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BACKGROUND: Blood biomarkers are a potential tool for early stroke diagnosis. We aimed to perform a pilot and exploratory
study on untargeted blood biomarkers in patients with suspected stroke by using mass spectrometry analysis.

METHODS AND RESULTS: This was a prospective observational study of consecutive patients with suspected stroke admitted
within 6 hours of last being seen well. Blood samples were collected at admission. Patients were divided into 3 groups: is-
chemic stroke (IS), intracerebral hemorrhage (ICH), and stroke mimics. Quantitative analysis from mass spectrometry data
was performed using a supervised approach. Biomarker-based prediction models were developed to differentiate IS from
ICH and ICH+stroke mimics. Models were built aiming to minimize misidentification of patients with ICH as having IS. We
included 90 patients, one-third within each subgroup. The median age was 71 years (interquartile range, 57-81 years), and
49 participants (54.4%) were women. In quantitative analysis, C3 (complement component 3), ICAM-2 (intercellular adhe-
sion molecule 2), PLGLA (plasminogen like A), STXBP5 (syntaxin-binding protein 5), and IGHV3-64 (immunoglobulin heavy
variable 3-64) were the 5 most significantly dysregulated proteins for both comparisons. Biomarker-based models showed
88% sensitivity and 89% negative predictive value for differentiating IS from ICH, and 75% sensitivity and 95% negative
predictive value for differentiating IS from ICH+stroke mimics. ICAM-2, STXBP5, PLGLA, C3, and IGHV3-64 displayed the
highest importance score in our models, being the most informative for identifying patients with stroke.

CONCLUSIONS: In this proof-of-concept and exploratory study, our biomarker-based prediction models, including ICAM-2,
STXBP5, PLGLA, C3, and IGHV3-64, showed 75% to 88% sensitivity for identifying patients with IS, while aiming to minimize
misclassification of ICH. Although our methodology provided an internal validation, these results still need validation in other
cohorts and with different measurement techniques.
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troke is a leading cause of disability and mortality
worldwide.! For ischemic stroke (IS) treatment,
2 recanalization therapies, namely intravenous
thrombolysis with recombinant tissue plasminogen
activator (tPA) and mechanical thrombectomy, have
been demonstrated to improve patients’ outcomes.?3

Treatment effect is time-dependent, with a shorter
time from stroke onset to recanalization associated
with better outcomes.?® In the case of intracerebral
hemorrhage (ICH), early blood pressure lowering
may reduce hematoma growth and improve clinical
outcomes.*
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CLINICAL PERSPECTIVE

What Is New?

e |n our pilot and exploratory study of untargeted
blood biomarkers in patients with suspected
stroke by using mass spectrometry analysis, our
proteomic analysis and biomarker-based pre-
diction models, including intercellular adhesion
molecule 2, syntaxin-binding protein 5, plasmi-
nogen like A, complement component 3, and
immunoglobulin heavy variable 3-64, showed
75% to 88% sensitivity for identifying patients
with ischemic stroke, while aiming to minimize
misclassification of patients with intracerebral
hemorrhage as having ischemic stroke.

What Are the Clinical Implications?

¢ In a hospital setting, after imaging confirms the
absence of an intracranial hemorrhage, our re-
sults could help in guiding the decision to ad-
minister intravenous thrombolysis by assisting
in the differentiation of ischemic stroke from
stroke mimics, which can be especially relevant
in patients with risk factors for bleeding.

e These are preliminary results that need fur-
ther validation in larger cohorts, in different
clinical scenarios, and with other measurement
techniques.

Nonstandard Abbreviations and Acronyms

C3 complement component 3

GFAP glial fibrillary acid protein

ICAM-1 intercellular adhesion molecule 1

ICAM-2 intercellular adhesion molecule 2

ICH intracerebral hemorrhage

IGHV3-64  immunoglobulin heavy variable 3-64

IS ischemic stroke

mRS modified Rankin Scale

MS mass spectrometry

NIHSS National Institutes of Health Stroke
Scale

PLGLA plasminogen like A

PLS partial least squares

PSM peptide spectrum match

RBP4 retinol-binding protein 4

SM stroke mimics

STXBP5 syntaxin-binding protein 5

For early tPA treatment, mobile stroke units allow the
administration of tPA at the prehospital level, reducing
time to treatment and improving patients’ outcomes.®
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However, the need for an ambulance equipped with a
computed tomography scanner to accurately rule out
ICH, together with a specialized health professional
team, raises relevant financial and technical limitations
that affect its widespread applicability.

Blood-based biomarkers represent a potential al-
ternative for early and rapid stroke diagnosis. Accurate
and timely differentiation of IS, ICH, and stroke mim-
ics (SM) could improve pre-hospital pathways and
referral systems and potentially allow early treatment
administration.

Different biomarkers or biomarker panels have
shown promising results. GFAP (glial fibrillary acid pro-
tein), RBP4 (retinol-binding protein 4), N-terminal pro-
B-type natriuretic peptide (NT-proBNP), endostatin,
caspase-3, and D-dimer have demonstrated some
level of accuracy in the differential diagnosis of stroke
in the acute setting.6~"° These biomarkers were identi-
fied based on previous experimental and clinical data,
but, to date, no biomarker or biomarker panel with a
clinically significant predictive accuracy for IS or ICH
diagnosis has been validated.

