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Abstract

Stroke remains a leading cause of morbidity and mortality worldwide, necessitating rapid and accurate diagnosis to
improve patient outcomes. The gold standard in stroke diagnosis relies on a costly and time-consuming combination of
clinical evaluation and neuroimaging techniques, while also being associated with misdiagnoses due to mimicking condi-
tions. This highlights the need for improving the current healthcare system towards faster, more accurate, and low-resource
diagnostics. In this direction, this study presents the development of a novel artificial intelligence-driven decision support
system for stroke diagnosis using machine learning techniques to fuse standard EHR variables (electronic health records)
with information derived from extracellular vesicles (EVs) in blood plasma, which hold promise as diagnostic markers due
to their association with stroke pathophysiology. As such, flow cytometry was employed to measure blood samples from
140 patients suffering from stroke or stroke-mimicking conditions. The derived EV-features, including statistical charac-
teristics of their diameters’ distribution and concentration, were integrated with demographical, clinical, and biochemical
patient data to form a comprehensive feature set. By utilizing a decision tree learning model, the proposed system achieved
a classification weighted accuracy of 86%. This achievement indicates the approach’s potential for integrating cutting-edge
photonics-based signals with standard HER information to improve clinical decision-making in emergency settings and
for aiding treatment strategies in stroke care.
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1 Introduction

Stroke is defined as a sudden disruption of brain function
resulting from an interruption in cerebral blood flow. It
affects more than 15 million individuals worldwide each
year, with survivors often facing long-term complications
like motor, cognitive, and speech impairments (Benjamin
et al. 2018). Stroke may be classified into two major types:
ischemic stroke (which occurs when a thrombus or embolus
obstructs a cerebral artery, causing rapid neuronal death),
and hemorrhagic stroke (which arises from the rupture of
a blood vessel, causing intracranial bleeding, increased
pressure, and subsequent tissue damage) (Leppéld et al.
1999; Wilson et al. 2018). A closely related condition is
the Transient Ischemic Attack (TIA), often referred to as a
“mini-stroke”, where blood flow to the brain is temporar-
ily reduced, leading to stroke-like symptoms that resolve
within 24 h (Shah and Edlow 2004). Timely intervention is
essential with an optimal therapeutic window for ischemic
stroke (intravenous thrombolysis with tissue plasminogen
activator) being 4.5 h from symptom onset (Widimsky et
al. 2023). Similarly, hemorrhagic stroke necessitates rapid
treatment to control bleeding and reduce intracranial pres-
sure. However, stroke and TIA symptoms may overlap with
other neurological conditions (such as epileptic seizures or
primary headache disorders) which can lead to misdiagno-
sis and inappropriate management, potentially exacerbating
patient outcomes (Yan et al. 2016).

Currently, stroke diagnosis currently relies on a combi-
nation of clinical assessment and neuroimaging techniques
with Computed Tomography (CT) and Magnetic Resonance
Imaging (MRI) primarily employed to differentiate ischemic
from hemorrhagic strokes (Jadhav et al. 2020). Additionally,
CT-Angiography and MR-Angiography enable the detection
of large vessel occlusions and intracranial bleeding (Patil et
al. 2022). Although these imaging techniques provide high
diagnostic accuracy, they require infrastructure access, they
can be expensive and may (in the case of CT) involve ioniz-
ing radiation exposure (Meyers et al. 2011; Martinez-Guti-
errez et al. 2023). More importantly, since neuroimaging
procedures can be time-consuming and treatment efficacy is
highly dependent on prompt intervention, achieving a rapid
and accurate diagnosis is essential for lowering the rate of
misdiagnoses which has been reported in 1.2%-12.7% of
cases (Candelaresi et al. 2023). In this context, ongoing
research is increasingly focused on identifying novel bio-
markers, such as proteins, RNAs, lipids, metabolites, and
extracellular vesicles (EVs) (Kim et al. 2013; Kamtchum-
Tatuene and Jickling 2019). As such, EVs are nanoscale,
membrane-enclosed particles released by all types of cells
into their surrounding environment. Consequently, bodily
fluids, such as blood plasma, saliva, amniotic fluid, and
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urine, contain EVs. Their composition and concentration
vary in response to physiological and pathological states,
making EVs promising biomarkers of disease (Yuana et al.
2013; Welsh et al. 2023). Such information can be extracted
from biological samples using techniques based on photonic
principles such as flow cytometry (FCM). In the case of
stroke, EVs originating from neurons and endothelial cells
carry molecular signatures indicative of brain injury, while
actively participating in stroke-associated inflammation,
endothelial dysfunction, and neurodegenerative processes
(Yang et al. 2018). Moreover, stroke patients exhibit distinct
EV profiles in their blood, suggesting that EVs could serve
as non-invasive biomarkers, facilitating timely and accurate
diagnosis (Couch et al. 2017; Stenz et al. 2020a). How-
ever, despite their promising potential, current EV findings
remain heterogeneous and sometimes contradictory. Several
studies have reported elevations in EV concentrations and
distinct molecular profiles in acute ischemic or hemorrhagic
stroke patients compared to controls (Kim et al. 2025; Rey-
mond et al. 2025), whereas others found the reverse trend
or no consistent association between EV levels and stroke
subtype, severity, or clinical outcomes (Casado-Fernandez
et al. 2024; Buntsma et al. 2025).

