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Abstract
Background  Acute ischemic stroke (AIS) is a major cause of morbidity and mortality, with hemorrhagic transformation (HT) 
further worsening outcomes. Traditional scoring systems have limited predictive accuracy for HT in AIS. Recent research 
has explored machine learning (ML) and deep learning (DL) algorithms for stroke management. This study evaluates and 
compares the effectiveness of ML and DL algorithms in predicting HT post-AIS, benchmarking them against conventional 
models.
Methods  A systematic search was conducted across PubMed, Embase, Web of Science, Scopus, and IEEE, initially yielding 
1421 studies. After screening, 24 studies met the inclusion criteria. The Prediction Model Risk of Bias Assessment Tool 
(PROBAST) was used to assess the quality of these studies, and a qualitative synthesis was performed due to heterogeneity 
in the study design.
Results  The included studies featured diverse ML and DL algorithms, with Logistic Regression (LR), Support Vector 
Machine (SVM), and Random Forest (RF) being the most common. Gradient boosting (GB) showed superior performance. 
Median Area Under the Curve (AUC) values were 0.91 for GB, 0.83 for RF, 0.77 for LR, and 0.76 for SVM. Neural net-
works had a median AUC of 0.81 and convolutional neural networks (CNNs) had a median AUC of 0.91. ML techniques 
outperformed conventional models, particularly those integrating clinical and imaging data.
Conclusions  ML and DL models significantly surpass traditional scoring systems in predicting HT. These advanced models 
enhance clinical decision-making and improve patient outcomes. Future research should address data expansion, imaging 
protocol standardization, and model transparency to enhance stroke outcomes further.
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Introduction

Stroke, particularly acute ischemic stroke (AIS), continues to 
be a major contributor to morbidity and mortality globally, 
placing a substantial burden on healthcare systems [1]. A 
critical complication following AIS is hemorrhagic trans-
formation (HT), wherein ischemic brain tissue undergoes 
secondary bleeding. This process exacerbates neurological 
deficits and elevates the risk of mortality [2]. This complica-
tion typically occurs following the reperfusion of cerebral 
tissue, often due to thrombolytic therapies [3]. Therefore, 

accurate prediction of HT is crucial for optimizing therapeu-
tic strategies and enhancing patient outcomes.

The integration of artificial intelligence (AI) into medical 
research holds the potential to revolutionize the prediction 
and management of stroke outcomes. Over the years, AI has 
evolved significantly, transitioning from early rule-based sys-
tems to advanced machine learning (ML) and deep learning 
(DL) algorithms [4]. AI encompasses the development of algo-
rithms and computational models that mimic human cognitive 
functions. Within AI, ML, and DL have emerged as powerful 
tools in medical research, offering the capability to analyze 
vast amounts of data and identify patterns that traditional sta-
tistical methods may overlook [5]. Predictive models in stroke 
medicine are designed to estimate the risk of complications 
such as HT based on various patient-specific factors. Tradi-
tional models have relied on clinical, radiological, and labora-
tory data; however, their predictive accuracy is often limited 
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by the complexity and heterogeneity of stroke presentations. 
This limitation underscores the need for more sophisticated 
approaches capable of handling multifaceted data and extract-
ing meaningful patterns. Examples of such scoring systems 
include the Hemorrhage After Thrombolysis (HAT) score, the 
Safe Implementation of Treatments in Stroke Symptomatic 
Intracerebral Hemorrhage (SITS-SICH) risk score, and the 
Stroke Prognostication using Age and National Institutes of 
Health Stroke Scale-100 index (SPAN-100) [6].

ML, a subset of AI, focuses on developing algorithms that 
can learn from data and make predictions or decisions without 
being explicitly programmed. ML techniques, such as sup-
port vector machines (SVM), random forests (RF), and logistic 
regression, have been extensively applied in medical research 
to predict clinical outcomes. These algorithms excel in super-
vised learning scenarios where labeled data is available for 
training [5].