Disclosing new potential biomarkers by using dif-
ferent new research approaches, such as mass spec-
trometry (MS)-based proteomics, may improve the
reliability of the molecular diagnosis of stroke, contrib-
uting to the applicability of blood-based biomarkers in
stroke care.

In this sense, there is only 1 preliminary study aimed
at differentiating ICH from IS based on label-free pro-
teomics of plasma from 3 patients with IS and 4 pa-
tients with ICH," and not in the acute setting.

Herein, we performed a pilot and exploratory study
on untargeted blood biomarkers in patients with sus-
pected stroke. Our aim was to find new potential
biomarkers that can help improve the sensitivity and
specificity of blood-based biomarkers in the diagnosis
of patients with suspected acute stroke.

METHODS
Study Design, Patient Selection, and
Study Variables

The data that support the findings of this study are
available upon reasonable request to the correspond-
ing author. The authors have full access to all of the
data in the study and take responsibility for their integ-
rity and the data analysis.

This was a prospective, observational study of con-
secutive patients with a suspected stroke admitted to
the Centro Hospitalar Lisboa Ocidental Emergency
Department as stroke code patients, from November
2018 to December 2019. Patients were screened if they
met the following criteria: (1) age 18years and older; (2)
admitted within 6 hours of symptom onset; and (3) no
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history of a cerebrovascular or major vascular event
within the 3months (myocardial infarction, systemic
embolism, venous thrombosis). Patients without stroke
code activation were not included, nor were patients
transferred from other hospitals.

After admission, a definitive clinical and imag-
ing-supported diagnosis was established, and patients
were divided into 3 groups: (1) IS; (2) ICH; and (3) SM.
IS diagnosis was established according to the World
Health Organization definition,'? together with neuro-
imaging confirmation of a new ischemic brain lesion in
a clinically relevant area. ICH was defined as an acute
neurological syndrome caused by a confirmed brain
parenchymal hemorrhage. SM diagnosis was estab-
lished by trained neurologists and supported by an-
cillary tests deemed necessary in each case. Patients
without a definitive diagnosis at hospital discharge,
without good quality samples for MS analysis, or with-
out signed informed consent were further excluded.

For the purpose of our exploratory study, we es-
tablished a target of enrolling 30 patients within each
subgroup. Therefore, recruitment for each subgroup
was stopped when 30 patients met the inclusion crite-
ria, had established definitive diagnoses, and provided
good quality blood samples. For patients’ inclusion
flow chart, see Figure S1.

The following variables were collected: age, sex,
vascular risk factors, admission blood pressure, and
stroke severity at admission (assessed by the National
Institutes of Health Stroke Scale [NIHSS]). In addition,
clinical variables at hospital admission, previously stud-
ied to differentiate IS from ICH (headache, vomiting,
decreased level of consciousness, epileptic seizure)'®
and IS from SM (isolated sensory deficit, facial palsy,
history of seizures)'*'® were collected. For patients with
IS, presence of intracranial vessel occlusion, recanali-
zation treatment, and stroke cause were recorded. For
patients with ICH, probable cause was assessed. For
SM, the final diagnosis was defined. In patients with
stroke, outcome was evaluated at 3months by the
modified Rankin Scale (mRS) and defined as favorable
if the mRS score was <2. Finally, time from symptom
onset to blood collection was registered for all patients.

Standard Protocol Approvals,
Registrations, and Patient Consents

The study protocol was approved by the Centro Hospital
Lisboa Ocidental (registry number: 20170700050) and
the NOVA Medical School’s ethics committee (regis-
try number: 85/2021/CEFCM). All patients or relatives
signed a written informed consent, before or after
blood sample collection. As stated, if informed con-
sent was not obtained, patients were excluded from
the study. This study was conducted according to the
principles of the Declaration of Helsinki.
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Data Availability

Anonymized data not published within this article will
be made available by request, to the corresponding
author, from any qualified investigator.

Statistical Analysis

We summarized continuous variables as median val-
ues with interquartile range and categorical variables
as absolute numbers and percentages. We compared
baseline characteristics between the 3 groups using
Pearson x? test and Fisher exact test for categori-
cal variables and Kruskall-Wallis test for continuous
variables, as appropriate. The Shapiro-Wilk test was
used to assess the normality of continuous variables.
All tests were 2-sided, and P values <0.05 were con-
sidered significant. Bonferroni correction was used for
adjusting all P values in multiple comparisons. We per-
formed statistical analysis with R statistical software
version 4.0.3 (R Project Statistical Computing).

Blood Collection and Processing

Blood samples were collected at hospital admission
before any therapeutic intervention or brain imaging,
into EDTA tubes. Blood samples were centrifuged at
1500g for 15minutes at 4 °C, and plasma samples
were aliquoted in the presence of protease inhibitors
and stored at —80 °C until further processing. The 14
most abundant proteins in plasma were eliminated
using a commercially available kit (Agilent Human 14
Multiple Affinity Removal System Spin Cartridges for
the High-Abundant Proteins from Human Proteomic
Samples) following the manufacturer’s instructions.
Plasma samples were further treated for protein di-
gestion. Protein solutions containing sodium dodecyl
sulfate and dithiothreitol were loaded onto filtering col-
umns and washed exhaustively with 8M urea in HEPES
buffer.'® Proteins were reduced with dithiothreitol and
alkylated with iodoacetamide. Protein digestion was
performed by overnight digestion with trypsin se-
quencing grade (Promega).

