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Abstract—Stroke is a life-threatening medical condition
that could lead to mortality or significant sensorimotor
deficits. Various machine learning techniques have been
successfully used to detect and predict stroke-related out-
comes. Considering the diversity in the type of clinical
modalities involved during management of patients with
stroke, such as medical images, bio-signals, and clinical
data, multimodal machine learning has become increas-
ingly popular. Thus, we conducted a systematic literature
review to understand the current status of state-of-the-art
multimodal machine learning methods for stroke prognosis
and diagnosis. Following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guide-
lines during literature search and selection, our results
show that the most dominant techniques are related to
the fusion paradigm, specifically early, joint and late fu-
sion. We discuss opportunities to leverage other multi-
modal learning paradigms, such as multimodal translation
and alignment, which are generally less explored. We also
discuss the scale of datasets and types of modalities used
to develop existing models, highlighting opportunities for
the creation of more diverse multimodal datasets. Finally,
we present ongoing challenges and provide a set of rec-
ommendations to drive the next generation of multimodal
learning methods for improved prognosis and diagnosis of
patients with stroke.
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I. INTRODUCTION

S TROKE is the most common form of cerebrovascular dis-
ease. It ranks as the second leading cause of death globally

and the most common cause of major cognitive and sensorimotor
disability in adults [1]. Patients who survive their first stroke
are highly expected to experience recurrence, which can range
from days to years [2]. Moreover, stroke survivors are prone
to functional loss and emotional side effects that negatively
impact quality of life. The global stroke-related burden figures
showed a considerable increase in terms of incidence (70%),
prevalence (102%), mortality (43%), and disability-adjusted life
years (143%) between 1990 and 2019 [3]. The majority of the
global stroke burden concentrates in low- and middle-income
countries [4], emphasizing the need for improved stroke man-
agement and prevention to mitigate the associated economic and
societal impact.

Stroke diagnosis refers to the process of identifying if a patient
has a stroke, based on the analysis of focal neurological signs
and symptoms of presumed vascular origin [5]. It requires timely
and accurate therapeutic pathways to reduce brain damage [6].
Typically, an accurate diagnosis within 60 minutes from stroke
onset results in better outcomes [7]. Clinical tests such as the
Face Arm Speech Test (FAST), the National Institutes of Health
Stroke Scale (NIHSS), and the Cincinnati Pre-hospital Stroke
Scale (CPSS) are adopted in emergency rooms to triage stroke
patients [8]. Neuro-imaging techniques such as Magnetic Reso-
nance Imaging (MRI) and Computed Tomography (CT) are most
effectively used to confirm the diagnosis. Despite the availability
of advanced imaging tools, stroke diagnosis is especially difficult
in situations where symptoms go unnoticed [9], when a recent
stroke gets confused with a previous stroke [10], or due to
variability in clinical judgment [8].

Stroke prognosis refers to the process of predicting the short-
and long-term likelihood of adverse outcomes amongst patients
with stroke, depending on the type of stroke. Ischemic stroke oc-
curs when a cerebral artery experiences an embolic or thrombotic
occlusion, whereas hemorrhagic stroke occurs due to cerebral
artery rupture. Transient ischemic attack is a mini stroke that
lasts for less than a few minutes and does not cause any tissue
damage [11]. The 90 days modified Rankin Scale (mRS) is
a well-known stroke prognostic tool that measures the level
of disability in stroke patients after 90 days post-discharge. It
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TABLE I
OVERVIEW OF EXISTING LITERATURE REVIEWS RELATED TO MACHINE

LEARNING (ML) AND DEEP LEARNING (DL) FOR STROKE

uses a numeric scale ranging from 0 to 6, where 0 indicates
no symptoms and 6 refers to patient mortality [12]. Despite its
wide adoption, mRS suffers from inter-observer reliability [13].
Stroke prognosis is affected by other factors, such as age, sever-
ity, time since onset, stroke location, and intracranial adverse
events [14]. The variability of these factors across different
patient groups increases the complexity of prognosis.

Table I provides an overview of the most relevant literature
reviews on the use of machine learning for stroke-related tasks.
In recent years, there has been a significant increase in the use of
machine learning and deep learning methods for stroke detection
and prognosis. This can be attributed to the advent of large-scale,
digitized clinical data of various types, along with remarkable
advancements in artificial intelligence algorithms and applica-
tions. Associated with this rise, a significant number of review
articles were published between 2019 and 2022. In terms of
the types of data modalities considered in these reviews, [15],
[16], [17], [18], [19], [20], [21] focused on studies involving
medical imaging only, while [22], [23] did not restrict their
review to any type of clinical data. In general, most papers focus
on medical imaging modalities, while clinical and omics data
are peripherally considered.

Stroke prognosis and diagnosis are indeed multimodal in
nature. In particular, clinicians rely on several sources of in-
formation in their decision-making process, including patient
history, different types of medical imaging, omics data, and
laboratory test results. Multimodal machine learning refers to the
modeling of different but related data modalities using machine
learning and deep learning [24]. Compared to learning with a
single modality, multimodal learning approaches have proven to
yield better results for various medical tasks as shown in recent
work [25], [26].

Table II summarizes the scope of literature reviews related
to multimodal learning in healthcare. Existing literature reviews
focus on the use of Electronic Health Records (EHR), medical
imaging and omics data [27], [28], [29], multimodal medical
imaging, [30], [31], structured and free-text EHR data [32],
and smart healthcare systems data [33] for a variety of clinical
prediction tasks. Overall, existing literature reviews related to
multimodal learning in healthcare have a broad scope and do

TABLE II
OVERVIEW OF EXISTING LITERATURE REVIEWS RELATED TO MULTIMODAL
LEARNING IN HEALTHCARE USING MEDICAL IMAGES, ELECTRONIC HEALTH

RECORDS (EHR), AND OTHER MODALITIES

not specifically target stroke prognosis and diagnosis, which is
the primary focus of this paper.

The goal of this systematic review is to understand the scope of
multimodal learning methods used in the context of stroke prog-
nosis and diagnosis. We also investigate the types of multimodal
datasets utilized and understand the expected clinical impact
of the multimodal frameworks. The remainder of this paper
is organized as follows: Section II summarizes the literature
search strategy, Section III discusses the different multimodal
methodologies and datasets, and finally Section IV describes
opportunities for future work to advance multimodal learning
for stroke prognosis and diagnosis.

