SE, and UCH'I—;l_ have per_formed
presence of concurrent damage to peripheral tissues and organs, poorly as blood biomarkers in se\{eral condlt}ons, particularly
which is often a feature in many neurological conditions. For ischemic stroke (40, 41) and multiple sclerosis (42, 43), when
example, in stroke, common comorbidities such as diabetes and trlalefi ur.1d§r clm}cally ap.pllcablf.: study designs. From this per-
atherosclerosis cause cellular damage to the vasculature and spective, it is particularly interesting that the US Food and Drug
kidneys (37). In Alzheimer’s disease, a multitude of common Administration (FDA) recently approved a dual-analyte assay
Y ; . ’ o measuring circulating levels of UCH-L1 in combination with GFAP
age-related maladies and general atrophy cause similar cellul:?r for clinical detection of traumatic brain injury (44). Based on our
damage across the body (38). Perhaps most obviously, traumatic  gpservations, it is possible that a majority of the discriminatory
brain injury is often a result of collision sports, vehicular acci-  power of this assay is attributable to GFAP alone. If this is true, it
dents, falls, and other types of events which commonly result in  would mean that a single-analyte assay targeting only GFAP may be
numerous peripheral injuries (39). Thus, generally, it is doubtful  able to achieve similar or equivalent performance, while being more
that blood measures of any of these proteins would be able to  cost effective and easier to implement at the point of care.
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Fig. 7. Diagnostic performance of proteins associated with the top-eight ranked candidate genes. (A-F) ROC curves indicating the individual and combined
abilities of circulating levels of proteins associated with the top-eight ranked genes to discriminate between neurologically normal controls and the total pool
of patients diagnosed with neurological damage (All ND), patients diagnosed with traumatic brain injury (TBI), ischemic stroke (IS), hemorrhagic stroke (HS),
Alzheimer’s disease (AD), and multiple sclerosis (MS). AUC, sensitivity, and specificity values with 95% confidence intervals are indicated. Sensitivity and
specificity values are associated with the cutoff yielding the highest Youden value. For the comparison between control subjects and the total pool of patients
with neurological damage, the combined ROC curve was generated using the circulating levels of all eight proteins. For comparisons between control subjects
and specific neurological diagnoses, combined ROC curves were generated using the circulating levels of only the top three individually performing proteins,

as determined by AUC. The statistical significance of AUC values was tested using the DeLong method, and P values were adjusted for multiple comparisons
cant AUC. A complete summary of all diagnostic statistics with optimal cutoff values can be found in
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It is important to note that with respect to some of the previ-
ously proposed biomarkers assessed in our analysis, the lack of
brain specificity we observed may not necessarily preclude them
from being informative in certain neurological conditions, espe-
cially if they are directly involved in pathogenesis. For example,
because Alzheimer’s disease is pathophysiologically associated
with an accumulation of neurofibrillary tangles and plaques
comprised of tau and Af, measures of these proteins in the blood,
particularly disease-related isoforms, may still offer diagnostic
utility. However, even in this case, a lack of brain specificity may
still limit the degree of accuracy these markers can truly achieve
when measured in peripheral circulation; this could explain the
fact that measures of tau and AP in cerebrospinal fluid have his-
torically performed better than measures in blood for detection of
Alzheimer’s pathology (45).

In addition to providing insights regarding the aforementioned
previously proposed biomarkers, our algorithmic analysis also
identified several previously unexplored candidates, as proteins
associated with 97 of the top-100 ranked genes have yet to be
widely investigated for blood-based diagnostic use. While we
only focused on the highest six ranked of these markers in our
confirmatory blood analysis, many others displayed body- and
brain-wide expression profiles which suggest that they may have
similar diagnostic utility. If they can be validated, this large pool
of newly identified candidate markers could be extremely valu-
able, given that it is becoming increasingly evident that single
blood markers are inadequate to provide high levels of accuracy
for many neuro applications, and that the development of true
precision diagnostics will likely require the use of multiple
markers as part of multianalyte algorithmic assays (46—49).

Many of the top-ranked previously uninvestigated markers
which we assessed in our blood analysis displayed patterns of
elevations and levels of diagnostic performance which were en-
couraging in terms of future clinical use. For example, levels of
OPALIN and MOBP were robustly elevated in patients with
multiple sclerosis and appeared to indicate cellular damage to
oligodendrocytes specifically. When combined with MBP, which
is an often studied cerebral spinal fluid biomarker of multiple
sclerosis-related neurological damage (50-52), they were able to
discriminate between multiple sclerosis patients and controls
with 90% sensitivity and 87% specificity, albeit in a limited
sample size. Thus, diagnostics targeting circulating levels of these
proteins could be useful in the initial diagnosis of multiple
sclerosis, which is often subjective and ambiguous (53). However,
these proteins may have the most future value for noninvasive
longitudinal tracking of disease progression. Most molecular
biomarkers which are clinically used in multiple sclerosis, such as
oligoclonal band screening and autoantibody tests, detect im-
mune system activity and are therefore indirect indicators of
neurodegeneration (11). Because the presence of OPALIN,
MOBP, and MBP in the blood appear to be directly linked to
brain tissue damage, they could be useful for evaluating efficacy
of therapeutic interventions, which is essential in developing and
maintaining long-term individualized treatment strategies.