DL, which falls under the broader category of ML, utilizes 
a layered approach to analyze and learn from data [7]. This 
enables it to identify intricate patterns and relationships within 
datasets. Convolutional neural networks (CNNs) and recurrent 
neural networks (RNNs) are prominent DL architectures. CNN 
has proven to be especially effective in the analysis of medical 
images and shows great potential in making clinical predic-
tions based on imaging data [8]. RNNs are adept at handling 
sequential data, making them suitable for time-series predic-
tion tasks such as monitoring patient vital signs [9].

Recent studies have shown a marked increase in the appli-
cation of these algorithms in areas such as stroke research 
[10, 11]. ML has been particularly successful in predicting 
HT, as evidenced by various studies [12].

Considering the life-threatening consequences of HT 
after AIS, and the emergence of numerous ML and DL tools 
designed to predict the risk of HT based on different inputs 
this study aims to systematically review and evaluate these 
predictive models. Our review will focus on comparing the 
efficacy of these algorithms and, where feasible, benchmark 
them against existing scoring systems. This comparison will 
not only highlight the potential of ML and DL to enhance 
predictive accuracy but also identify areas where these tech-
nologies could be refined for better integration into clinical 
workflows. Ultimately, our review endeavors to underscore 
the significance of leveraging cutting-edge technologies to 
improve patient outcomes in AIS, setting the stage for future 
innovations in stroke management.

Methods

Study design

This study is a systematic review to evaluate the accuracy 
and efficacy of ML and DL algorithms in predicting HT 

following AIS. The review follows the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) 
guidelines, detailed in Table S1 [13]. Furthermore, this 
study's protocol has been registered with the International 
Prospective Register of Systematic Reviews and assigned 
the identification number CRD42023492308.

Search strategy

In this systematic review, we executed an extensive and 
detailed search across multiple databases, including Pub-
Med, Embase, Scopus, Web of Science (ISI), and IEEE. This 
search was strategically focused on keywords associated 
with “ischemic stroke”, “machine learning”, and “hemor-
rhagic transformation”, to identify pertinent literature up to 
May 18, 2024. For a detailed insight into the search tech-
niques used for each database, please consult the compre-
hensive explanation available in Table S2.

Study selection and eligibility criteria

Initially, two reviewers independently screened the search 
results, examining titles and abstracts. They then conducted 
a detailed review of the full-text articles to determine their 
relevance. In instances of disagreement, a third reviewer was 
consulted to provide an additional opinion. Inclusion crite-
ria were original, peer-reviewed research articles in English 
that developed and validated ML and/or DL models for HT 
risk prediction after AIS. Exclusion criteria included studies 
using external databases, lacking detailed methodologies, 
unavailable in full text, or not focusing on HT prediction. 
Literature types such as case reports, reviews, conference 
proceedings, and editorials were also excluded.

Data extraction

Two reviewers independently extracted data into a Google 
Sheet, consulting a third reviewer in case of disagreements. 
The extracted information covered various aspects, includ-
ing study design, patient details, data sources, eligibility 
criteria, sample demographics, treatment types, definitions 
and assessment timings of HT, features for model training, 
types of algorithms, preprocessing methods, model struc-
ture, comparison models, scoring systems, and the area 
under the curve (AUC) as the key performance indicator, 
alongside principal findings, limitations, and suggestions for 
future research.

Risk of bias assessment

The studies were assessed using the Prediction Model Risk 
of Bias Assessment Tool (PROBAST), designed for bias risk 
evaluation in four domains and the suitability of diagnostic 
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and prognostic models [14]. This assessment was indepen-
dently conducted by two authors, with a third resolving any 
differences. Using PROBAST criteria, studies were catego-
rized into low, unclear, or high bias risk, with a high-risk 
designation applied if significant bias was identified in any 
of the four domains.

Data synthesis and analysis

In this systematic review, we conducted a qualitative syn-
thesis to compare and contrast the outcomes of various ML 
and DL models, alongside traditional scoring systems. Our 
study's broad scope, encompassing diverse ML and DL mod-
els and input variables, renders a meta-analysis impractical 
due to the required homogeneity in methods and metrics. 
Instead, our focus is on a comparative evaluation, examin-
ing the performance, adaptability, and practicality of these 
computational models.