MS Analysis

Each sample was analyzed in duplicate except for
1, which was analyzed in triplicate. Peptide samples
were analyzed by nano-liquid chromatography-MS/
MS (Dionex RSLCnano 3000) coupled with an Exploris
480 Orbitrap mass spectrometer (Thermo Scientific).
In brief, the samples (5 uL) were loaded onto a custom-
made fused capillary precolumn (2cm length, 360 um
outer diameter, 75um ID) packed with ReproSil Pur
C18 5.0 um resin (Dr Maish) with a flow of 5 uL per min-
ute for 6minutes. Trapped peptides were separated on
a custom-made fused capillary column (25cm length,
360 um outer diameter, 75um inner diameter) packed
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with ReproSil Pur C18 1.9 um resin (Dr Maish) with a
flow of 250nL per minute using a linear gradient from
89% A (0.1% formic acid) to 32% B (0.1% formic acid in
80% acetonitrile) over 30minutes. Mass spectra were
acquired in positive ion mode applying automatic data-
dependent switch between one Orbitrap survey MS
scan in the mass range of 350 to 1200m/z followed by
higher-energy collision dissociation fragmentation and
Orbitrap detection of fragment ions with a cycle time
of 2seconds between each master scan. MS and MS/
MS maximum injection time were set to “auto,” and
higher-energy collision dissociation fragmentation in
the ion routing multipole was performed at a normal-
ized collision energy of 30%, and ion selection thresh-
old was set to 10000 counts. For 30 seconds, selected
sequenced ions were dynamically excluded.

Protein Identification

The obtained data from the 181 liquid chromatogra-
phy—-MS runs were searched using virtual expert mass
spectrometrist.”'® A standard human proteome data-
base from UniProt (BAUPO00005640) including per-
mutated protein sequences, where Arg and Lys were
not permutated, was used as a sequence database.
For trypsin cleavages, a maximum of 4 missed cleav-
ages were permitted. Carbamidomethyl cysteine was
included as fixed modification. Methionine oxidation
and N-terminal protein acetylation were included as
variable modifications. Ten ppm mass accuracy was
specified for precursor ions and 0.01 m/z for fragment
ions. The false discovery rate for protein identification
was set at 1% for peptide and protein identifications.
No restriction was applied to the minimal peptide
length for virtual expert mass spectrometrist search.
Identified proteins were divided into evidence groups
as previously defined.”® Briefly, proteins with at least
1 peptide spectrum match (PSM) uniquely mapped
are assigned to the highest evidence group 1. Proteins
that share exactly the same set of PSMs are defined
as semi-unique and assigned to evidence group 2.
Proteins that are connected by shared PSMs but none
of them are unique or semi-unique but needed in order
to explain all of the identified PSMs are assigned evi-
dence groups 3. Proteins with only PSMs that are al-
ready mapped to evidence group 1 to 3 are assigned to
evidence group 4. Protein identifications resulting from
PSMs that represent the second-best peptide match
to the spectrum are assigned to evidence group 5 (only
relevant for some search engines). In this study, only
proteins in evidence groups 1 to 3 were maintained for
further analysis.

To avoid sample-related biases in the biomarker
analysis, we used reference proteomes of erythro-
cytes, platelets, and plasma'™ to check for potential
biases.

J Am Heart Assoc. 2023;12:e030021. DOI: 10.1161/JAHA.123.030021
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Quantitative Analysis

Quantitative data from virtual expert mass spectro-
metrist were analyzed in the R statistical program-
ming language. Intensity-based absolute quantification
(IBAQ)?® and protein spectral counts from the virtual
expert mass spectrometrist were preprocessed by 3
approaches: (1) removing common MS contaminants
followed by log,(x+1) transformation; (2) removing com-
mon MS contaminants followed by log,(x+1) trans-
formation and quantile normalization (Figure S2); and
(8) removing common MS contaminants followed by
log,(x+1) transformation, quantile normalization, and
abundance filtering to optimize overall Gaussian dis-
tribution of the quantitative values. The function “nor-
malize.quantiles” in the R package “preprocessCore”
was applied for quantile normalization of the data for
making the distributions’ statistical properties more
similar.?’ Quantitative values from technical replicas
were averaged. Quantitative values from technical
replicas were averaged. Because the majority of the
iBAQ values were in the range of 10* to 10°, adding
a small value such as “one” [to avoid log,(0)] to all ob-
servations would not importantly change these values
and enable us to perform the log, transform of the
iBAQ values. The average values were not subjected
to additional imputation to replace zero values. After
confirming similar results from the 3 data processing
approaches described above, quantitative data from
iBAQ data were used for further statistical analysis
using the R package “limma” after removing common
MS contaminants, followed by log,(x+1) transformation
and quantile normalization (Figure S2). The distribution
of the quantitative values among individual samples is
depicted as a boxplot (Figure S2). Contrasts between
‘S and ICH,” “IS and SM,” and “ICH and SM” were
calculated. Correction for multiple testing was applied
using the method of Benjamini and Hochberg.??