Nevertheless, new technologies such as artificial intel-
ligence (AI) can analyze high-dimensional and complex
medical data, identifying subtle patterns not discernible to
clinicians, supporting clinical decision-making, and reduc-
ing the likelihood diagnostic errors (Bates et al. 2014;
Topol 2019). Regarding stroke-diagnosis, several studies
applied Al-based approaches to support and improve con-
ventional diagnostic procedures (Czap et al. 2022). These
systems have demonstrated accuracy levels comparable to
those of clinical experts, indicating that Al has the poten-
tial to substantially increase both the speed and precision
of stroke identification. For instance, Heo et al. developed
a machine learning (ML) model utilizing clinical variables,
(such as age, blood pressure, and diabetes status), to predict
ischemic stroke outcomes (Heo et al. 2019). Their model
outperformed conventional statistical methods, highlight-
ing ML’s potential to integrate multiple data types and offer
more accurate predictions for stroke patients. Moreover,
the integration of Al with biomarker-based diagnostics
represents an emerging and promising direction, detecting
and identifying signatures indicative of stroke undetect-
able using standard diagnostic tools (Mainali et al. 2021).
In this context, Liu et al. employed ML algorithms to ana-
lyze a panel of blood-based biomarkers, demographics, and
dietary features, achieving over 75% classification accu-
racy (Liu et al. 2022). In a similar way, Gkantzios et al.
utilized ML to evaluate blood biomarkers and parameters
for the prediction of stroke survivors’ functional outcomes,
suggesting that C-reactive protein (CRP) and Erythrocyte
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Sedimentation Rate levels may be important predictors of
functional outcomes in stroke patients (Gkantzios et al.
2023). Even though blood panels show promising accuracy
for acute stroke classification but face assay turnaround and
standardization issues, highlighting the need of rapid assays
and compact, robust panels for triage (Rahmig et al. 2024).

However, there remains a wide range of unexplored fea-
tures that could further deepen our understanding of stroke
pathophysiology. In this context, cell-state information rel-
evant to stroke pathophysiology which is encoded by profil-
ing the EVs can be combined with routine EHR variables
may provide a fast, low-resource triage, supporting early
recognition, streamlining clinical workflows, and assisting
healthcare professionals in making data-driven decision
(Théry et al. 2018). Building on this rationale, the present
study aims: (1) to develop an Al-based Decision Support
System (DSS) for the automated diagnosis of stroke occur-
rences, involving the use of EVs as novel stroke biomarkers,
while incorporating clinical and biochemical parameters;
(2) to enhance interpretability of the underlying pathophysi-
ological mechanisms contributing to stroke.

In this study, we present a framework that integrates
EV-derived features from calibrated flow cytometry with
routinely collected EHR variables to differentiate stroke
from stroke-mimicking conditions. As such, we quantify
EV size-distribution statistics and concentration and fuse
these measurements with biochemical and demographic
EHR characteristics feeding them to a feature selection and
classification procedure to provide efficient discrimination
between stroke and stroke mimic conditions. Our approach
employes the ReliefF feature selection method along with
several ML classifiers to identify a small number of robust
predictors, ensuring high classification performance and
clinical interpretability. To the best of our knowledge, this is
the first investigation to utilize particle EV flow-cytometry
profiles together with EHR-derived clinical variables in a
unified machine learning framework for accurate stroke ver-
sus stroke-mimic classification in the clinical settings. The
organization of this paper is as follows: Sect. 2 describes the
study population, EV acquisition pipeline, feature extrac-
tion procedure, and machine learning methodology; Sect. 3
presents the classification results and feature importance
findings; Sect. 4 discusses the implications, limitations, and

Table 1 Demographical and clinical characteristics of the study
Stroke

Stroke mimic

Number of Individuals 107 Number of 33
Individuals
Female, N (%) 55(51.4) Female, N (%) 15
(45.5)
Age, mean in years 70 Age, mean in years 61
(std, range) (12.3, (std, range) (12.7,
31-98) 31-83)

biological interpretation of the results; and Sect. 5 outlines
lessons learned and future research directions.