Results

We identified 1414 studies by searching designated data-
bases and found seven more studies through cross-refer-
encing. Removing duplicates resulted in 1175 unique stud-
ies. Initial screening narrowed these down to 47 articles, 
and after a detailed review, 24 were chosen for inclusion. 
The selection process is depicted in Fig. 1, showcasing the 
PRISMA flowchart.

Risk of bias assessment

Two independent reviewers rigorously evaluated the integ-
rity of the included studies, resolving any discrepancies 
with the help of a third reviewer using the PROBAST tool. 
Among 24 studies examined, seven were found to have a 
high risk of bias, mainly due to issues in participant selec-
tion and analysis methods [15–21]. The comprehensive qual-
ity assessment results are delineated in Table S3.

Study characteristics

Among the included studies, the range of publication years 
extends from 2012 [18] to 2024 [22, 23]. Most of the stud-
ies, specifically 21 out of 24 (87%), were conducted start-
ing from 2020. Methodologically, 21 (87%) studies adopted 
a retrospective design [10, 15–34], and only three were 
conducted with a prospective design [12, 35, 36]. The geo-
graphical distribution of the included studies predominantly 
featured research conducted in China, with 14 out of 24 stud-
ies (58%) originating from this region [10, 15–17, 21, 22, 
24, 26–30, 33, 34], followed by South Korea, contributing 
four studies [20, 23, 25, 31]. Additional contributions came 

from various countries, each represented by a single study: 
The United Kingdom [19], Germany [12], Italy [36], Egypt 
[35], Taiwan [32], and Thailand [18].

Demographics

The sample sizes across the studies varied considerably, with 
the smallest cohort comprising 43 individuals [36] and the 
largest encompassing 146,062 participants [12]. The median 
sample size across these investigations was 350, with an 
interquartile range (IQR) from 129 to 1118, illustrating a 
significant disparity in study scales. Most studies, 19 out 
of 24 (79%), reported sample sizes below 2000 [10, 15–26, 
28, 30, 32, 34–36].

Regarding demographic details, all studies except for 
two [18, 23] provided the mean age of the participant 
populations. The mean age spanned from 62.8 years [35] 
to 77 years [36], with a median age across studies being 
69.22 years and an IQR from 66.6 to 71.3 years. The age 
distribution revealed that the majority of studies (18 studies, 
82%) reported mean ages within the 65 to 75 years’ bracket. 
Only one study [36] reported a mean age over 75 years, 
while three studies [17, 26, 35] reported mean ages below 
65 years.

The gender distribution across studies that reported 
the gender of included participants (22 studies) indicated 
a male predominance, with male-to-female ratios extend-
ing from 1.03 to 2.55, and a median value of 1.62 (IQR 
1.28–1.95)—most of the studies, 17 out of 22 (77%), docu-
mented male-to-female ratios less than 2 [12, 15, 16, 19, 20, 
22–25, 28–33, 35, 36].

Regarding treatment modalities, out of the 24 studies 
analyzed, 19 detailed the type of treatment administered, 
which included intravenous thrombolysis (IVT), endovas-
cular thrombectomy (EVT), or both. IVT emerged as the 
most frequently utilized intervention in 12 studies [16, 18, 
19, 21, 24, 26–30, 32, 33], followed by EVT in four studies 
[15, 25, 34, 36], EVT + IVT in two studies [12, 20], and 
EVT or IVT in one study [23]. One study investigated the 
risk of HT in patients who arrived late and did not undergo 
any treatment [22].

Further details regarding the characteristics of the 
included studies are summarized in Table 1.

Algorithms

The analysis revealed LR as the most frequently used learn-
ing algorithm, applied in 14 studies [10, 12, 20, 22–24, 
26–28, 30, 31, 33–35], followed by SVM in 10 studies [10, 
18, 19, 24, 27, 29–31, 33, 35], and RF in eight studies [17, 
24, 26–28, 30, 33, 35]. Yu et al. utilized the broadest array 
of ML algorithms, encompassing six distinct models [10]. In 
contrast, the research conducted by Wang et al. [33], Elsaid 
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et al. [35], Wen et al. [27], and Ren et al. [24] involved the 
application of five distinct algorithms. Another four studies 
[15, 16, 21, 25] utilized some form of CNN, either as the 
main component or in some part of their pipeline.