II. PRISMA FRAMEWORK

A. Literature Search and Selection Strategy

We registered a protocol for this systematic review at the In-
ternational Prospective Register of Systematic Reviews (PROS-
PERO) (registration ID: CRD42023390730) [34]. All of the rel-
evant dates for article selection are documented in the registered
protocol.

The literature search and selection process was conducted
in accordance with the PRISMA 2020 guidelines [35]. For the
inclusion and exclusion criteria, we included papers published
between January 2015 and March 2023 in the English language
since this corresponds to the period when multimodal machine
learning in healthcare garnered more attention, as shown in
Fig. 1. We included articles that were directly related to is-
chemic stroke, hemorrhagic stroke, or transient ischemic attack,
addressed a prognostic or diagnostic task, and were published
as original research papers. We only included articles that were
published in journals categorized as Q1 by the Scopus Journal
Ranking, at the time of performing the search. We excluded
workshop papers and conference abstracts and ensured that the
papers described the development or application of a multimodal
framework that utilizes machine learning and/or deep learning.

To conduct the literature search, we identified a set of 51
relevant search terms based on our inclusion criteria. This
set of keywords is organized into three categories, including
stroke, multimodal learning, and artificial intelligence, with 17
keywords on average per category. Table III shows a subset
of the selected search terms for each category. The complete
set of terms per search category are provided in the registered
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Fig. 1. Annual number of published articles on PubMed related to
multimodal machine learning during the period of 2008 to 2022.

TABLE III
EXAMPLES OF SEARCH TERMS PER CATEGORY

protocol. We considered primary and secondary sources of infor-
mation. The final list of primary sources included four scholarly
databases, i.e., PubMed, IEEE Xplore, ACM Digital Library, and
Web of Science Core Collection. For PubMed and IEEE Xplore,
the search strategy included combinations of index terms and
keywords, whereas the search strategy for ACM Digital Library
and Web of Science Core Collection was based on combinations
of keywords. For each primary source, we focused our search
on the title, abstract, and keywords of potential articles. We then
conducted a second round of manual searches on the references
lists of all included papers to further identify the relevant papers.

To assess for eligibility, all retrieved papers underwent the
same screening procedure. In particular, we removed duplicate
articles and examined titles and abstracts. We then performed
a full-text review to further refine the results. We used the
Covidence software as our systematic review management tool
to conduct the eligibility criteria assessment.

B. Data Collection and Extraction

For each included article, we extracted 24 data items: (1)
first author, (2) publication year, (3) publication venue, (4)
stroke type, (5) research objectives/contribution, (6) name of the
proposed model, (7) types of data modalities, (8) details of data
modalities, (9) source of the dataset, (10) dataset availability,
(11) dataset name, (12) dataset split/ratios, (13) validation strat-
egy, (14) value of K for K-fold cross-validation (if applicable),
(15) test strategy, (16) multimodal learning paradigms used, (17)
type of fusion (if applicable), (18) type of machine learning used
(i.e., statistical machine learning or deep learning), (19) base
models used, (20) nature of the stroke management task (progno-
sis or diagnosis), (21) exact name of the stroke management task,
(22) nature of the downstream task, (23) reported performance
metrics and (24) best-reported performance metrics. Note that
the performance metrics depend mainly on the downstream task

Fig. 2. PRISMA flowchart summarizing literature search and selection.

(e.g., classification or segmentation). We extracted the perfor-
mance metrics for the best-performing models per article and
ignored the results of any baseline models considered by the
work.

C. Quality Assessment

We adopted two established tools for risk of bias and appli-
cability assessment. We used Quality Assessment of Diagnostic
Accuracy Studies (QUADAS-2) [36] for diagnostic studies and
Quality Assessment of Prognostic Accuracy Studies (QUA-
PAS) [37] for prognostic studies. We tailored both tools for the
purpose of our study, by adjusting the signaling questions to fit
the scope of our review.

III. RESULTS

A. Study Selection and Characteristics

We summarize the results of the literature search and selection
strategy in Fig. 2, where n represents the number of articles at
each stage. In the literature identification phase, we retrieved
a total of 1,457 records. We excluded 129 duplicated articles,
resulting in 1,328 articles for the screening phase. In the title
and abstract screening phase, we excluded 1,255 records due to
lack of relevancy. We further excluded 40 articles in the full-text
eligibility assessment step. As a result, the systematic search and
selection process resulted in 33 articles satisfying the eligibility
criteria for further analysis.

Of the 33 included articles, 24 were journal publications,
while ten were published as part of conference proceedings.
Most papers focused on ischemic stroke (n = 28), with only one
paper dealing exclusively with hemorrhagic stroke. Four papers
addressed both ischemic and hemorrhagic strokes. Concerning
the stroke management task addressed, most studies (n = 30)
focused on stroke prognosis while the remaining (n = 3) devel-
oped multimodal models for stroke diagnosis.
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TABLE IV
COMMONLY-USED ABBREVIATIONS IN THIS PAPER

B. Datasets and Data Modalities

First, we summarize the main characteristics of the multi-
modal datasets, which are important for contextualizing the
multimodal methodologies. We note that 12 studies used pri-
vate datasets, 12 studies used publicly available datasets from
community challenges, seven studies used clinical trials data,
and three articles used public and private datasets. In terms of
dataset size, they ranged between 28 and 574 patients. A full
list of abbreviations of stroke-related modalities is provided in
Table IV for ease of reference.

We summarize the main characteristics of the publicly avail-
able datasets in Table V. The most commonly used public
datasets were released by the International Conference on Med-
ical Imaging Computing and Computer-Assisted Intervention
(MICCAI) as part of the annual Ischemic Stroke LEsion Seg-
mentation (ISLES) challenge between 2015 and 2018 (n =
12). ISLES 2015 [38] consists of two datasets, namely, Sub-
acute Ischemic Stroke lesion Segmentation (SISS) and Stroke
outcome/Penumbra EStimation (SPES). While the former is
multi-center, the latter is a single-center dataset. ISLES 2016-
2018 [39], [40], [41] are all multi-center datasets. The main
purpose of all the challenges is to provide benchmark datasets
for the stroke lesion segmentation task. In these datasets, mul-
timodal MRI is the most frequent data type, including diffusion
and perfusion modalities. ISLES 2016 [39] is the only version
that provides clinical variables to improve stroke lesion delin-
eation, and to address the second goal of the challenge, which
is prediction of functional outcomes in stroke patients. Overall,

those datasets mainly provide multimodal medical imaging (CT
or MRI), are tailored towards a very specific objective (mostly
stroke lesion segmentation), are very small in terms of size (20–
40 patients), and target a single stroke type (ischemic stroke).