2 Materials and methods
2.1 Subjects

The dataset comprised 140 participants (males/
females=70/70, mean age=64.8+ 12 years/70.5+ 13 years),
divided into two groups based on stroke occurrence. The
clinical and demographic characteristics of all participants
were evaluated to determine their eligibility for inclusion
in this study (Table 1). The control group consisted of 33
individuals with stroke-mimicking conditions, including
primary headaches (n=12), epilepsy (n=13), and vestibu-
lar disorders (n=28). The stroke group included 107 patients
diagnosed with hemorrhagic stroke (n=16), ischemic
stroke (n=62), or transient ischemic attack (n=24). Prior
to all processing and analysis procedures, data were fully
anonymized.

2.2 Data acquisition

The data used in this study were collected as part of an obser-
vational clinical investigation conducted at the Amsterdam
University Medical Center within the framework of the
CINTICS II project. In detail, blood samples were obtained
from 481 patients over 18 years old who admitted to the
AMC Emergency Department with suspected stroke. From
this cohort, 159 patients were selected for preliminary anal-
ysis based on the following criteria: (1) availability of >4
aliquots of blood plasma, (2) limited experimental capac-
ity, (3) power calculations to achieve the primary endpoint,
(4) age and sex balance among stroke subtypes and mim-
ics. To maintain data integrity and analytical reliability, 19
patients with missing or incomplete data were subsequently
excluded, resulting in a final dataset of 140 patient samples.
The study protocol was reviewed and approved by the Ethi-
cal Review Board of Amsterdam University Medical Cen-
ter, under a deferred consent procedure (approval number:
NL72929.018.20).

2.2.1 Blood collection and plasma Preparation

Blood collection was performed through either antecubital
venipuncture or from an intravenous drip (4.0 mL K2EDTA,
7.2 mg; BD Vacutainer®™). The obtained blood samples were
transported from the emergency room to the laboratory
within 2 h after collection. Blood plasma was prepared by
centrifuging whole blood at 2,500 g for 15 min at 20 °C,
acceleration speed 9 and deceleration speed 1 (Rotina
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380 H, Hettich Zentrifugen, Tuttlingen, Germany) (Lacroix
et al. 2012, 2013). Plasma was collected by aspiration until
10 mm above the buffy coat and transferred to a new 12 mL
tube (Greiner Bio-One GmbH, Kremsmiinster, Austria). The
collected plasma was centrifuged and collected again using
the same method as used for whole blood. The collected
plasma was transferred to 1.5 mL Eppendorf tubes (Thermo
Fischer Scientific, Waltham, MA, United States). After vor-
texing, aliquots were stored at —80 °C until analysis.

2.2.2 Flow cytometry measurements

EV concentrations in the samples were determined using
flow cytometry (Northern Lights, Cytek Biosciences, Fre-
mont, CA, United States) (Fig. 1). To measure the concen-
tration of EVs originating from cells of interest, EVs were
immunofluorescently stained using labels specific for EVs
binding lactadherin (Lact) conjugated to fluorescein (FITC).
For the present study, the lactadherin-based (Lact-FITC+)
measurements were incorporated since studies have shown
that they excel at detecting stroke-related EVs because
lactadherin binds with high affinity to the phosphatidyl-
serine lipid, which becomes externalized on the surface of
EVs during stroke occurring (Thulin et al. 2020; Li et al.
2024). The labeling reagents were centrifuged at 18,890 g
for 5 min at 20 °C to remove aggregates. The supernatant
minus 10 pl of the starting volume was collected and used
for staining. Before staining, samples were individually
diluted in Dulbecco’s phosphate-buffered saline (DPBS)
to ensure the count rate was below 30,000 events/s, which
prevents swarm detection for plasma samples measured on
our instrument (Buntsma et al. 2023). To stain EVs, 2.5 ul
of the labelling reagent mix was incubated with 20 pl of
the diluted sample for 2 h at room temperature in the dark.
After incubation, 200 pl of DPBS was added to decrease

background fluorescence. Stained samples were measured
with side scatter triggering until either a volume of 150 pl or
10,000,000 counts was reached. On each measurement day,
buffer-only controls (30 ul DPBS), positive controls (30 ul
stained pooled plasma), and unstained controls were mea-
sured. Label dilutions were made weekly, after which the
buffer with reagents control was measured.