PLS Comparator Models

The R package “caret” was used to generate 6 super-
vised partial least squares (PLS) comparator models
to test potential classification performance based on
different input data.?® Three models were built based
on separating patients with IS from patients with ICH
and 3 models were built for separating patients with IS
from those with ICH and SM. For each comparison,
models were based on clinical data only, the 10 most
significant proteins based on training data, and all pro-
teins. For both clinical models (differentiating IS from
ICH and IS from ICH and SM) the following variables
were used: vomiting, headache, epileptic seizure, de-
creased level of consciousness, diastolic blood pres-
sure >110mmHg, systolic blood pressure >150 mmHg,
and history of stroke/transient ischemic attack. In the
model for differentiating IS from ICH and SM, age
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younger than 50years, atrial fibrillation, history of epi-
leptic seizures, isolated sensory deficit, and facial palsy
were also included.

The data were randomly split for all models using
75% of the cases to train the models and 25% of the
data as an unseen validation set. The data were pre-
processed by removing zero variance cases, then
scaled, centered, and log, transformed. Statistical
analysis based on the R package limma was used as
a feature selection method based only on the training
data.?* Models were built aiming to minimize misidenti-
fication of patients with ICH as having IS due to safety
reasons (eg, treating a patient with ICH with tPA).

PLS was chosen after testing for multiple classifiers
with preliminary results showing high classification ac-
curacy without significant differences compared with 7
other models (Figure S3).

PLS regression finds a set of new variables, referred
to as latent variables or components, that correlate
with the class labels and capture the majority of crucial
information in the predictor variables. The initial predic-
tor variables and the class labels are then combined to
create these latent variables iteratively.

ROC curves were estimated by the R package
“plotROC,”?® which estimates exact Cls based on
the Clopper and Pearson exact method.?® The 95%
Cls in the ROC curves were estimated at the point of
maximum sensitivity where specificity was 100%. The
“varimp” function from caret R package was applied
calculation of variable importance scores based on
the permutation method, which assesses the impact
of permuting the values of each predictor variable on
the model’s performance. The resulting importance
scores are scaled between 0 and 100, with higher
scores indicating greater importance.

RESULTS

Participant Characteristics and Clinical
Data

We included 90 patients, one-third within each sub-
group. The median age was 71years (interquartile
range, 57-81years), and 49 (54.4%) were women.
Patients with ICH had higher systolic and diastolic
blood pressure (P=0.008 and P=0.002, respectively),
more frequently had headache (P<0.001), and less
frequently had atrial fibrillation (P=0.013) than patients
with IS. Patients with IS had a higher prevalence of
hypertension (P=0.005), dyslipidemia (P=0.009), atrial
fibrillation (P=0.002), smoking (P=0.010), and coronary
artery disease (P=0.023), and higher NIHSS (P<0.001)
compared with patients with SM. Patients with SM had
a higher prevalence of history of seizures (P=0.005)
and more frequently presented with isolated sensory
symptoms (P=0.020), without facial palsy (P<0.001),
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and with acute seizures (P=0.010) than patients with
IS (Table).

Half of the patients with IS presented with an iden-
tifiable intracranial vessel occlusion, 7 (23.3%) patients
received isolated intravenous thrombolysis, 7 (23.3%)
patients received bridging therapy, and 6 (20%) patients
were treated with direct endovascular thrombectomy.

A favorable outcome was found in 14 (46.7%) pa-
tients with IS and 12 (40.0%) patients with ICH. For de-
tails on IS and ICH cause and SM final diagnosis, see
Table S1.

Protein Identification

In total, 1606 protein isoforms were identified, which
summed to 748 protein coding genes (Figure 1A). The
total number of proteins was higher in patients with
ICH compared with patients with IS or SM (Figure 1A).
Of note, unique proteins identified within each group
may be detected only in a subset of patients. Patients
with IS and ICH shared more common protein identi-
fications than they shared with patients with SM when
analyzing the total identified proteins among all sam-
ples (Figure 1A). However, when analyzing the protein
identifications at the individual liquid chromatography—
MS run level among sample groups, it was not signifi-
cant (Figure 1B).

Quality Control

Preliminary linear discriminant analysis based on the
iBAQ values was able to provide strong separation
between all sample groups (Figure S4). Linear discri-
minant analysis is a supervised classification method,
and although all data were applied for training in this
preliminary linear discriminant analysis, it suggested
that reasonable classification into correct clinical sam-
ple groups was achievable based on MS data. No sig-
nificant differences in the identification of bias proteins
were observed among the 3 subgroups (Figure S5),
supporting the hypothesis that the statistical differ-
ences observed between groups were not caused by
blood collection or experimental artifacts.

