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Abstract:
OBJECTIVES: Hemorrhagic transformation (HT) is significantly related to poor neurological outcomes 
and mortality. Although variables and models that predict HT have been reported in the literature, 
the need for a model with high diagnostic performance continues. We aimed to propose a model that 
can accurately predict symptomatic HT within 7 days of acute ischemic stroke (AIS).
METHODS: Patients with AIS admitted to the emergency department of a tertiary training and research 
hospital between November 07, 2021, and August 26, 2022, were included in this single‑center 
retrospective study. For the model, binary logistics with the forced‑entry method was used and 
the model was validated with 3‑fold cross‑validation. After the final model was created, the optimal 
cutoff point was determined with Youden’s index. Another cut‑off point was determined at which the 
sensitivity was the highest.
RESULTS: The mean age of the 423 patients included in the study was 70 (60–81) and 53.7% (n = 227) 
of the patients were male. Symptomatic HT was present in 31 (7.3%) patients. Mechanical 
thrombectomy, atrial fibrillation, and diabetes mellitus were the independent predictors (P < 0.001, 
P = 0.003, P = 0.006, respectively). The mean area under the curve of the receiver operating 
characteristics of the model was 0.916 (95% confidence interval [CI] = 0.876–0.957). The sensitivity 
for the optimal cut‑off point was 90.3% (95% CI = 74.3%–97.9%) and specificity was 80.6% (95% 
CI = 76.4%–84.4%). For the second cutoff point where the sensitivity was 100%, the specificity was 
60.5% (95% CI = 55.4%–65.3%).
CONCLUSION: The diagnostic performance of our model was satisfactory and it seems to be 
promising for symptomatic HT. External validation studies are required to implement our results 
into clinical use.
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Introduction

With the introduction of the systematic 
approach in the treatment of 
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ischemic stroke, the mortality of the patients decreased 
significantly and the focus of current studies has shifted 
toward the complications of stroke rather than the 
mortality.[1‑3] Poststroke intracranial hemorrhage, also 
known as hemorrhagic transformation (HT), is reported 
to occur in approximately 1.8% of these patients and is 
the most important cause of nonfavorable outcomes 
and in‑hospital mortality.[2] Therefore, predicting HT in 
ischemic stroke patients is crucial for preventing both 
mortality and morbidity.

Many studies have achieved significant results in 
predicting HT, in ischemic stroke patients as a whole, 
or in the subgroups of patients undergoing mechanical 
thrombectomy or intravenous tissue plasminogen 
activators (IV rtPA). Various prediction models have 
been described over time, which were created with 
predictors selected from patient histories, clinical 
features, imaging characteristics, laboratory results, 
and demographic features.[3‑13] However, the diagnostic 
performance of these models could not reach the desired 
level and the area under the curve (AUC) of the receiver 
operating characteristics (ROC) analysis in most of the 
studies ranged from 0.550 to 0.850.[2‑10,13] Therefore, the 
need for a high‑performing and robust diagnostic tool 
still continues.[2]

Regarding this demand, the primary outcome of this 
retrospective study is to propose a regression model with 
high diagnostic performance to predict symptomatic 
HT in patients diagnosed with acute ischemic stroke in 
emergency medicine settings.

Methods

Study setting
This retrospective cohort study was conducted in the 
emergency medicine department of Umraniye Training 
and Research Hospita (reducted due to blinding). Our 
emergency medicine department has a capacity of 
600000 patients annually and serves as a stroke center. 
This study is carried out after the approval of the 
local review board (stands for Umraniye Training and 
Research Hospital Ethical Committee reducted due to 
blinding, 20.12.2021, E‑54132726‑000‑27300).

In our hospital, the stroke team which consists of 
emergency medicine, neurology, and interventional 
radiology physicians, is alerted for every patient 
suspected of stroke, and these patients are managed in a 
multidisciplinary manner according to the Guidelines for 
the Early Management of Patients With Acute Ischemic 
Stroke: 2019 Update.[14]

Study population
Patients older than 18 years of age with a diagnosis of 
acute ischemic stroke between the dates November 07, 
2021 and August 26, 2022, were included in the study. 
Patients with trauma, who refused the treatment, and 
with missing outcome information were excluded from 
the study.