The clinical trial datasets typically provide imaging and clin-
ical data (n = 7). Imaging data include either CT [42], [43],
[44], MRI [45], [46], or both [47], while clinical data are mostly
clinical scores of measurable outcomes, such as NIHSS and
mRS. MR CLEAN [42] is the only trial dataset that provides
additional clinical data such as patient’s medical history and
demographics. As shown in Table V, two clinical trials collected
their data from a single clinical institution [45], [46], while five
combined data from multiple hospitals [42], [43], [44], [47].
Despite the clinical trial datasets being more comprehensive
as they cover more diverse data modalities and larger sample
sizes, access to them is generally restricted. The private datasets
collected and used by some studies, which are usually of small
size, are also not readily accessible.

We identified four main categories of data modalities used,
including imaging, clinical, time-series, and other types of
data, as summarized in Fig. 3. Imaging data includes both
raw images and hand-crafted features extracted from images,
and were considered by most of the included studies (n = 30).
MRI is the most prevalent imaging modality (n = 16), which
includes MRI Perfusion-Weighted Imaging (PWI) maps such as
Cerebral Blood Flow (CBF), Cerebral Blood Volume (CBV),
Relative CBF (RCBF), Relative CBV (RCBV) Mean Transient
Time (MTT), Time to Peak (TTP), Time to Maximum (Tmax),
Diffusion-Weighted Imaging (DWI), Apparent Diffusion Coef-
ficient (ADC), T1-weighted (T1-w), T2-weighted (T2-w), and
FLuid Attenuated Inversion Recovery (FLAIR). The second
most frequent imaging modality is CT (n = 14), including Non-
Contrast CT (NCCT), CT Perfusion (CTP), and CT Angiogra-
phy (CTA). Some studies combined different imaging modali-
ties, using them either as independent modalities [48], [49], [50],
[51] or in conjunction with other non-imaging modalities, such
as clinical records [52], [53], [54], [55].

Commonly used clinical data (n = 14) include patient de-
mographics, vital signs, lab test results, past medical history,
clinical measures, and quantitative image biomarkers. Patient
age and sex are the most frequently used demographic variables
(n = 8). Vital signs (n = 5) include measurements of blood
pressure, blood oxygen, pulse rate, and temperature. Lab test
results (n = 3) provide measurements of glucose and cholesterol
levels, blood counts, and urinalysis. Medical history (n = 6)
mainly provides information about past illnesses and the pres-
ence of chronic diseases, such as hypertension, diabetes mellitus,
or cardiac disease. Other clinical measures (n = 11) include
time-related variables such as Time since Stroke (TSS), Time to
Treatment (TTT), and Time to Imaging (TTI), as well as stroke
severity scoring scales such as mRS, NIHSS, and Thrombolysis
in Cerebral Infarction (TICI). Lastly, some work used specific
imaging biomarkers such as the Alberta Stroke Program Early
CT Score (ASPECTS), infarct volume, penumbra volume, and
side of the stroke.

Two of the included studies incorporated time-series data
as input modalities. One study combined Electrocardiogram
(ECG) and Photoplethysmography (PPG) data for stroke
diagnosis [56], while another study used Electroencephalogram
(EEG) for stroke prognosis [57].

A few studies used other data modalities (n = 2) that do
not directly fit into any of the three main categories (imaging,
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TABLE V
SUMMARY OF THE PUBLICLY AVAILABLE MULTIMODAL DATASETS RELATED TO STROKE, INCLUDING CLINICAL TRIALS DATASETS THAT MAY BE AVAILABLE

UPON REQUEST

Fig. 3. Overview of data modalities used for stroke prognosis and diagnosis. (left): Venn diagram showing the intersection between data modalities
as well as the number of papers that used each combination, denoted by n. (right): breakdown of the individual data modalities.

clinical, and time-series data). For example, one study col-
lected facial video recordings for stroke patients in the emer-
gency room. They derived video frames and their respective
audio spectrograms to diagnose stroke patients [8]. One study
used the phase and magnitude of the Fourier transform of CT
scans as additional input modalities along with the original CT
scan [58].

Overall, we observed that existing studies mostly use med-
ical imaging and clinical data as inputs for their applications
pertinent to stroke prognosis and diagnosis. Other types of data
modalities are less explored, which motivates investigating their
use and significance in relation to stroke-related tasks.

C. Multimodal Learning Methodologies

We present methodological advances of multimodal learning
for stroke prognosis and diagnosis based on five commonly
known core challenges in multimodal learning, namely, repre-
sentation, alignment, translation, fusion, and co-learning [24],
illustrated in Fig. 4. We note that M indicates a data modality,
f is a modality-specific encoder, + represents concatenation, ∼
represents a similarity operator, and

∑
represents an aggregation

operator.
Early fusion approaches concatenate the multimodal features

at the input level, joint fusion approaches perform feature con-
catenation at the representation level, and late fusion approaches
aggregate modality-specific predictions. In joint representation

learning, feature representations from both modalities are pro-
jected to the same space, while in coordinated representation
learning, the representations of all modalities are projected into
coordinated spaces that maintain a similarity measure across all
modalities. Generative translation approaches use a generative
model to map one modality to another. Example-based transla-
tion uses a dictionary to map one modality to another. Explicit
alignment approaches align the corresponding sub-components
among the instances of all modalities using a similarity measure.
Implicit alignment approaches establish alignment in the latent
space, such as via an attention module. In parallel co-learning,
there is complete correspondence across the instances of all
modalities. In non-parallel co-learning, correspondence is avail-
able between data categories instead of individual instances. In
hybrid co-learning, a bridge modality is used to create a pairing
between the main modalities.

Most studies included within the scope of this review focused
only on multimodal fusion (n = 18), followed by the combina-
tion of multimodal representation learning and fusion (n = 15).
Only one study addressed multimodal translation and fusion,
while alignment and co-learning were not considered in any of
the included papers. We also note that most studies used deep
neural networks (n = 20), compared to using statistical machine
learning models (n = 13), and only one article compared both
modeling approaches. We also present detailed study character-
istics in Table VI for prognosis-related tasks, and Table VII for
diagnosis-related tasks. In the following sections, we discuss the
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Fig. 4. Overview of the main multimodal learning paradigms.

methodologies proposed for stroke prognosis and diagnosis us-
ing each multimodal learning paradigm, including the reported
performance results on the test set, where applicable.