Protein Quantitation

In quantitative analysis, the comparison between sam-
ples of patients with IS and ICH or IS and SM resulted
in a higher number of significantly regulated proteins
compared with the comparison between ICH and SM
(Figure 2). Comparison between samples of patients
with ICH and SM resulted in no significant differences
after correction for multiple testing (Figure 2). Focusing
on differentiating patients with IS from those with ICH
and SM, we looked at the 5 most significantly dysregu-
lated proteins. From the 2 comparisons, the same 5
proteins were identified—C3 (complement component
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Table. Baseline Characteristics
Total (N=90) IS (n=30) ICH (n=30) SM (n=30) ‘ P value ‘ P value* P valuef

Demographics
Age, y 71 (57-81) 73 (69-83) 70 (60-80) 62 (51-76) 0.120 1.000 0.127
Female sex 49 (54.4) 13 (43.3) 16 (53.3) 20 (66.7) 0.200 0.606 0.119

Vascular risk factors and medical history
Hypertension 9 (76.7) 26 (86.7) 27 (90.0) 16 (563.3) 0.001 1.000 0.005
Diabetes 3 (25.6) 9 (30.0) 8(26.7) 6 (20.0) 0.700 1.000 0.552
Dyslipidemia 35 (38.9) 18 (60.0) 9 (30.0) 8(26.7) 0.014 0.037 0.009
Atrial fibrillation 6 (17.8) 11 (36.7) 2(6.7) 3(10.0) 0.004 0.013 0.002
Smoking 6 (17.8) 10 (33.3) 4 (13.3) 2(6.7) 0.019 0.125 0.010
Coronary artery disease 11 (12.2) 7 (23.3) 3(10.0) 1(8.3) 0.072 0.299 0.023
Previous stroke/TIA 8(8.9) 4(138.3) 0(0.0) 4(138.3) 0.120 0.038 1.000
History of seizures 7(7.8) 0 (0.0 0(0.0) 7(23.9) <0.001 1.000 0.005

Admission characteristics
NIHSS 9 (3-17) 14 (6-19) 12 (9-22) 3 (2-5) <0.001 0.443 <0.001
Presence of facial palsy 64 (71.1) 29 (96.7) 29 (96.7) 6 (20) <0.001 1.000 <0.001
Isolated sensory symptoms 5(5.6) 0(0.0) 0(0.0) 5(16.7) 0.010 1.000 0.020
SBP, mmHg 161 (134-188) 157 (146-177) 186 (160-220) 136 (126-1693) <0.001 0.008 0.319
SBP >150mmHg 5 (61.1) 20 (66.7) 25 (83.3) 10 (33.3) <0.001 0.233 0.017
DBP, mmHg 86 (74-100) 83 (70-94) 102 (88-117) 79 (73-86) <0.001 0.002 1.000
DBP >110mmHg 15 (16.7) 2(6.7) 13 (43.9) 0(0.0) <0.001 0.001 0.491
Decreased level of consciousness 13 (14.4) 4 (13.9) 9 (30.0) 0(0.0) 0.003 0.209 0.112
Headache 9 (30.0) 0(0.0) 12 (40.0) 3(10.0) <0.001 <0.001 0.237
Vomiting 14 (15.6) 3(10.0) 9 (30.0) 2(6.7) 0.052 0.104 1.000
Acute seizures 7(7.8) 0(0.0) 1(3.3 6 (20.0) 0.015 1.000 0.010
Onset to blood collection, min 90 (72-131) 97 (76-129) 77 (64-108) 112 (75-151) 0.119 0.151 1.000

Values are presented as median (interquartile range) or number (percentage). DBP indicates diastolic blood pressure; NIHSS, National Institutes of Health

Stroke Scale; SBP, systolic blood pressure; and TIA, transient ischemic attack.

*Comparison between acute ischemic stroke (IS) and intracerebral hemorrhage (ICH).

fComparison between IS and stroke mimic (SM).

3), ICAM-2 (intercellular adhesion molecule 2), PLGLA
(plasminogen like A), STXBP5 (syntaxin-binding pro-
tein 5), and IGHV3-64 (immunoglobulin heavy variable
3-64) (Figure 3). C3, PLGLA, STXBP5, and IGHV3-64
were upregulated in patients with IS, and ICAM-2 was
downregulated.

Classification

As a proof of concept, a PLS classifier was built to dif-
ferentiate patients with IS from patients with ICH and
SM. The first 3 models were designed to differentiate
patients with IS and ICH. As a comparator, a first model
using exclusively clinical data showed a 12% sensitivity
and 53% negative predictive value (NPV) for diagnosis
of IS (Figure S6).

In a second model, based on the top 10 regulated
proteins in the training data set (Figure 4), sensitivity and
NPV largely improved to 88% and 89%, respectively.
ICAM-2, STXBP5, PLGLA, C3, and IGHV3-64 were, in
this order, the most relevant proteins in the model.

J Am Heart Assoc. 2023;12:e030021. DOI: 10.1161/JAHA.123.030021

To evaluate the full potential of the plasma proteome,
a third model, using all proteins, showed improved
results and additional potential useful biomarkers for
stroke diagnosis (Figure S7).

To differentiate patients with IS from those with ICH
and SM, 3 additional models were built, using the same
3 variable categories (Figure S8 through S10). Again,
biomarker-based models showed better performance
than the model using exclusively clinical data. In a model
based on the top 10 regulated proteins in the training
data (Figure S9), sensitivity and NPV were 75% and 95%,
respectively. ICAM-2, PLGLA, C3, and IGHV3-64 were,
in this order, the most important proteins in the model.
The model using the full proteome showed perfect dis-
crimination with 100% sensitivity and NPV (Figure S10).