Definitions and the selection of the potential 
predictors
Symptomatic HT is defined as any HT accompanied 
with an increase of at least 4 points in total National 
Institutes of Health Stroke Scale (NIHSS), an increase of 
at least 2 points in a single NIHSS category, or intubation, 
mortality, hemicraniectomy, or external ventricular 
drain placement.[15,16] Patients with symptomatic HT 
within the first 7 days after admission were considered 
as positive events.

A literature review was performed in PubMed with the 
MESH terms specified in the Supplementary Material 
to identify the potential predictors for HT after ischemic 
stroke. Variables reported to be significant for any 
hemorrhage outcome in these studies were noted, 
and the potential predictors that could be collected 
retrospectively were included in the study.

Study protocol
The diagnosis of acute ischemic stroke was made based on 

Box‑ED section
What is already known on the study topic?
• Intracranial hemorrhage after acute ischemic stroke, 

also known as hemorrhagic transformation (HT), 
is reported to occur in approximately 1.8% of 
ischemic stroke patients. HT is reported to be the 
most important cause of nonfavorable outcomes in 
patients with acute ischemic stroke.

What is the conflict on the issue? Has it 
importance for readers?
• Risk‑stratifying models have been described 

to predict the various adverse outcomes in 
patients with acute ischemic stroke. However, the 
performances of these models are often reported 
to be insufficient.

How is this study structured?
• This is a retrospective cohort study.
What does this study tell us?
• Predictors such as administration of mechanical 

thrombectomy, history of atrial fibrillation or 
diabetes mellitus, and white blood cell count can 
be used to derive high‑performing models for 
predicting 7‑day symptomatic HT.

• Our model can be used as a tool for selecting 
patients with high risk and can aid clinicians to 
decide further treatment options and the need for 
monitorization.
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evidence of acute ischemia and the absence of hemorrhage 
on contrast‑enhanced brain computed tomography 
angiography or diffusion magnetic resonance imaging. 
The diagnostic process of the potential stroke patients 
was carried out by the stroke team collectively.

In our hospital, the diagnosis and treatment processes of 
acute ischemic stroke patients are carried out according 
to the “Guidelines for the Early Management of Patients 
with Acute Ischemic Stroke: 2019 Update” published by 
the American Heart Association in 2019. Accordingly, 
patients who were candidates for recombinant tissue 
plasminogen activator administration received rTPA up 
to 4.5 hours after symptom onset.[14]

After hospitalization, stroke patients underwent a 
control brain CT for HT only in case of worsening in 
consciousness (increase of at least 4 points in total NIHSS 
or an increase of at least 2 points in a single NIHSS 
category) or vital follow‑up. Routine control CT was 
not performed in the patients who did not have any 
worsening in their follow‑up. Even if HT developed in 
these patients, they were not considered as symptomatic 
HT. Patients whose condition worsened during 
follow‑up and died before CT was performed were 
accepted as symptomatic HT, as in previous studies.[15,16]

After applying the inclusion and exclusion criteria, 
a univariate analysis was performed. Afterward, the 
generalizability of the logistic regression method and 
the possibility of overfitting were tested with 3‑fold 
cross‑validation. After summarizing the cross‑validation 
results, a regression model was proposed with the 
selected predictors of all patients, and the diagnostic 
performance of the final model was reported. The flow 
chart of the study method is summarized in Figure 1.

Statistical analysis
SPSS (IBM Corp. Released 2019 IBM SPSS Statistics 
for Windows, version 29.0. Armonk, NY, USA: IBM 
Corp) program was used for the statistical analysis of 
the data. Categorical data were expressed as frequency 
and percentage and Chi‑square was used for pairwise 
comparisons. Shapiro–Wilk test was used to determine 
the distribution of continuous data. All of the continuous 
data had nonnormal distribution and were expressed 
as median (25% to 75% percentile). For the pairwise 
comparison of the continuous data, the Mann–Whitney 
U‑test was used.