1) Multimodal Fusion: Multimodal fusion refers to the pro-
cess of combining information from multiple modalities for
a downstream prediction or classification task, as opposed to
relying on a single data modality, i.e. a single source of infor-
mation. Based on the stage in which the features are combined,
existing approaches can be categorized into early, joint, or late
fusion [24], [29]. Any combination of these fusion methods can
be considered a hybrid fusion approach. Early fusion is the most
common type of fusion used among the studies included within
the scope of this review (n = 19), followed by joint fusion
(n = 13), and late fusion (n = 3). We highlight that existing
fusion strategies rely on either statistical machine learning, deep
neural networks, or both.

Early fusion with statistical machine learning: Early fusion
approaches combine information from different modalities in
the form of low-level features, such as via concatenation or
pooling, which are then fed as a single input into a prediction
model. Several studies used statistical machine learning mod-
els (n = 12), such as Random Forest (RF), eXtreme Gradient
Boosting (XGboost), Light Gradient Boosting Machine (Light-
GBM), Categorical Boosting (CatBoost), and Support Vector
Machine (SVM) or Support Vector Regression (SVR) to process
the combined features.

In several studies, the authors derived features from dif-
ferent imaging modalities and concatenated them as a single
input vector [59], [62], [66], [69], [70]. Some studies mainly
considered radiomic features extracted from multimodal brain

imaging [59], [66]. In another study, the authors focused on
radiomic features extracted at the lesion area from five MRI
modalities [59]. They compared the performance of five machine
learning models (SVM, RF, LightGBM, Catboost, and XGboost)
to predict mRS. Other work focused on radiomic features ex-
tracted from CT and NCCT to predict the probability of success-
ful recanalization with intravenous alteplase using linear SVM
model [13]. The authors further aimed at determining the best
set of radiomic features characterizing thrombus in comparison
to clinical thrombus characteristics. Both works evaluated their
models via five-fold cross validation, and did not report model
performance on an independent test set or provide any unimodal
results for comparison.

One study introduced a two-stage model for stroke lesion
segmentation [62]. The model concatenates intensity-based sta-
tistical features, template-based asymmetric features, and tissue
probability feature maps extracted from four MRI modalities,
namely, T1, T1-contrast (T1-c), T2, and FLAIR. Firstly, the
authors trained a RF classifier using these features to identify
the region of interest of the lesion from the whole brain image.
Secondly, they trained a voxel-wise RF classifier to delineate
the lesion. They reported improved sensitivity (0.750), precision
(0.430) and dice coefficient (0.480) in the ISLES 2015 chal-
lenge [38] compared to top-ranked teams. No unimodal results
were reported.

In other work, authors developed a model known as
FASTER [69] that is built upon their previous model known as
Segmentation Forest [80]. FASTER is an RF-based algorithm
for automated volume estimation of reversibly damaged brain
tissue, also known as penumbra. It comprises two classification
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TABLE VI
SUMMARY OF THE CHARACTERISTICS OF THE INCLUDED PAPERS FOCUSING ON STROKE PROGNOSIS
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CONTINUED

TABLE VII
SUMMARY OF THE CHARACTERISTICS OF THE INCLUDED PAPERS FOCUSING ON STROKE DIAGNOSIS

stages, each with two RF classifiers. Firstly, FASTER delin-
eates the stroke lesion to identify the region of interest using
features extracted from different sets of MRI maps modeled
with the classifiers. Following that, the classifiers predict the
exact stroke lesion voxels. The authors concatenated statistical
features extracted from T1-w, T2-w, DWI, and Dynamic Suscep-
tibility Contrast (DSC) perfusion MRI modalities. In total, they
extracted 274 features per voxel. Their model achieved 0.560,

0.530, 0.990, and 0.340 in terms of precision, recall, specificity,
and dice coefficient, respectively. They did not compare the
results of the proposed model to any unimodal baselines.

In another study, 12 parameters were derived from DSC-MRI
perfusion maps, DWI, and FLAIR for infarct prediction, where
two parameters were derived from DWI and FLAIR scans and
the rest were perfusion parameters [70]. The authors used three
methods to derive the perfusion maps, including oscillatory
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singular value decomposition, a parametric (statistical) ap-
proach, and direct derivation of cCBV and TTP from the con-
centration curve. They used all parameters to train an XGBoost
voxel-wise classifier for ischemic core segmentation via cross-
validation. They compared its performance to that of a general-
ized linear model. The authors did not report performance on an
independent test set and as compared to any unimodal baselines.

Other work used features extracted from time-series data [56],
[57]. Specifically, one model was proposed to concatenate fea-
tures extracted from ECG and PPG bio-signals for real-time
stroke diagnosis [56]. Nine classical machine learning models
were evaluated, and RF yielded the best classification perfor-
mance. No unimodal results were reported. In another study,
authors used features extracted from EEG data with the NIHSS
score to predict effective recovery in stroke patients [57]. First,
they trained a partial least square model on 22 bipolar EEG
channels to compute the effective power of each bipolar channel.
Following that, they used the extracted effective power mea-
surements as input features along with the NIHSS score, via
concatenation, to an SVR model. The authors did not report
performance on an independent test set or baseline unimodal
performance.

Several research studies explored the fusion of clinical data
extracted from EHR, clinical measurements, and features ex-
tracted from medical imaging modalities [52], [60], [61], [65],
[67]. For example, clinical data, including demographics, patient
risk factors, and pre-treatment NIHSS score with biomarkers
derived from CT or MRI, were integrated to predict the 30-
days NIHSS score [60]. Lesion symptom mapping [81] and
Rrelief [82] were used as feature selection methods to extract
the biomarkers from the lesion’s region of interest. The feature
vector was used to train a support vector regression model. The
best performance was achieved using the combination of clinical
data and features extracted via Relief with a Mean Absolute
Error (MAE) of 3.55 compared to 4.33 using clinical data.

In other work, authors trained gradient boosting models us-
ing patient demographics, clinical measures such as mRS and
NIHSS, and biomarkers extracted from CT as input features to
predict the mRS score [52], [65]. No results were reported on an
independent test set [65]. In another study, the authors performed
step-wise feature inclusion evaluation of four sets of features
including (i) patient demographics, clinical measures, medical
history, and conventional CT biomarkers (ii) advanced imag-
ing characteristics from CTP, (iii) interventional characteristics,
and (iv) post-interventional characteristics study [52]. The best
performance was achieved using the full set of features from
all modalities, reaching an accuracy of 0.800 and an AUROC
of 0.860, outperforming the baseline model by 0.100 for both
accuracy and AUROC.