Two previously unexplored blood markers identified in our
analysis, SNAP-25 and KIF5A, appeared to be linked to cellular
damage to neurons specifically, and displayed a strong ability to
detect acute neurological conditions, especially traumatic brain
injury. In fact, when combined with GFAP, they were able to
discriminate between traumatic brain injury patients and con-
trols with 100% sensitivity and 92% specificity. Thus, these
markers could be extremely valuable in screening patients for
traumatic brain injury during triage, where timely recognition
can avoid debilitating complications by ensuring patients are
referred to an appropriate care team which is trained to manage
neurological injury (3). Given that the symptom-based assess-
ments predominantly used by clinicians for recognition of trau-
matic brain injury in the prehospital and early in-hospital setting
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have been reported to be as low as 30% sensitive (4, 5), and the
only biomarker-based screening tool with FDA approval, which
targets GFAP and UCH-L1, has been reported to be only about
35% specific (44), KIF5A and SNAP-25 could give much needed
additional diagnostic power to current clinical tools if our find-
ings can be validated in a larger cohort of patients.

Another relatively unexplored blood marker identified in our
analysis, MT-3, displayed properties which suggest it could be
similarly valuable for detection of ischemic stroke during triage.
Much like traumatic brain injury, early recognition is essential
for positive outcome, as it is estimated that 1.9 million neurons
are permanently lost every minute without intervention (54).
However, the ability to confidently rule out a stroke diagnosis in
patients presenting with neurological symptoms is also impor-
tant, as mistriaged patients with nonstroke disorders can put
significant resource strain on stroke centers (55, 56). We ob-
served robust elevation in circulating level of MT-3 in ischemic
stroke patients at hospital admission, and MT-3 was able to
discriminate between ischemic stroke patients and controls with
70% sensitivity and 95% specificity. Given that the most com-
monly used symptom-based stroke recognition tools available to
clinicians in the prehospital and early in-hospital setting are of-
ten unreliable, with levels of sensitivity ranging from 44 to 95%,
and levels of specificity ranging from 21 to 78% (57), MT-3 could
be a strong candidate for future use in biomarker-based stroke
screening if our findings can be confirmed in a larger-scale
follow-up investigation.

While our results are exciting, it is important to note that this
study was not without limitations. Perhaps most notable is that
our algorithmic analysis was performed at the transcriptional
level, even though our end goal was to identify protein bio-
markers. While the correlation between mRNA and protein
expression is far from perfect, several studies have concluded
that cellular mRNA levels are the primary determinant of pro-
tein levels, and that the former is a strong predictor of the latter
(58, 59). Furthermore, the fact that a well-studied and estab-
lished protein biomarker ranked first in our analysis, and that all
of the top-ranked markers were validated at the protein level in
our serum assays, suggests that our approach was robust despite
this potential limitation. Another potential limitation lies in
that we used conventional ELISA techniques to assay the
concentrations of the top-eight ranked candidate markers in
our serum analysis; due to the limited analytical sensitivity
associated with conventional ELISA, in many instances, ana-
lyte levels in several samples fell below lower limits of quan-
titation or were undetected. While this did not hinder our
ability to detect the presence of intergroup differences, it could
have negatively impacted diagnostic performance. Thus,
analysis of these markers in future work using more sensitive
immunoassay techniques such as digital ELISA may reveal
even higher levels of diagnostic performance than those which
we have reported here (60, 61). Furthermore, because the
capacity of digital ELISA to support multiplexing is increasing
(62), it possible that the future development of a multiplexed
digital ELISA simultaneously targeting some or all of these
proteins as a neuro panel could offer both high levels of ana-
lytical performance and convenience.

It is also worthwhile to note that the general biomarker dis-
covery strategy employed in our analysis could be modified to
identify additional neurological disease biomarkers. The primary
goal of our analysis was to identify candidate markers of general
neurological damage; thus, we searched for brain-enriched pro-
teins which exhibit ubiquitous expression across brain regions.
However, our analysis could be modified to search for brain-
enriched proteins with region-specific expression profiles whose
presence in the blood could indicate the precise location of pa-
thology. Furthermore, our analysis could also be modified to
identify other brain-enriched molecular species which could
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serve similar diagnostic function as the candidate proteins de-
scribed here. For example, similar algorithmic analysis of pub-
licly available micro-RNA (miRNA) datasets could be used to
identify brain-enriched miRNAs (63), which may be beneficial in
that miRNAs originating from the brain may be more detectable
in the blood than proteins, given that they can be measured via
PCR-based methods. Likewise, the gene expression datasets
used in our analysis could be used to informatically predict brain-
enriched metabolites (64); if this information were combined
with other existing disease-specific gene expression datasets, it
may be possible to identify blood-borne brain-originating me-
tabolites with a high degree of disease specificity.

Our collective findings provide an unprecedented depth of
insight into numerous previously proposed candidate blood
biomarkers of neurological damage, and suggest that several may
have limited diagnostic utility in many clinical-use scenarios due
to a low degree of brain specificity. Just as importantly, we have
also identified a plethora of previously unexplored biomarkers
which have strong potential for clinical use in several common
neurological conditions, particularly traumatic brain injury,
stroke, and multiple sclerosis. Further clinical validation of these
markers could lead to the development of blood-based precision
molecular diagnostics with the potential to transform how we
detect and monitor these debilitating pathologies.
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