EV diameters in nm were determined using Rosetta Cali-
bration (v2.04, Exometry, Amsterdam, The Netherlands)
based on side scattering signals and assuming a core refrac-
tive index of 1.38, a shell refractive index of 1.48, and a shell
thickness of 6 nm. Fluorescence signals were calibrated and
expressed as units of molecules of equivalent soluble fluo-
rochromes (MESF) using custom-built software (MATLAB
R2020b, MathWorks, Natick, MA, United States). Finally,
the MESF-calibrated measurements were gated to effec-
tively distinguish EV particles of diameters between 100
and 1000 nm from other entities in blood plasma. MIFlow-
Cyt-EV and datafiles of the flow cytometry experiment are
available via Figshare (see: https://doi.org/10.6084/m9.figs
hare.28688051).

2.3 Feature extraction

To enable Al-based analysis, EV-related data were trans-
formed into a structured feature set. The EV diameter distri-
bution was discretized into 100 nm-wide bins, from which
statistical descriptors were calculated, including mean
diameter, median diameter, kurtosis, skewness, entropy, and
standard deviation (Std) of the distribution. Additional vari-
ables included the Lact-FITC* EV concentration, the binned
Lact-FITC* EV concentration, and the total particle concen-
tration. Figure 2 represents the gating of MESF-calibrated
measurements to effectively distinguish the Lact-FITC* EV
particles of diameters between 100 and 1000 nm from other

Sample flow
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Fig.1 Flow cytometry setup representation. Particles are hydrodynam-
ically focused by sheath fluid into a laser beam, where their fluores-
cence and light-scatter signals are detected, electronically processed,
and recorded. Accurate extracellular vesicle cytometry requires adher-
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ence to community reporting standards and control of swarm detection
to avoid overcounting. Therefore, the calibration, the report instru-
ment settings and the gating documentation must be in line with the
MIFlowCyt-EV guidance to that mitigate swarm artifacts
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Fig. 2 Gating procedure implemented on MESF-calibrated measure-
ments to accurately separate Lact-FITC* EVs in the 100-1000 nm
size interval from other plasma-derived entities. In (a) the MESF-
calibrated Flowcytometry measurements are displayed, as well as

Table 2 Summary of the included features

Type Feature Names

EV-related EV diameter distribution mean, median,
kurtosis, skewness, entropy, standard
deviation, bin concentration (9x),
Total EV number, total EV concentration,

Demographic Sex, age

Physiological metrics RR syst, RR diast

Biochemical metrics Thrombocytes

entities in plasma sample. These 17 EV-derived features
were then combined with patient information and clinical
parameters, including sex, age (in years), respiratory rate
systolic (RR syst.), respiratory rate diastolic (RR diast.), and
thrombocyte count, resulting in a total of 21 input features
(Table 2). The statistical distributions of the electronic health
record (EHR)-derived variables are illustrated in Fig. 3.

2.4 Feature selection and classification

In the first stage, only EV-specific features were incorpo-
rated to assess whether EV profiles alone could differentiate
between the two diagnostic classes (i.e., stroke vs. stroke-
mimics). As such, to reduce the dataset’s dimensionality and
retain only the most important features, the ReliefF feature
selection method was applied. ReliefF identifies relevant
features based on how well they distinguish between data-
set instances that are near each other but belong to different
classes (Robnik-Sikonja and Kononenko 2003). In detail,

Diameter Range (nm)

b) Calculate EVs’ concetration per diameter range.

the gating limits of the Lact-FITC* EVs to distinguish among other
blood particles. Each dot represents a particle measured from the Flow
cytometer; in (b) the diameter distributions of Lact-FITC* EV particles
are represented

the ReliefF is a distance-based algorithm that iteratively
samples instances from the dataset and evaluates each fea-
ture’s ability to discriminate between similar instances of
opposing classes. For each sampled instance, the method
compares its values with those of its k-nearest neighbors
from both the same and different classes, updating feature
weights according to the degree of the observed differences.
Features that consistently contribute to greater inter-class
separation receive higher weights, thereby being considered
more relevant for the classification task, as illustrated in
Fig. 4. ReliefF was incorporated due to its ability to handle
heterogeneous, possibly non-linear interactions and ranks
features via near-neighbor class separability, and it is con-
sidered a robust filter for small and medium size datasets
(Urbanowicz et al. 2018).