Other methods were developed to integrate time-related mea-
surements with features extracted from imaging data [61], [67].
The former combined stroke-onset to imaging and imaging to
perfusion times with average maps derived from CTP including
Tmax, cBF, and cBV for each voxel to predict infarct volume
in acute ischemic stroke patients. All derived features were
concatenated and passed to a voxel-wise RF classifier to predict
whether the voxel is normal or part of the infarction. The model
achieved an AUROC score of 0.810, with improvements of 0.600
and 0.100 compared to conventional methods used for Tmax and
cBF maps, respectively. Similarly, in another study, the authors
incorporated TSS, TTT, and TICI, with features extracted from
ADC MRI and perfusion MRI maps [67]. They used an SVM

model to predict mRS. The model achieved an average AUROC
score of 0.934. No unimodal results were reported.

Early fusion with deep neural networks: Compared to the use
of statistical machine learning methods in early fusion, seven
papers focused on the use of deep neural networks. The majority
(n = 5) stack multimodal CT or MRI scans as image channels at
the input level [48], [49], [50], [51], [64], [83]. For CT imaging,
one study proposed the fusion of NCCT, CTA, and CTA+ for the
segmentation of ischemic core/deficit [48]. The stacked volume
is then passed to a 3D U-Net segmentation model for core/deficit
volume estimation. The proposed approach achieved accuracy
and AUROC scores of 0.900 and 0.810, respectively, which
is similar to the performance obtained using CTA only. The
proposed approach achieves performance gains of 0.070 and
0.080 for accuracy and AUROC, respectively, compared to the
NCCT-only model. In another study, authors proposed symmet-
ric modality augmentation to merge CT and CTP maps prior
to modeling [49]. Symmetric modality augmentation exploits
the brain hemispheres’ symmetry to learn robust features. In
this regard, each CT scan and four perfusion maps, which were
cBF, cBV, MTT, Tmax, were flipped over the mid-sagittal axis.
Both versions were then concatenated to form a single volume,
which was passed into a U-Net model to generate the lesion
mask. This model achieved a dice coefficient of 0.490 on the
ISLES 2018 [41] test set. No unimodal performance results were
reported.

For MRI imaging, one study proposed a single-encoder multi-
decoder U-Net framework for stroke lesion segmentation [63].
The authors stacked four MRI modalities, including T1, T2,
FLAIR, and DWI, and passed them to the encoder network as a
volume. They also enhanced the U-Net architecture with several
blocks, such as multi-residual attention and multi-task heads to
improve stroke lesion segmentation. Their model achieved a dice
coefficient of 0.775 on the ISLES 2015 [38] SISS test set. Sim-
ilarly, another study proposed combining DWI, ADC and T2-w
MRI for stroke lesion segmentation, known as Res-FCN [50].
They introduced additional blocks, such as dilated convolu-
tional, global convolution, and boundary refinement blocks to
improve the segmentation quality and reduce false negatives.
This model achieved a dice score of 0.645 on the internal test
set and 0.550 on the ISLES 2015 test set (external test set). The
authors did not provide unimodal results. In one study, DWI
and T2 MRI scans were merged to improve lesion appearance
for stroke lesion segmentation [64]. This fused image is then
passed to the segmentation network along with the raw DWI
scans. The multimodal model achieved a dice coefficient of
0.884 on the ISLES 2015 [38] SPES training set, which is
used as an external test set, and 0.740 on the internal test set.
The model outperformed unimodal baselines on both test sets
by 0.040.

Joint fusion with deep neural networks: In joint fusion, a
modality-specific neural network is used for each input modality
to learn useful feature representations. The learned representa-
tions from each modality are then passed to a trainable fusion
model to compute the predictions. The main advantage of joint
fusion is that it enables end-to-end multimodal training which, in
turn, enhances the quality of the learned representations from all
modality encoders. Joint fusion ranks as the second most com-
monly utilized form of multimodal fusion (n = 13). All studies
that used joint fusion relied on the use of deep neural networks.
More specifically, ten studies proposed models that jointly learn
modality-specific representations from each modality, and then
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concatenate them as a single representation prior to the fusion
module. The three remaining studies performed intermediate
joint fusion within layers of convolutional neural networks.

One study presented an end-to-end multimodal framework
that learns representations from clinical data, including patient
demographics and medical history, and Time-of-Flight MR an-
giography simultaneously [53]. The authors used a 3D CNN
and a Multi-Layer Perception (MLP) as feature extraction en-
coders for the images and clinical data, respectively. The learned
representations from each modality were then fused via vector
concatenation and fed into a fusion module to predict the mRS
score. The authors reported an AUROC of 0.760 for the multi-
modal model, which shows 0.010 and 0.080 performance gains
compared to the unimodal clinical data and imaging models,
respectively. The authors compared their model performance to
an early fusion baseline which achieved an AUROC of 0.750.

Other methods followed a similar architectural design but
used 3D NCCT and clinical data to improve mRS predic-
tion [54], [55]. Similar classification accuracy and AUROC
values were reported, which were around 0.750 for both met-
rics. While one model managed to achieve performance gains
compared to each of the unimodal CT and clinical data models
(0.170 and 0.100 for AUROC and accuracy, respectively) [55],
the other model performed better than the clinical data model
and on par with the CT imaging model [54].

In one study, the authors used transposed convolutions to learn
a volumetric representation of demographics and medical his-
tory data, and fused it over the channel dimension with represen-
tations of CT volumes extracted using a convolutional encoder
to predict early hematoma expansion [73]. This was followed
by average pooling and a 1× 1 convolutional filter to transform
the fused representations before computing the prediction. The
authors did not report performance on a test set but reported
a performance gain of nearly 0.100 on the validation set with
respect to the unimodal image model. Similarly, one approach
jointly modeled CTP map volumes along with Arterial Input
Function (AIF) measurements and treatment metadata [74].
The framework incorporated an upsampling network to model
treatment metadata and AIF measurements to learn a volumetric
representation which is later merged with the CTP encoding on
the channel dimension. The model resulted with an AUROC of
0.540, and roughly maintained the same performance when the
treatment metadata variables were omitted.

A multi-branch model was also developed for 4D PWI and
standard diffusion/perfusion MRI maps [72], [77]. Rather than
modeling all of the PWI sequences, the model selects slices
associated with higher contrasting agent concentration. The two
modalities are then processed using separate U-Net models and
the output of each network is then fed into a bi-directional Gated
Recurrent Unit (GRU) layer [84]. Lastly, the representations of
all modalities are merged on the channel dimension using a set of
convolutional layers. The model achieved a precision and recall
of 0.230 and 0.660 in one study [77], and 0.290 and 0.630 in
another study [72]. Both studies showed a slight improvement
over the unimodal models.