Among the studies, all conducted internal validation to 
assess their models' performance, but only nine also carried 
out external validation [15, 20, 24–27, 29, 30, 33].

Input variables

Clinical features were used as input variables in 18 stud-
ies, and imaging findings were employed in 16 studies. 
Twelve studies [16, 18–25, 30, 34, 36] employed computed 

tomography (CT) images, either as a direct input [16, 
19–21, 25, 30, 36] or using extracted features [18, 22–24, 
34] (e.g., radiomics). Four studies incorporated features 
derived from magnetic resonance imaging (MRI) in their 
analyses [10, 15, 17, 35]. Jiang et al. [15], Meng et al. 
[17], and Yu et al. [10] utilized multiparametric MRI, inte-
grating various imaging sequences to enhance predictive 
capabilities. Conversely, Elsaid et al. [35] applied a com-
prehensive suite of conventional MRI sequences (e.g., T1, 
T2, FLAIR). Of the aforementioned studies, two [17, 35] 
utilized the extracted features from these imaging tech-
niques, while the remaining two [10, 15] employed these 
imaging modalities as direct inputs.

Fig. 1   Study selection
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Algorithm‑level performance

We report the performance of different algorithms using 
AUCs. LR (without regularization) was reported 10 times 
with a median AUC of 0.77 [IQR 0.71, 0.81], while LR 
with LASSO regularization was reported twice with AUCs 
of 0.80 and 0.87. SVM was used 10 times across studies 
with a median AUC of 0.767 [IQR 0.73, 0.87]. Similarly, 
RF was utilized 10 times with a median AUC of 0.831 [IQR 
0.76, 0.91]. Next in line, gradient boosting (GB) was used 
seven times across multiple studies with a median AUC of 
0.91 [0.8, 0.94]. Neural networks (artificial neural network 
(ANN), multilayer perceptron (MLP), and probabilistic 
neural network (PNN)) appeared eight times throughout the 
studies with a median AUC of 0.81 [0.78, 0.84]. Cumula-
tively, CNNs were used 21 times, albeit most of them were 
reported in a single study [15], with a median AUC of 0.91 
[IQR 0.82, 0.93].

Algorithmic performance compared to traditional 
scoring systems

Four studies compared their proposed algorithms to tradi-
tional scoring systems [16, 19, 28, 32]. The scoring systems 
included HAT, SEDAN, SPAN-100, THRIVE, MSS, and 
SITS. All of them showed that their proposed ML model 
outperformed the scoring systems. Particularly notable was 
the study by Chung et al. [32], where their method achieved 
an AUC of 0.94 compared to the best-performing scoring 
system, SITS, which scored 0.65. Figure 2 illustrates a 
graphical depiction of these comparisons.

Ru et al. [16] incorporated both non-contrast CT (NCCT) 
and clinical information, Chung et al. [32] and Xu et al. [28] 
developed their models only on clinical information, and 
Bentley et al. [19] solely relied on NCCT as input.

Study‑level performance

Across the analyzed studies, ensemble and advanced ML 
techniques, particularly RF and GB, exhibited outstanding 
performance. In a recent study by Heo et al., the GB model 
utilizing radiomics features achieved an impressive AUC 
of 0.98 [23]. Noteworthy results were also reported by Ren 
et al. [24] who achieved an AUC of 0.94 with GB using 
a combination of clinical and radiomics features, while Li 
et al. [26] demonstrated an AUC of 0.95 with the same algo-
rithm but applied to different laboratory findings. Further-
more, Cui et al. [30] identified Extreme GB (XGB) as the 
top-performing model, achieving an AUC of 0.91.