The available data were partitioned into training and test
sets using a 70:30 split, stratified such that the proportion
of patients with stroke and stroke mimics was preserved in
both subsets. To mitigate potential class imbalance in the
training set, instances of the minority class were randomly
oversampled by duplication. All continuous predictors were
then linearly rescaled to the [0,1] interval to place variables
on a comparable scale and to facilitate stable optimization
across the different classification algorithms.

Based on the rationale that EVs’ characteristics, such
as their concentration and size distribution, can provide
insights into the underlying biological processes associated
with stroke, widely used ML algorithms were employed
to evaluate whether the selected features could accurately

@ Springer
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Fig. 4 Extracellular vesicles-related features score and ranking using the ReliefF feature selection method

classify patients as having either stroke or stroke-mimics in
a classifier-agnostic manner, that is, whether consistently
good performance could be achieved across multiple model
families rather than relying on a single algorithm. Specifi-
cally, the classifiers applied included: Logistic Regression
(LR) (Bisong 2019), Support Vector Machine (SVM) (Cer-
vantes et al. 2020), Random Forest (RF) (Shaik and Srini-
vasan 2019), Stochastic Gradient Descent (SGD) (Liu et al.
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2018), and Decision Tree (DT) (Charbuty and Abdulazeez
2021), so our assessment covers linear, margin-based,
ensemble, online linear, and rule-based learners. Given the
high-stakes due to their clinical use and modest sample size,
we prioritized inherently interpretable models, the LR algo-
rithm serves as a strong and interpretable linear baseline for
binary classification tasks (estimating the log-odds of stroke
as a linear combination of predictors), and thus allowing
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direct inspection of the direction and relative magnitude of
associations. Its probabilistic output and well-understood
regularization properties make LR a standard reference
method in clinical prediction modeling, particularly suitable
when sample sizes are modest and interpretability is essen-
tial (Bisong 2019). Furthermore, SVMs are margin-based
classifiers that maximize the separation between classes
and are effective in high-dimensional settings. Linear and
radial basis function (RBF) kernels are employed to cap-
ture, respectively, linear decision boundaries and moderate
non-linear relationships between EV-derived and clinical
variables. They have a strong theoretical foundation and
documented performance in biomedical classification tasks,
justifying their role as a robust non-probabilistic benchmark
(Cervantes et al. 2020). In addition, RF is an ensemble of
decision trees trained on bootstrapped samples and random
feature subsets. It captures complex non-linearities and
interactions between EV-derived and clinical variables, is
relatively robust to outliers and noise, and provides mea-
sures of variable importance (Shaik and Srinivasan 2019).
Similarly, decision trees recursively partition the predictor
space into axis-aligned decision rules and produce explicit,
human-readable decision paths. They inherently model
interactions between variables, such as combinations of EV
distributional features with blood pressure or age, and cap-
ture non-linear relationships without requiring prior feature
transformation (Charbuty and Abdulazeez 2021). Moreover,
the SGD-based classifier implements regularized linear
models optimized via incremental gradient updates. It offers
a computationally efficient way to fit penalized linear deci-
sion functions and serves as an additional linear benchmark
with strong regularization control (Liu et al. 2018).

The classification performance was evaluated using a set
of typical classification metrics, including precision (indi-
cating the probability that a case predicted as stroke truly
represents a stroke event and thus the reliability of positive
alerts); recall (quantifying the proportion of true strokes
correctly identified); F1-score (calculated as the harmonic
mean of precision and recall, to summarize performance
when both false negatives and false positives are important);
the area under the receiver operating characteristic curve
(ROC-AUC) (as an independent measure of discriminative
ability); accuracy and weighted accuracy, which accounts
for class imbalances and is defined as the average of the
accuracies of the stroke and stroke-mimic classes and will
be referenced as accuracy in the context of the present study
(Vujovic 2021).

Model development and selection were conducted exclu-
sively on the training set. Within this subset, 5-fold cross-
validation was employed to enhance generalizability to
unseen data and to tune model hyperparameters. Specifi-
cally, the training data were randomly partitioned into five

approximately equal folds; in each iteration, four folds were
used to train the model and the remaining fold served as the
validation set. This process was repeated so that each fold
acted once as the validation set, and performance estimates
were averaged across folds, providing a robust assessment
of out-of-sample behavior and reducing the risk of overfit-
ting (Rudin 2019). Feature subset selection, hyperparameter
tuning, and overall framework optimization were all per-
formed with respect to maximizing weighted accuracy. The
model development process is represented in Fig. 5.