In another study [75], the authors extended the model in
previous work [77] by incorporating a squeeze-and-excitation
block following the fusion module. They reported a 0.030 im-
provement in precision. In the same context, another model
was proposed that includes the TICI score at the patient and
population levels to enhance lesion outcome prediction [68].
At the patient level, the TICI score is encoded as an extra

channel as input to the penultimate layer of the network. At
the population level, the TICI score is incorporated into the
loss function as a weighting parameter. The authors adopted an
existing architecture [77], but with a single branch rather than
multiple branches. Their model achieved 0.290 on the ISLES
2017 [40] test set. The model achieved a 0.050 improvement in
the dice score with respect to the unimodal model.

Several studies proposed to jointly fuse the feature maps at
the convolutional block level [71], [76], such as the DeepStroke
model for emergency room stroke diagnosis (triage) using facial
video recordings to support patient triage [8]. Audio data is
represented as audio spectrogram images and modeled using
ResNet18, while video data is processed as the difference be-
tween two consecutive frames and modeled using ResNet-34.
The authors used lateral connections to concatenate the feature
maps learned from the audio spectrograms and video frames
at the convolutional block level of each modality encoder. The
output of the video frames encoder is then passed through a
fully connected layer to make the final predictions. DeepStroke
was able to achieve a diagnostic AUROC score of 0.721, which
entails 0.200 and 0.250 improvements compared to the unimodal
video and audio models, respectively.

A four-path model was also proposed to encode the CTP-
based maps cBV, cBF, Tmax, and MTT for ischemic core
segmentation [71]. Each modality is encoded via a modality-
specific encoder, while the feature maps generated from the pairs
(cBV, cBF) and (Tmax, MTT) were merged at the level of the
convolutional layer. The output of the final layers of every pair
is passed to a cross-modal cross-attention module that captures
the interactions between modality pairs. The features were then
passed to a decoder that outputs the segmentation mask. The
proposed methodology was able to improve recall compared to
the baselines, achieving 0.590. Furthermore, the cross-attention
module brought significant improvements compared to the uni-
modal models using single maps as input, i.e. cBV, cBF, Tmax,
and MTT. The improvement ranged from 0.070 to 0.150 for
precision, recall, dice coefficient, and F1 score.

In one study, the authors proposed a nine-path segmentation
model that considers the axial, sagittal, and coronal planes in
the MRI volume [76]. Each path consists of two encoders and
receives the T1-w and FLAIR pair in case they are both present,
or T1-w with its flipped version in case FLAIR is missing. The
learned feature maps resulting from every convolutional layer
for both modalities are merged via convolutional layers rather
than concatenation. The authors reported better performance
compared to using a single modality.

Late fusion with deep neural networks: Late fusion ap-
proaches combine predictions computed by modality-specific
models at the output level. Fusion of the predictions is typically
performed via weighting, majority voting, or averaging. Late
fusion is the least used form of fusion in the included papers
(n = 3), despite its simplicity. For example, it was used to
fuse pixel-level predictions of four separate 2D U-Net archi-
tectures that learn from single CTP maps, including cBV, cBF,
Tmax, and MTT [79]. Each pixel is classified as to whether
it belongs to a healthy or stroke lesion based on different
prediction ensembling techniques, such as average weighting,
majority voting, and logistic regression applied to the four prob-
ability maps produced by the U-Nets. The logistic regression
classifier achieved the best performance with 0.730, 0.710,
and 0.820 for recall, dice coefficient, and volume similarity,
respectively. The proposed multimodal model nearly doubled
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the performance obtained using each of the four unimodal
models.

Another study proposed a CNN-LSTM model to predict the
functional outcome of stroke patients [78]. The model separately
processes sequences of diffusion MRI (ADC and DWI) and
perfusion MRI (cBV, cBF, and Tmax). The authors used the
CNN to extract features from the input maps, and the LSTM for
temporal modeling of the sequences. The encodings of the five
modalities are then fused and weighted, either by the patient’s
normalized age or NIHSS, via ensemble voting to produce the
final prediction. The authors did not report test set performance,
but their model resulted with a 0.050 performance gain com-
pared to the unimodal models when using the NIHSS score for
weighting the individual predictions.

Late fusion with statistical machine learning: In one study, the
authors proposed combining CT scans with their Fourier trans-
form to predict the type of stroke using Restricted Boltzmann
Machine [58]. The Fourier transform is applied to each image
to obtain its phase and magnitude. The authors trained separate
RBM models using the original CT scans with the phase and
magnitude features. They computed the final predictions via
a softmax layer by aggregating the representations from each
modality. The best classification accuracy was obtained using
raw CT scans with phase data, achieving an accuracy of 0.997,
illustrating a better performance compared to using CT scans
only, with 0.006 accuracy gain.

2) Multimodal Representation Learning: Representation
learning refers to the process of converting the original data into a
computationally-friendly format, such as vectors [85]. Learning
representations from multiple modalities simultaneously is
referred to as multimodal representation learning, and is often
performed in conjunction with a downstream fusion task.
Multimodal representation learning can be broadly categorized
into joint and coordinated representation learning [24]. Joint
representation learning approaches project the unimodal
representation of each modality into the same latent space,
and then they are combined via concatenation as an example.
Coordinated representation approaches impose a similarity
criterion on the representations of the modalities to bring
them closer within the latent space [24]. Both methods can
be implemented in a single latent space or at intermediate
levels within the model. Among all the included papers, 14
papers considered multimodal representation learning [8],
[53], [54], [55], [58], [71], [72], [73], [74], [75], [76], [77],
[78], [79]. Though these papers did not discuss multimodal
representation learning explicitly, they incorporated it as
part of their methodological implementation based on the
definition of multimodal representation learning. All of studies
implemented joint representation learning within intermediate
model layers [8], [71], [76], or in the latent space and/or
prediction level [53], [54], [55], [58], [72], [73], [74], [75],
[77], [78], [79].