DL approaches, particularly those incorporating CNNs 
and attention mechanisms, showed promising results. Ru 
et al. [16] developed weakly-supervised DL (WSDL), a 
model integrating a pre-trained CNN with attention-based EV
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pooling, achieving an AUC of 0.8. Heo et al. [25] utilized 
a 3D CNN, obtaining an AUC of 0.91. Jiang et al. [15] and 
Wang et al. [21] explored novel neural network architec-
tures, though with varying degrees of success, highlighting 
the potential and challenges of DL methods in this domain.

Studies utilizing traditional ML algorithms revealed a 
broad spectrum of outcomes. For instance, Wen et al. [27] 
and Bonkhoff et al. [12] highlighted the effectiveness of 
LR with L1-regularization, achieving AUCs of 0.87 and 
0.80, respectively. Conversely, Xu et al. [28] found a non-
significant difference between RF and LR performances. 
Notably, Meng et al. [17] and Elsaid et al. [35] reported 
high AUCs (0.91) using RF and GB models.

Ren et al. [24] and Meng et al. [17] consistently found 
that integrating clinical and imaging data as inputs for ML 
models led to improved performance.

Liu et al. [29] presented an interesting finding with their 
SVM model, showing a considerable disparity in perfor-
mance between Caucasian and Chinese patient populations 
(AUC of 0.87 vs. 0.74, respectively).

Table 2 comprehensively presents the specific algo-
rithms utilized within each study, detailing their respective 
inputs and various attributes.

Figure 3 provides a detailed summary of the studies 
included in our review, highlighting key information such 
as sample sizes, countries of origin, publication years, 
best-reported AUC values, and the overall trends observed 
over time.

Table 3 summarizes the key findings, limitations, and 
recommendations for future research of the included stud-
ies in this systematic review.

Discussion

HT, a life-threatening complication after AIS, is an impor-
tant contributor to morbidity and mortality [37]. Predict-
ing the risk of HT at the time of admission can potentially 
assist healthcare providers in enhancing the quality of 
patient care. This predictive capability facilitates more 
informed decision-making. Currently, there are several 
well-established scoring systems designed to predict this 
complication. These systems primarily use clinical and 
imaging features to identify patients who are at increased 
risk [38–42]. However, these traditional scoring systems 
demonstrate only moderate performance in evaluating the 
risk of future HT [6, 43].

This systematic review evaluates the recently developed 
ML/DL models in forecasting HT after AIS. The findings 
from our investigation underscore the promising capability 
of ML and DL techniques in improving the risk estimation 
of HT following an AIS, surpassing conventional scoring 
systems in performance. Integrating clinical and imaging 
data can significantly improve the accuracy of HT predic-
tion models. The model's effectiveness largely relies on 
the imaging methods used, with Meng et al. showing that 
multiparametric MRI techniques yield better predictions 
than single-sequence imaging methods [17].

The employment of radiomics features, which aims to 
extract quantitative and ideally reproducible information 
from diagnostic images, including intricate patterns not 
easily discernible or quantifiable by the human eye, holds 
significant importance as input factors for the development 

Fig. 2   Assessment of proposed 
algorithm performance versus 
traditional scoring systems 
in predicting hemorrhagic 
transformation following acute 
ischemic stroke
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of ML algorithms in this field [44, 45]. As evidenced by 
various studies, the implementation of radiomics features 
on NCCT has shown promising performance. For instance, 
Heo et al. [23] demonstrated a notable improvement in 
model performance with a radiomics-based approach 
compared to models relying solely on clinical factors, 
with the radiomics model achieving nearly doubled per-
formance (AUC of 0.986 vs. 0.544). Furthermore, Huang 
et al. [22] presented compelling results with two models: 
one integrating clinical and radiomics features, yielding 
a performance of 0.9, and another solely based on clini-
cal features, achieving a lower performance of 0.6. These 
findings underscore the potential of incorporating radiom-
ics features into ML frameworks to enhance diagnostic 
accuracy and prognostic capabilities in medical imaging 
analysis. Moreover, the observed superiority of radiomics 
features highlights the effectiveness of ensemble learning 
techniques in handling complex data patterns and optimiz-
ing model performance.