Moreover, to assess the significance and robustness of
the derived models and to ensure that neither selection bias
nor overtraining influenced the results, 1,000 permutation
tests were conducted. Each model’s performance on the
actual data was compared to its performance on randomly
shuffled (permuted) labels to determine whether it signifi-
cantly outperformed chance. Then, an empirical distribution
of classification accuracies was generated, and a p-value
was calculated as the probability that the accuracy from the
permuted data exceeded that of the classifier on the actual
data (Golland et al. 2005). Finally, to validate whether the
selected features exhibit advanced discriminative ability in
a global manner (i.e., the attainment of classification perfor-
mance and robustness despite the classifier employed), the
optimum feature set was chosen to achieve a statistically
significant accuracy for each one of the tested ML models
(Varma and Simon 2006; Ojala and Garriga 2009). Follow-
ing the same workflow, the best-performing EV features
were fused with EHR data in order to enhance the diag-
nostic capabilities of the framework. The feature selection
and classification models were implemented using Python
3.9.18.

3 Results
3.1 Classification performance

Table 3 shows the classification performance of LR, SVM,
RF, SGD, and DT models in differentiating stroke from
mimics based on the 9 most important EV-related features
from the initial 17 on the validation set, as defined by the
relief feature selection method. The DT model outper-
formed the other models and achieved a weighted accuracy
of 0.703 (accuracy=0.81; precision=0.85; recall=0.91;
fl-score=0.88; ROC-AUC=0.70). Regarding the statisti-
cal significance assessed through permutation testing, all
models achieved p-values below 0.05 across 1,000 permuta-
tions, confirming the robustness of the results and highlights
the consistent discriminative quality of the features used for
stroke occurrence detection.

@ Springer
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Fig.5 Machine Learning model development workflow for stroke sub-
type classification using extracellular vesicles data acquired from flow-
cytometry measurements and combination with EHR information. All
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cross-validation cross-validation, which reduces selection bias when
tuning models and choosing features; label-permutation tests assess
whether performance exceeds chance given the same data structure

Table 3 Models’ performance on the Lact-FITC +flowcytometry measurements for stroke occurrence detection using only extracellular vesicles-

related features

Classification Model Precision Recall F1-score ROC-AUC Accuracy Weighted Accuracy p-value
Logistic Regression 0.58 0.62 0.55 0.74 0.57 0.62 *

SVM 0.57 0.60 0.55 0.69 0.60 0.60 *
Stochastic Gradient Descent 0.91 0.65 0.68 0.73 0.83 0.65 *
Random Forest 0.58 0.61 0.57 0.74 0.62 0.61 ok
Decision Tree 0.85 0.91 0.88 0.70 0.81 0.70 il

* p<0:05; ** p<0.01; *** p<0.001, 1000 permutations

Table 4 Models’ performance on the Lact-FITC +flowcytometry measurements for stroke occurrence detection using fusion of extracellular ves-

icles-related features and EHR information

Classification Model Precision  Recall F1-score ROC-AUC  Unweighted Accuracy =~ Weighted Accuracy  p-value
Logistic Regression 0.69 0.76 0.67 0.82 0.69 0.76 *

SVM 0.66 0.72 0.60 0.78 0.62 0.72 **
Stochastic Gradient Descent 0.65 0.71 0.64 0.80 0.67 0.71 *
Random Forest 0.93 0.75 0.80 0.78 0.88 0.75 oK
Decision Tree 0.78 0.86 0.80 0.86 0.83 0.86 dekk

* p<0:05; ** p<0.01; *** p<0.001, 1000 permutations

Following the EV-specific classification, features were
fused with EHR data in order to enhance the models’ per-
formance in stroke occurrence detection. Thus, data regard-
ing the sex, age, RR syst., RR diast., and thrombocytes were
combined with the 9 most important EV features to form
a total feature set to feed into the classification models.