To elucidate the complexity of the decision bound-
ary of the top markers used in these models, data from
all samples were visualized in a scatter plot with pair-
wise expression values. Figure 5 displays an example
of a scatter plot of iIBAQ intensity values, in this case
for ICAM-2 and PLGLA. The results suggest that a
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Figure 1.

Total number of identifications across sample groups and in individual runs.

A, Venn diagram of overlapping proteins identified in IS, ICH, and SM. B, Boxplot of number of
identifications in individual liquid chromatography—-mass spectrometry runs vs sample groups.
Boxplots indicate the median and quartiles, with whiskers indicating the 1.5 interquartile ranges.
The dotted lines indicate the global medians. ICH indicates intracerebral hemorrhage; IS, ischemic

stroke; and SM, stroke mimics.

simple classifier based on thresholds for 2 to 3 protein
markers may provide a suitable separation of IS from
ICH and SM. The linear decision boundaries provide
additional evidence that the 2 plotted variables ICAM-2
and PLGLA have a relevant discriminatory power and
influence the classification outcome.

DISCUSSION

In our pilot and exploratory study, using a proteom-
ics analysis approach in patients with suspected acute
stroke, we identified new potential targets for identifying

patients with IS. Using a limited number of proteins, our
models showed a sensitivity of 88% and an NPV of
89% for separating patients with IS and ICH, and a
sensitivity of 75% and an NPV of 95% for differentiating
patients with IS and ICH or SM. All models were cre-
ated aiming to minimize misclassification of ICH as IS,
which could potentially lead to harmful treatment (eg,
giving tPA to a patient with ICH). To our knowledge,
no previous blood-based biomarker analysis showed
these high levels of sensitivity and specificity for identi-
fying patients with acute IS.

Our models using the full proteome showed bet-
ter results, including 100% sensitivity for differentiating

A ISvs ICH B ISvs SM C ICHvs SM
12 AP come ] [T cemii] 20 T.c3 g
v : *© platelet o platelet *© platelet
.PLGLA © coagulation o o coagulation © coagulation
a 2 Lo [ 1 153 EP.L 25
28 o [ewi} :
o : : . -~ OLFM1
_'CID ICAM\E :LRGl .is.Hvs-eA s‘r.xsgs " <. .: 10 K- STXBPS
KRT2 °I1 pS PGLYRP1 1 . o v .
4 GSTPI/';P:RDégi MPO ¥ g KRTI?:MZ‘. . ADIPOQ
" r PSR 5 LCP1 %10% @
ol LR | g .
0 01 —— e —————| 0
- 0 5 10 -5.0 -2.5 0.0 2.5 -5 0 5 10
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Figure 2. Volcano plots based on the 3 pairwise comparisons.
A, IS vs ICH, B, IS vs SM, and C, ICH vs SM. Dotted horizontal line indicates (green) an adjusted P value of 0.05—proteins above the
horizontal line are significantly regulated. Dotted vertical lines correspond to a fold change of 1.5—proteins at the right side of the right
vertical line are upregulated, proteins at the left side of the left vertical line are downregulated. Colored data points indicate potential
bias proteins (blood coagulation, erythrocyte, and platelet proteins). ICH indicates intracerebral hemorrhage; IS, ischemic stroke; and

SM, stroke mimics.
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Figure 3. Boxplot of the top 5 most significantly dysregulated proteins obtained for the differentiating of IS from ICH

and SM.

A, iBAQ values for C3 in SM, ICH, and IS; B, iBAQ values for PLGLA in SM, ICH, and IS; C, iBAQ values for STXBP5 in SM, ICH, and
IS; D, iBAQ values for ICAM-2 in SM, ICH, and IS; E, iBAQ values for IGHV3-64 in SM, ICH, and IS. Zero-valued observations were
not imputed for the statistical analysis, which explains the large spread of data points on (C). Data were transformed using a log,
function. To avoid missing values introduced by the log transform, a log,(x+1) transformation was chosen. Different constants could
affect the results of the linear models. To test the effect of the added constant on the linear models in the 3 pairwise comparisons, the
comparisons were repeatedly calculated using 8 different constants ranging from 1 to 107 using a vector that follows an exponential
growth pattern with a common ratio of 10. The 5 most significantly regulated proteins did not change rank when constants from 1
to 1000 were used. Constants in the range of 10° to 107 changed the ranking of the significantly regulated proteins, but the reported
5 significantly regulated proteins remained significantly regulated. C3 indicates complement component 3; iBAQ, Intensity-based
absolute quantification; ICAM2, intercellular adhesion molecule 2; ICH, intracerebral hemorrhage; IGHV3-64, immunoglobulin heavy

variable 3-64; IS, ischemic stroke; PLGLA, plasminogen like A; SM, stroke mimics; and STXBP5, syntaxin-binding protein 5.

patients with IS from patients with ICH or SM. Contrary
to the models above, full proteome analysis would
be more difficult to translate to clinical practice.
Nevertheless, the results of these analyses can also
suggest additional potential biomarkers for stroke di-
agnosis that can be further assessed in future studies.

Five proteins were identified as being particularly
relevant in differentiating patients with IS from pa-
tients with ICH and SM, namely C3, ICAM-2, PLGLA,
STXBP5, and IGHV3-64.