An interesting observation was that LR with the addition 
of LASSO (L1) regularization was able to beat other robust 
algorithms in some studies [12, 27]. This phenomenon sig-
nifies the fact that not always complex models outperform 
simpler ones. As to why LASSO regularization is so effec-
tive, it effectively shrinks the irrelevant coefficients to zero 
thus ‘selecting’ the most informative features [46].

In the study by Liu et al. [29], they tested their devel-
oped SVM model on two diverse populations: Caucasian 
and Chinese patients. They observed that the performance of 

the model in the Caucasian cohort was significantly higher 
than in the Chinese cohort. This finding highlights the neces-
sity of adapting models to accommodate diverse genetic and 
environmental factors, thereby enhancing diagnostic accu-
racy across different ethnicities. The researchers attributed 
the performance disparity to factors such as small sample 
sizes and incomplete data, and they recommended conduct-
ing studies across multiple centers to confirm the results.

The comparative study of various ML models reveals 
distinct advantages and applications of each model in pre-
dicting HT risk. While simpler models like LR and DT are 
easier to understand, they typically underperform compared 
to more sophisticated methods like SVM and XGB.

Contrary to our expectations, the overall performance 
of DL-based methods was unexpectedly underwhelming, 
despite their complexity and recent successes. However, 
XGB and other ensemble DT-based models showcased 
better performance on tabular data, as demonstrated in an 
exploratory study by Grinsztajn et al. [47], a trend that was 
further supported by our review. One plausible explanation 
for this unexpected outcome could be the limited predictive 
cues visible in imaging studies of AIS patients, such as the 
hyperdense artery sign or ischemic changes [48]. However, 
models utilizing both clinical and imaging variables gener-
ally demonstrated improved performance [15, 17, 24]. In this 
theme, we observe that classic ML techniques fall short in 
terms of performance when fed high-dimensional data such 
as data derived from CT imaging [19], whereas CNN-based 
solutions shine in these scenarios [15]. As pointed out by 

Fig. 3   Characteristics of 
included studies
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Grinsztajn et al., ANNs are sensitive to irrelevant inputs, 
while tree-based solutions excel at these situations and are 
often used for this task (e.g., RF for feature selection) [47].

In the context of image processing, DL solutions espe-
cially CNN-based ones have dominated the field for the last 
10 years [49]. It is possible to dodge using DL approaches 
by employing feature extraction methods such as radiom-
ics, however, they tend to be less interpretable. The major 
advantage of CNNs over traditional hand-crafted methods is 
their ability to automatically learn relevant features directly 
from the data. However, this comes with its drawbacks. DL 
solutions, CNNs included, are data-hungry methods, requir-
ing ample amounts of training data if one needs to train them 
from scratch [7]. Unfortunately, in the field of medicine, this 
is a scarcity. Thus, it is often seen those methods such as 
XGB and SVM shine the most with relatively limited data.

Over the years, several methods have been developed to 
increase the transparency of the ML/DL decision-making 
process. One of the most popular ones is Shapley values 
[50]. Xu et al. [28] utilized Shapley values to find the most 
influential factors for HT risk prediction. This method finds 
the most important input features using concepts from coop-
erative game theory. One of the most striking advantages of 
this method is its independence from the underlying predic-
tive algorithm used, however, the caveat is the complexity of 
computing these values. Another method that is commonly 
used in vision models is GradCAM [51]. It uses the gradi-
ent of the classification score concerning some intermediate 
convolutional layers and effectively highlights the most sali-
ent regions in the input image. A significant barrier to the 
practical application of these solutions is their dependence 
on a large number of features, often ranging from dozens to 
hundreds, which can be impractical and expensive to supply.

The simplistic structure of medical data, such as binary 
indicators for diseases and basic age metrics, doesn't align 
well with the intricate input requirements of neural net-
works. This leads to a poor reflection of the actual biological 
diversity. Binary values for complex conditions like type 2 
diabetes or hypertension reduce nuanced medical states to 
a mere ‘1’ or ‘0’, missing their broader biological effects. 
Similarly, linear age representation fails to mirror the non-
linear nature of biological aging, overlooking the varied 
changes that occur at different life stages.