@ Springer

The performance of the fusion classification is resented in
Table 4. Once again, the DT classifier achieved the highest
weighted accuracy at 0.86 (accuracy=0.83; precision=0.78;
recall=0.86; F1-score=0.88; ROC-AUC=0.86). All mod-
els obtained p-values below 0.05 across 1,000 permutation
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tests, further confirming the statistical robustness of the
results. Fig. 6

3.2 Feature selection

The optimal fusion feature subset (obtained after feature
selection), included both biomarker-based data (EV diam-
eter distribution kurtosis, entropy, Std, skewness, mean,
median, concentration of EVs with a diameter between
100 and 200 nm in the sample, total number of EVs and
their concentration in the sample), and EHR information
(sex, age, RR syst., RR diast., and thrombocytes). To assess
whether differences between features across the two classes
were statistically significant, a student’s t-test was con-
ducted, with the corresponding results shown in Fig. 7.

4 Discussion

In this study, we introduced an Al-driven DSS framework
capable of distinguishing true stroke events from stroke
mimics using a combination of EV biomarkers, biochemi-
cal and demographic data. The findings of this study hold
significant implications for the future of stroke diagnosis,

Fig. 6 Machine Learning models’
weighted accuracy performance
of stroke occurrence classifica-

tion, using only extracellular StOChaStlc
vesicles-related features, and Gradient
combining them with EHR data.

The data fusion outperforms Descent

single-modality baselines, con-
sistent with literature that single
blood panels alone often yield
moderate accuracy

Random
Forest

EV-related
Features

particularly in the context of emergency medical care. The
implications of these findings are further discussed below.

4.1 Classification performance

Among the evaluated ML models, the DT classifier con-
sistently outperformed the others across nearly all metrics,
indicating strong potential for integration into clinical work-
flows as a pre-screening tool. Its balanced precision and
recall (reflected in an F1-score of 0.80) highlights its suit-
ability for stroke diagnosis, where both false positives and
false negatives can adversely impact treatment decisions.
Additionally, its ROC-AUC and accuracy values of 0.86
demonstrate strong discriminative ability between stroke
and stroke-mimic cases, while the statistically significant
p-value (<0.001) in permutation testing support its robust-
ness and reliability.

4.2 Selected features

As mentioned earlier, the optimal feature subset for stroke
detection comprised both EV-derived and EHR-based
variables. Notably, the subset included predominately EV
features (9 of the 14) originate from EV measurements.
Although most of these features did not exhibit strong

SVM

Logistic
Regression

Decision Tree

Fustion of EV and
EHR Features

@ Springer
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Fig.7 Student’s t-test analysis of global features. Boxplots indicate the
median, the first and third quartiles. Whiskers indicate the smallest and
the largest values. Open circles indicate outliers. The limited statis-

statistical significance, they still provide valuable insights
into their potential relevance in the diagnostic process. As
such, the selected EV features offer a novel perspective
for stroke diagnosis. Metrics such as the mean and median
EV diameter, total EV count, and overall concentration,
are aligned with previous studies, serving as key indica-
tors of their biological and biophysical properties (Stenz
et al. 2020b). Particularly notable is the concentration of
EVs within the 100200 nm range, as these vesicles are
predominantly derived from platelets and endothelial cells
(cell types directly involved in coagulation and inflamma-
tory pathways that play central roles in stroke pathophysiol-
ogy) (Taus et al. 2019). Furthermore, statistical descriptors
of the EV diameter distribution (including standard devia-
tion, entropy, kurtosis, and skewness) capture the variability
and extremities in EV size profiles within plasma, and thus
indicating complex, non-linear relationships between such
variables that may not be detectable using conventional uni-
variate statistical analysis.

Regarding EHR biochemical features, several variables
(despite having pure statistical differences) are strongly
linked to stroke pathogenesis as indicated by previous
research. For instance, thrombocyte count is implicated
in the inflammatory and thrombotic processes underlying
stroke development (Elkind 2009) (Bi et al. 2021). Similarly,
systolic and diastolic blood pressure are well-established

@ Springer
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tical significance derived from Student’s t-test analysis supports the
Machine Learning integration. ** indicates student’s t-test statistical
significance of p<0.01

risk factors for cerebrovascular disease, diseases as they
contribute to endothelial damage, increasing the risk of
atherothrombotic events (Lattanzi et al. 2021). Notably,
the systolic blood pressure feature showed a statistically
significant difference between the stroke and stroke-mimic
groups, further supporting its relevance in the diagnostic
context. Concerning the EHR demographic features, the
student’s t-test indicated a highly significant difference in
age between stroke and non-stroke groups, making age as
one of the strongest predictors of stroke occurrence. In fact,
age is a well-established risk factor for stroke, with older
individuals exhibiting increased susceptibility to both isch-
emic and hemorrhagic strokes due to age-related vascular
changes (Kelly-Hayes 2010). Sex was also selected as an
important characteristic for stroke classification. To assess
its influence as a global predictor, additional analysis was
employed by removing sex from the optimal feature subset,
retraining and re-evaluating the models. The resulting per-
formance showed poorer results with a nearly 20% reduc-
tion in classification accuracy, demonstrating that excluding
sex substantially weakens predictive power. This highlights
the importance of including sex in the modeling processes,
as it reflects real-world clinical conditions in which sex
plays a critical role in shaping disease risk and progression.
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4.3 Future considerations