3) Multimodal Translation: Multimodal translation refers to
the process of mapping one data modality into another one.
There are two types of translation approaches namely, example-
based and generative translation [24]. Example-based transla-
tion approaches rely on a predefined look-up dictionary, while
generative translation approaches develop models that learn the
translation between modalities during training. Only one study
used multimodal translation, specifically generative multimodal
translation [51]. The authors translated CTP maps into DWI
MRI using a CGAN. The primary purpose of the mapping was to

improve the delineation of the hyper-intense regions in patients
with stroke. Both modalities were then fused together at the
input level over the channel dimension, and passed to a U-Net
model for stroke lesion segmentation. Their proposed approach
achieved a dice score of 0.540, which is slightly better than the
model trained using CTP scans only, which achieved a dice score
of 0.530.

D. Risk of Bias and Applicability Assessment

We summarize the results of the quality assessment using
QUADAS-2 for diagnostic studies and QUAPAS for prognostic
studies included in our systematic review in Fig. 5.

For diagnostic studies, one study showed a high risk of bias
attributed to the lack of a proper description of the patient
inclusion/exclusion criteria. In addition, all studies were identi-
fied as having a high risk of bias due to confining model testing
to either internal test sets, or cross-validation without reporting
results on external test sets, which may affect the generalizability
of these models. Furthermore, one study showed a high risk of
bias due to the lack of unimodal baselines. All studies were
categorized as showing low risk of bias with respect to the flow
and timing domain. Finally, concerns regarding applicability
were low for all studies with respect to the scope of our review.

For prognostic studies, the vast majority of the included
studies have a low risk of bias with respect to patient selection.
However, three studies showed a high risk of bias due to the
lack of an appropriate description of the inclusion/exclusion
criteria, while two studies had an unclear risk of bias as exclusion
criteria was not discussed. With respect to the index test, we
found that 29 studies have a high risk of bias due to the lack
of both internal and external testing. Only one study reported
their results using internal and external test sets. Regarding the
outcome, only one study showed an unclear risk of bias, while the
remaining studies showed a low risk of bias. For flow and timing,
13 studies demonstrated a high risk of bias due to insufficient
data leakage safeguards and temporal inconsistencies between
modalities. For the analysis domain, three studies showed a high
risk of bias since they limit their evaluation to external test sets.
Lastly, we found all studies to show low concerns regarding
applicability.

E. Clinical Applications

The papers considered in this study focus on either stroke
prognosis (Table VI) or diagnosis (Table VII). Overall, 30
studies introduced stroke prognostic approaches focusing on
functionality outcomes and brain tissue status. Eight studies
used the 90-day mRS score to predict functional outcomes in
stroke patients [52], [53], [54], [55], [59], [65], [67], [78]. Two
papers focused on forecasting the neurological deficit outcome,
where [60] predicted the 30-days NIHSS and [57] predicted
effective recovery. They computed effective recovery based
on the relative change of the NIHSS between stroke onset
and 180 days after stroke. Concerning brain tissue status, six
studies developed models to predict tissue outcome, specifically
penumbra delineation, [61], [68], [72], [74], [75], [77]. Six stud-
ies performed stroke lesion segmentation based on follow-up
imaging [62], [64], [73], [76], [80], [83]. Four studies proposed
segmentation models using CTP maps [48], [49], [51], [71],
[79] and two studies proposed segmentation models using MRI
data [50], [70], to identify irreversibly damaged tissue prior to
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Fig. 5. Risk of bias and applicability results for QUAPAS and QUADAS-2.

TABLE VIII
SUMMARY OF ADVANTAGES AND DISADVANTAGES OF IMAGING MODALITIES

treatment. On the other hand, fewer studies developed stroke
diagnostic approaches (n = 3). Such approaches focus on stroke
detection and prediction of risk of stroke. In particular, two
studies classified patients as stroke versus non-stroke [8], [56].

IV. DISCUSSION

In this literature review, we investigated multimodal machine
learning methods presented in recent state-of-the-art work for
stroke prognosis and diagnosis. By following PRISMA guide-
lines for literature search and selection, we specifically analyzed
the characteristics of 33 research articles published between
January 2015 and March 2023. We discuss the advantages and
disadvantages of the imaging modalities in Table VIII, of other

TABLE IX
SUMMARY OF ADVANTAGES AND DISADVANTAGES OF CLINICAL AND

TIME-SERIES DATA

clinical modalities in Table IX, and of the most commonly-used
models in Table X. In the next few sections, we discuss pertinent
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TABLE X
SUMMARY OF THE ADVANTAGES AND DISADVANTAGES OF THE MOST COMMONLY-USED MACHINE LEARNING MODELS

considerations, challenges, and future directions surrounding the
development and application of multimodal learning for stroke
prognosis and diagnosis.

A. Advanced Multimodal Deep Learning Frameworks

Based on the included studies, we note that statistical machine
learning methods require resource-extensive feature engineering
pipelines. Deep neural networks, on the other hand, are able
to process raw data end-to-end, including imaging, time-series,
and clinical data. Deep neural networks enable avenues for
automated data processing, as well as modeling tasks beyond
simple fusion of features, since multimodal data representations
can be co-learned from scratch. One promising methodological
direction is to propose new neural network architectures through
the design of appropriate encoders for stroke-related modalities,
or a unified architecture that is able to process diverse modalities,
such as transformers [86]. Incorporating attention modules can
potentially improve inter-modal intra-modal interplay, leading
to performance improvements. It can also improve model in-
terpretability by learning a relative weighing of the different
modalities during training and by indicating their relative im-
portance at inference.

Deep neural networks can also be incorporated in frameworks
that leverage multimodal learning paradigms beyond informa-
tion fusion, such as alignment and co-learning. The former
aims at discovering agreement between components of various
modalities, while co-learning exploits complementary informa-
tion between modalities to supplement low-resource modalities
with rich-resource modalities [24]. Lastly, the adoption of causal
discovery as part of the multimodal learning framework has the
potential to unveil causal relationships that govern stroke-related
outcomes. Integrating such approaches in the context of stroke
prognosis and diagnosis can pave the way for novel methodology
and research questions.

B. Computational and Space Complexity

A relevant aspect worth of consideration is the computational
and space complexity of the developed multimodal approaches
for stroke prognosis and diagnosis. Computational complexity
in this context refers to the amount of computing time required to
train each model, whereas space complexity refers to the amount
of memory or storage needed. Deep learning models typically
involve high computational complexity since they have a large
number of parameters and layers, often surpassing tens of mil-
lions of parameters. In general, the training time is proportional
to the number of layers and the size and dimensionality of the
training datasets [87]. In terms of space complexity, deep neural

networks require significant storage space to allocate the large
number of parameters (weights and biases) of each layer. On
the other hand, statistical machine learning methods such as
SVM and Random Forest typically have lower computational
complexity. For instance, SVM has an approximated training
complexity of O(n3) while Random Forest of O(t · n · log(n)),
where t refers to the number of trees [88], [89] and n is the
number of training samples. The space complexity of statistical
models is usually much lower than those of neural networks.