C83 is the most abundant protein of the comple-
ment system and is implicated in multiple physiological
functions and pathophysiological processes. After ce-
rebral ischemia, C3 activation is involved in the mech-
anism of brain injury, and inhibition of complement

activation may reduce the volume of cerebral infarc-
tion.?” Previous studies have found increased C3 levels
after 1S,8 although there are conflicting data about the
association between C3 levels and IS outcome.??20 In
ICH, C3 is associated with inflammation and microglia
activation, contributing to ICH-induced brain injury.®!
One study has assessed C3 levels in patients with ICH
and found no association between C3 levels and ICH
rebleeding or functional outcome.®?

ICAM-2 is a transmembrane glycoprotein ex-
pressed on the surface of endothelial cells, platelets,
and a variety of leucocyte subsets. It is expressed in
the blood—brain barrier endothelium and contributes
to both leucocyte diapedesis and extravasation from
blood vessels into surrounding tissues.3® ICAM-2 has

J Am Heart Assoc. 2023;12:e030021. DOI: 10.1161/JAHA.123.030021 8
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Figure 4. PLS classifier using a PLS model based on a maximum of 10 proteins for
differentiating IS from ICH.

A, Tables indicating the number of samples used for training vs test data set. B, Receiver operating
characteristics and AUC with confusion matrix embedded. Metrics of classification performance
on the validation data set are provided on the right. The cross indicates the cut of threshold used
to calculate the exact Cl. C, The lower panel depicts the most important predictor variables for
the PLS model. The x-axis indicates the importance score scaled from 0 to 100 provided by the
R package “caret.” AUC indicates area under the curve; C3, complement component 3; FP, false
positive; ICAM-2, intercellular adhesion molecule 2; ICH, intracerebral hemorrhage; IGHV3-64,
immunoglobulin heavy variable 3-64; IS, ischemic stroke; NPV, negative predictive value; PLGLA,
plasminogen like A; PLS, partial least square; PPV, positive predictive value; STXBP5, syntaxin-

binding protein 5; and TP, true positive.

overlapping characteristics and functions with ICAM-1,
which, unlike ICAM-2, has been fairly well studied in
patients with IS. Previous reports showed increased
ICAM-1 levels in patients with 1S,°435 with higher
ICAM-1 levels associated with worse prognosis.3® Due
to the potential role of ICAM-1 in IS pathophysiology,
a randomized clinical trial using ICAM-1 antibody was
conducted but failed to show beneficial results.®® In
patients with ICH, there are conflicting data regarding
the association between ICAM-1 levels and functional
outcome.?%%7

PLGLA functions have been rarely studied. Because
nucleotide sequence comparisons showed a high
degree of homology with plasminogen® it has been
hypothesized that PLGLA is involved in the same func-
tions as plasminogen. Besides its role in fibrinolysis,

J Am Heart Assoc. 2023;12:e030021. DOI: 10.1161/JAHA.123.030021

plasminogen also plays a role in synaptic plasticity and
increased blood-brain barrier permeability.*® In pro-
teomic-based studies, higher plasminogen levels were
described in patients with IS in comparison with ICH. "

STXBP5 is a protein involved in endothelial exo-
cytosis and platelet secretion. In particular, STXBP5
regulates the secretion of von Willebrand factor (VWF),
a glycoprotein with an important role in hemostasis,
especially by promoting platelet adhesion.*® STXBP5
mutations were associated with reduced plasma VWF
levels and VWF activity,*4" while STXBP5 genetic vari-
ations may increase the risk of thromboembolic dis-
ease.*” STXBP5 also seems to promote the release of
tPA from endothelial cells.*? To our knowledge, there is
no study investigating the role of STXBP5 in patients
with stroke or measuring its levels.
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Figure 5. Scatterplot of iBAQ values for ICAM-2 and PLGLA.

Dashed lines indicate area containing exclusively IS samples. iBAQ indicates
intensity-based absolute quantification; ICAM-2, intercellular adhesion molecule
2; ICH, intracerebral hemorrhage; IS, ischemic stroke; PLGLA, plasminogen like

A; and SM, stroke mimics.

IGHV3-64 corresponds to a particular variable do-
main in a heavy-chain immunoglobulin, a polypeptide
subunit of an antibody. Being part of an antibody struc-
ture, IGHV3-64 is involved in different functions such
as antigen-binding activity, activation of the immune
response, and integrating immunoglobulin complexes.
However, its specific role, as well as that of other vari-
able domains in heavy chain immunoglobulin, remains
to be elucidated. Inflammation has a significant role in
stroke, and different inflammatory proteins have been
shown to be associated with stroke risk, diagnosis,
cause, and prognosis.81:28-82843543 |n {1 proteomic
study, other variable domains of heavy-chain immu-
noglobulin were found to be significantly increased in
patients with stroke in comparison with controls.!