The results obtained in this study demonstrate that the
selected features (derived from both EV measurements and
patient biochemical and demographic data) yield high clas-
sification performance in diagnosing stroke occurrence.
However, caution is required when interpreting the bio-
logical significance of these features. The primary concern
is that the feature selection process focuses on improving
classification performance rather than establishing direct
associations between the selected features and the under-
lying pathophysiological mechanisms of stroke. Therefore,
some features might have been included primarily for their
ability to reduce noise or enhance performance rather than
due to their inherent relevance to stroke pathology. More-
over, although the classification models exhibit robust per-
formance, variability between patients may influence the
overall results. Factors such as individual differences in
biochemical profiles, EV release patterns, and responses to
stroke could contribute to this variability. Further research
should be conducted to validate the model’s generalizability
across diverse populations and to explore the physiologi-
cal implications of the selected features in more depth. In
addition to these considerations, another major limitation of
the current approach is the time-consuming nature of blood
sample preparation and EV analysis, which may restrict its
real-time applicability in emergency settings. Addressing
this challenge will require future work focused on stream-
lining the analytical workflow or developing alternative,
faster diagnostic methods for photonics-based EV assess-
ment without compromising accuracy. Furthermore, the
scope of the framework could be expanded into a multiclass
triage aid system, which not only identifies the stroke occur-
rence among stroke mimic conditions, but also classifies the
specific stroke type, such as ischemic, hemorrhagic strokes,
TIA, directing the patient to the appropriate clinic. Regard-
ing the Al models utilized, deep learning architectures could
be incorporated in addition to the current methods, once
larger patient cohorts become available. Despite these limi-
tations, the present framework shows significant potential
in reducing diagnosis time after the blood acquisition and
processing and improving the accuracy of prompt stroke
detection. The system’s ability to discern stroke cases from
other conditions with similar symptoms represents a crucial
advancement in clinical decision-making, potentially expe-
diting the appropriate treatment of stroke patients.

5 Conclusion

In this paper, we investigated the integration of novel blood-
based biomarkers (i.e., extracellular vesicles, EVs extracted
via flow cytometry) with patient demographic and biochem-
ical information to enhance the early and accurate diagno-
sis of stroke. Our approach focuses on distinguishing true
stroke cases from other conditions presenting with similar
symptoms, thereby reducing diagnostic delays and support-
ing timely patient transport to appropriate treatment facili-
ties. On this premise, the proposed framework achieved a
classification accuracy of 0.86, using a small feature subset
whose robustness and clinical reliability were confirmed
through statistical testing. Although certain features did not
exhibit individual statistical differences between the two
groups, their combined contribution within the model cap-
tures the multifactorial nature of stroke, ultimately improv-
ing diagnostic performance. Inherently interpretable ML
algorithms are incorporated, as they are considered suitable
for medium sized clinical cohorts and for high-stakes deci-
sion-making. To limit overfitting and validate the robust-
ness of the results, k-fold cross validation was performed
during the training and hyperparameter tuning process, as
well as label-permutation testing. Future steps include the
expansion of the research to external datasets for the further
validation of the framework’s performance and the most
important features analysis. The results indicate that single-
particle EV size distribution features are able to encode dis-
criminative signal, and fusion with minimal EHR variables
improves performance. In addition, interpretable models,
such as the DT algorithm are sufficient and preferable for
high-stakes clinical use. Overall, the findings demonstrate
the potential of Al-driven DSS to assist in the prompt diag-
nosis of stroke, providing an essential tool that complements
existing diagnostic methods, significantly improving patient
care. This work highlights the value of integrating advanced
biomarkers, clinical data, and Al methodologies, combining
standard diagnostics with novel photonics methodologies,
to develop a more comprehensive diagnostic framework
capable of addressing the challenges of time-sensitive con-
ditions such as stroke.
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