With multimodality, space and computational complexity in-
crease, especially for deep neural network architectures. Under-
standing the computational and space complexity of multimodal
models is paramount for real-world applications, as these factors
directly impact the feasibility of deploying such models in clini-
cal settings. Complex models, which require high computational
and space resources, might have limited adoption in real-world
settings, especially in resource-constrained environments.

C. Robust Multimodal Models

Multimodal data collected in real-world settings is character-
ized by sparsity, due to missing modalities, and scarcity, due to
the limited availability of labeled datasets. The latter is high-
lighted by the size of the datasets used in the included studies,
which are significantly smaller than those in other multimodal
applications, such as image captioning, emotion recognition,
and question answering. These two challenges motivate the
development of multimodal learning frameworks that are robust
to data sparsity and scarcity. To deal with missing modalities,
translation may be used as a pre-training step to learn how to
map between modalities, or alternatively generate one modality
from another.

Generative models may also be used to generate synthetic
data that imitates the distribution of real-world data, such as
variational auto-encoders or generative adversarial networks.
The synthetic data can then be used to further train multimodal
neural networks and improve their robustness in terms of model
performance. Such approaches can be of great value especially
when dealing with class imbalance, such as due to the lower
prevalence of hemorrhagic stroke compared to ischemic stroke.
For example, Google released the EHRSafe framework, which
enables the generation of synthetic EHR data with high-fidelity
and privacy-preserving power [90]. Leveraging such capabilities
allows for diverse data modality synthesis and alleviates data
scarcity.

Other approaches to tackle robustness include model pre-
training strategies that leverage large-scale unlabeled data. For
example, self-supervised pretraining enables the model to learn
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semantic information prior to fine-tuning on a downstream clas-
sification task, reducing the need for annotated datasets.

D. Federated Learning

One solution for the creation of larger multimodal stroke
datasets is data sharing across institutions. Such efforts can even
lead to more diverse datasets to facilitate the development of
high-impact research. A good example is the BIGPICTURE
project,1 which aims to build the largest database of pathology
images for machine learning research. As for stroke, the second
leading cause of mortality in the world, similar initiatives would
be of great value and may have a significant impact not only on
the lives of targeted individuals but on society overall.

Yet, data sharing is often challenging due to the sensitivity and
nature of clinical data, hence being subject to ethical consider-
ations and strict regulatory requirements. Federated learning in
the context of stroke prognosis and diagnosis from a multimodal
perspective is one promising area of future work. In the federated
learning setting, collaborative models are trained and shared
across several clients without the need for data sharing. Such
solutions can indirectly improve the issue of data accessibility,
while preserving privacy.

E. Clinical Utility of Multimodal Learning

Another major consideration for multimodal learning for
stroke prognosis and diagnosis is to ensure that the proposed
solutions have high clinical utility. The increase in the number
of modalities required for computing a prediction may incur
higher resources in real-world settings upon deployment. For
example, despite the benefits of MRI imaging, including high
sensitivity to small-sized infarcts, MRI scanning facilities are
not always readily available in emergency settings, and the
acquisition process is time-consuming and may not be suitable
for all patients, such as patients with metallic implants. For
those reasons, MRI may be clinically less preferred compared
to cheaper alternatives, like CT scans. Such constraints limit
the scalability and clinical utility of approaches that rely on
expensive input modalities, although they may result in more
effective diagnosis or prognosis. This further emphasizes the
need to design multimodal learning frameworks with appropri-
ate considerations and assumptions that reflect the nature of data
collection in real-world settings.

Exploring the use of less-explored routine modalities can
contribute to model performance improvement and widen the
depth of insights derived from multimodal learning signals. For
example, Optical Coherence Tomography (OCT) have demon-
strated promising results as a diagnostic tool for Alzheimer’s
disease [26] while fundus photography has shown a significant
role in diagnosing cardiovascular diseases [91]. Other examples
include data modalities collected by wearable devices, such as
gait patterns, motor function, and daily activities, which can lead
to a better understanding of the patient’s prognosis.

F. Unified Multi-Task Multimodal Learning Systems

One limitation of existing multimodal learning frameworks
is that they are tailored to perform a single prediction task. For
future work, we propose the development of a unified multi-task
multimodal learning system, in which for a given patient, it is

1https://www.bigpicture.eu/

able to predict their future risk of stroke, detect the presence of
stroke and its type, and predict prognosis. Finally, it is worth not-
ing that such advancements require effective multi-disciplinary
collaboration between biomedical engineering, machine learn-
ing and clinical expertise, to translate such advancements into
real-world positive impact.

V. CONCLUSION

We conducted a thorough literature review on multimodal
machine learning for stroke prognosis and diagnosis. Our find-
ings reveal that multimodal machine learning models provide
high accuracy for stroke prognosis and diagnosis as compared
to unimodal models. There is also strong high-quality evi-
dence supporting their use in clinical practice, indicating that
these models can be effectively utilized in practice for clinical
decision-making. The main strength of our study is that we
provide a comprehensive overview of primary datasets, data
modalities, and learning methodologies pertaining to stroke
prognosis and diagnosis.Our aim is to shed light on future
research directions to advance the developments in the field
of stroke prognosis and diagnosis. Potential research directions
include but not limited to building sophisticated and robust mul-
timodal deep learning algorithms, federated learning approaches
employment, maintaining the balance between clinical utility
and the utilized data modalities of the newly developed methods,
and multimodal multi-tasking. This would ultimately contribute
to improving health outcomes of patients with stroke.

In terms of limitations, we confined the selection process to
top-tier venues, which led to the rejection of some relevant work
published in lower-ranked venues. Second, our data extraction
process focused on understanding the methodological compo-
nents of the included papers, while other elements such as the
demographics of the patient cohorts included within the datasets
were not investigated. Lastly, the interpretation of the presented
results relies on the accuracy of manually extracted information,
which may entail unintentional errors. We tried to minimize the
impact the aforementioned limitations to improve the quality of
the systematic review. To the best of our knowledge, this is the
first systematic review work that discusses stroke prognosis and
diagnosis from the perspective of multimodal machine learning.
Significant efforts are needed to advance existing methodology
and meet the full potential of multimodal learning for stroke
prognosis and diagnosis.
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