Previous studies, with other preselected biomark-
ers, have shown promising results for the identifica-
tion of patients with 1S.”° In particular, a blood-based
biomarker panel using GFAP, RBP4, and NT-proBNP
showed a sensitivity rate of 51.5% at 100% specific-
ity for IS diagnosis.” Despite its moderate sensitivity
rate, this blood-based biomarker panel was studied
in rapid point-of-care tests, making it closer to clinical

J Am Heart Assoc. 2023;12:e030021. DOI: 10.1161/JAHA.123.030021

application. Potentially, a combination of previously
tested and newly disclosed biomarkers such as those
presented in our study could contribute to better per-
formance of blood-based biomarker panels, increas-
ing the likelihood of their use in stroke care.

Only 1 previous study has used label-free proteom-
ics for differentiating patients with IS and ICH, includ-
ing a total of only 7 patients."" Nine candidate blood
biomarkers were identified, none of which overlapped
with our results or with previous studied biomark-
ers.?7'9 Time intervals of up to 15days between symp-
tom onset and blood collection are one of the possible
explanations for these differences.

Proteomics has also been explored in the clot char-
acterization of patients with IS, disclosing a different
biomarker profile according to stroke cause.***® While
being different from our results, the described pro-
teome profiles can work together with our findings by
suggesting unexplored pathways implicated in stroke
pathophysiology and potentially in stroke treatment.

As previously suggested,’ if accurate blood-based
biomarker panels were available for diagnosing patients
with acute IS with feasible rapid point-of-care tests, this

10
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could allow safe prehospital thrombolysis, in select pa-
tients, without the need of pre-hospital imaging. Albeit
preliminary, our results can add to a potential future bio-
marker panel, that after validation in large cohort studies
and subsequent testing in well-conducted trials, could
be implemented with this goal. Our exploratory study re-
vealed a new blood biomarker combination, that, while
aiming to minimize false-positives, can correctly identify
at least 4 of 5 patients with IS that could be immediately
treated, with the remaining patients still having the op-
portunity to be treated after hospital admission.

In a hospital setting, after imaging confirms the ab-
sence of an intracranial hemorrhage, our results could
help in guiding the decision to administer intravenous
thrombolysis by assisting in the differentiation of IS from
SM. This can be especially relevant in patients with risk
factors for bleeding, in which the decision to administer
thrombolysis becomes particularly challenging.

However, the application of biomarkers in this clin-
ical setting is not devoid of challenges. First, because
IS is a heterogeneous disease involving different patho-
physiological processes, the goal of having a blood-
based biomarker panel that integrates all dimensions
of patients with IS is challenging. In addition, a differ-
ent biomarker profile between patients with suspected
stroke may result not from the acute event but from the
differences in patients’ medical conditions.®” The pres-
ence of concomitant systemic medical conditions can
also influence the biomarker measurement. Because
a kinetic component of blood-based biomarkers can-
not be excluded, there is the possibility that some bio-
markers will only be useful for diagnostic purposes in
a limited time window, as shown with GFAP.*¢ The ap-
plicability of pre-hospital biomarkers will require trained
paramedics and pre-hospital health workers, whose
level of expertise is asymmetric among countries.

Although selecting patients for thrombolysis with a
blood-based biomarker will be difficult in clinical prac-
tice, the applicability of blood-based biomarkers for
diagnosing patients with stroke is not limited to this
goal. In patients with severe neurological deficits, a
blood-based biomarker could be used to better select
patients for swift referral to a comprehensive stroke
center in a mothership approach, increasing the prob-
ability of correctly selecting a candidate for endovas-
cular treatment. As such, blood biomarkers could also
help select patients for a direct transfer to an angiogra-
phy suite approach in this subset of patients, a strategy
with growing evidence and promising results.

Our study has limitations. Being an exploratory
study designed to disclose new potential biomarkers,
the full dimension of clinical heterogeneity as well as
our biomarker analysis are limited by our small sam-
ple size. Although clinically relevant, the decision to
build our models aiming to minimize misidentification
of patients with ICH as having IS additionally limits our
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analysis. Due to the large Cls, we cannot exclude the
possibility of misclassifications with our methodology.

Because alternative classifiers based on fewer than
10 markers provided similar but slightly lower perfor-
mance, further validation should not only be restricted
to the top 5 highlighted proteins. The data presented
need to be replicated in different and larger cohorts and
clinically validated using alternative measurement tech-
niques. Furthermore, in a clinical and practical scenario,
serum samples instead of plasma samples would need
to be used for such biomarkers’ detection. Likewise, MS
analysis requires sample processing that could influence
our analysis and contribute to different results compared
with orthogonal methods. Also, because we cannot ex-
clude that the identified biomarkers will have a particular
kinetic profile over time, our results may not be applicable
to patients with suspected stroke arriving after 6hours.

Nonetheless, this is the first study, to our knowl-
edge, to use MS on samples obtained in an acute set-
ting to diagnose patients with suspected stroke. It can
also add information on IS-related acute adaptation
mechanisms that could potentially be applied to new
neuroprotective targets. Our prospective and consec-
utive enrollment of patients with acutely suspected
stroke and the robustness of our training and testing
approach are important strengths of our approach.

In conclusion, in this proof-of-concept exploratory
study, our proteomics analysis identified potential new
biomarkers for diagnosing acute IS in patients with
good to excellent sensitivity while aiming to avoid the
misclassification of ICH as IS. Although our approach
provided an internal validation, our results still need to
be confirmed in other cohorts and with different mea-
surement techniques.
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