The success of DL, particularly in vision and language 
processing, is largely due to the vast availability of 'raw' 
data. Unlike traditional ML methods, DL operates in latent 
spaces, turning raw data into meaningful numerical forms. 
This shift became notable as neural networks grew more 
complex. In medical imaging, this success is due to the 
abundance of raw data available. For DL to be effectively 
used in healthcare, there needs to be a significant accu-
mulation of diverse, unprocessed medical data, including 
images, physiological signals, and sensor data. Without such 

datasets, traditional ML techniques like RF and SVM will 
remain prevalent.

The accurate prediction of HT following AIS is para-
mount for guiding clinical decision-making and optimizing 
patient outcomes. In our study, GB demonstrated superior 
performance among all evaluated ML algorithms, achiev-
ing a median AUC of 0.91. This was followed by RF, LR, 
and SVM, which attained AUCs of 0.83, 0.77, and 0.76, 
respectively. Among the neural network models, CNNs had 
the best performance with a median AUC of 0.91, indicat-
ing comparable efficacy to GB. Furthermore, our evaluation 
revealed that in all studies where ML models were compared 
to traditional scoring systems, the ML models consistently 
exhibited superior performance. This suggests a significant 
advantage of utilizing advanced ML techniques over con-
ventional methods.

The superior performance of certain ML and DL models, 
particularly those incorporating both clinical and imaging 
variables, underscores their potential utility as adjunctive 
tools for clinicians. Implementation of these advanced pre-
dictive models could facilitate early identification of patients 
at heightened risk of HT, enabling timely interventions and 
personalized treatment strategies to mitigate this critical 
complication and improve prognosis. Thus, this systematic 
review not only contributes to the scientific understanding 
of HT prediction models but also has tangible implications 
for improving patient care and outcomes in AIS manage-
ment. Creating user-friendly Clinical Decision Support Sys-
tems (CDSS) and integrating ML/DL models into hospital 
systems could enhance the efficiency and reach of stroke 
care, particularly in less-equipped areas, thereby narrowing 
the gap in healthcare delivery. However, widespread clini-
cal adoption faces challenges like ensuring the models' rel-
evance for diverse populations, demystifying complex ML 
techniques, and avoiding overfitting through careful model 
selection and validation. Moreover, effectively integrating 
these technologies into daily medical practices is crucial, 
which involves simplifying data entry, continuously updat-
ing the models, and developing accessible interfaces for 
healthcare professionals.

In this systematic review, a major limitation was the sig-
nificant diversity among the models studied and their input 
variables, which made a meta-analysis impractical. None-
theless, despite this limitation, we were able to draw mean-
ingful conclusions by comparing various models with each 
other and with conventional scoring systems and illustrating 
a clear visualization of the developed models.

The reviewed studies also had several limitations, includ-
ing small sample size and retrospective design which poten-
tially increase selection bias and affect the generalizability. 
Methodological issues, such as the use of specific algorithms 
like K-nearest Neighbor (KNN) for missing data and lim-
ited radiomics analysis, reduced the depth of the studies. 
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Furthermore, the majority of studies were single-center 
studies with few HT cases introduced biases and limited 
the research scope. Technical and diversity limitations also 
hindered the models' predictive accuracy and applicability 
across various populations.

To enhance the precision and versatility of predictive 
models, future research should integrate larger, diverse sam-
ple sizes and adopt prospective, multicenter study designs to 
capture a wide range of clinical scenarios and patient demo-
graphics. Incorporating diverse ethnicities is essential to 
address population heterogeneity and reduce biases. Efforts 
should focus on integrating multimodal data while standard-
izing imaging protocols to ensure consistency and repro-
ducibility. Enhancing model transparency through explain-
able AI (XAI) techniques will improve interpretability and 
trust. Rigorous validation using comprehensive performance 
metrics is also crucial. These strategies will significantly 
improve the performance, applicability, and reliability of 
ML and DL models in clinical practice.
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