In the literature, it has been stated that the number 
of predictors that should be included in the logistic 
regression model, especially for sensitivity studies, can 
be calculated according to the “5‑9 events per predictor” 
formula.[17] According to this reference, we determined 
the to include four predictors in our model.

For the selection of the predictors, variables that had a 
P < 0.05 were included in the regression model with the 
forced entry method. The first four predictors which had 
the highest Wald statistics were included in the model.

Afterward, 3‑fold cross‑validation was applied to test 
the generalizability of this method and the possibility of 
overfitting. The dataset was divided into three equal folds. 
The model, which was trained with two folds at a time, 
was validated with the remaining fold. Thus, each fold 
was used for training and for validation. Cross‑validation 
results were evaluated with the ROC test, reporting AUC 
results and accuracy. After the cross‑validation, the final 
model was created using the same logistic regression 
method with the selected predictors of all patients. 
Multicollinearity was checked and the assumption of 
goodness of fit was tested with Hosmer–Lemeshow. The 
β‑coefficients, Wald statistics, P values, and odds ratios of 
the variables in the regression model were summarized. 
AUC was calculated for the final model and the diagnostic 
test performance measures were summarized. An optimal 
cutoff value was set where the sum of the sensitivity and 
the specificity was the highest, using Youden’s index. 
Two additional cutoff values were defined for 100% 
sensitivity and for relatively balanced performance.

Outcome measures
The primary outcome of the study is to propose a 
regression model with high diagnostic performance 
to predict the development of symptomatic HT within 

Figure 1: Patient flow chart and the summary of the method
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7 days in patients diagnosed with acute ischemic stroke, 
in emergency settings.

Results

Basic characteristics
A total of 452 patients were diagnosed with acute 
ischemic stroke. Of those patients, 23 were excluded 
due to missing outcome variable, 3 due to trauma, and 
3 due to refusal of treatment, and 423 patients were 
included in the final analysis [Figure 1]. The median age 
of the patients was 70 (60 to 81) and 227 (53.7%) patients 
were male. Twenty‑eight (6.6%) patients were eligible 
for IV rtPA and 72 (17%) were eligible for mechanical 
thrombectomy. Thirty‑one (7.3%) patients were positive 
for the outcome variable, HT, and 37 (8.7%) patients had 
in‑hospital mortality [Table 1].

Univariate analysis
In the univariate analysis, age, white blood cell count, 
history of atrial fibrillation, history of congestive heart 
failure, anterior circulation infarction, IV rtPA, and 
mechanical thrombectomy were significantly higher and 
duration between the symptom onset to treatment and 
history of diabetes mellitus were significantly lower in 
the HT group (P = 0.046, P = 0.017, P = 0.002, P = 0.005, 
P = 0.024, P = 0.011, P < 0.001, P = 0.009, P = 0.003, 
respectively) [Table 1].

Cross‑validation
For folds 1, 2, and 3, the AUC values of the models 
generated with the training cohort were calculated 
as 0.934 (0.889 to 0.978), 0.913 (0.860 to 0.967), and 
0.902 (0.846 to 0.958), respectively. The AUC values of 
these regression functions when applied to the validation 
cohorts were 0.863 (0.757–0.969), 0.914 (0.843–0.985), and 
0.945 (0.898–0.992). The mean AUC values of the training 
folds were 0.916 (0.876–0.957) and the validation folds 
were 0.907 (0.804–1.000). Those results were found to be 
consistent and summarized in Table 2.

Regression model
In the results of the preliminary analysis, the assumption 
of multicollinearity was met (tolerance >0.1 for all 
predictors) and no strong correlation was detected 
between any of the predictors. Standardized residuals 
indicated that there were 9 outliers but Cook’s distances 
for all of the outliers were <1 so none of the cases were 
excluded from the model. The assumption of goodness 
of fit was met (Hosmer–Lemeshow, P = 0.283). The 
regression model was able to correctly classify 93.4% of 
all the cases (n = 432, P < 0.001) and was able to explain 
43.1% of all the variance (Nagelkerke R2 = 0.431).

Mechanical thrombectomy, atrial fibrillation, and diabetes 
mellitus were found to be independent predictors 
of HT (P < 0.001, P = 0.003, P = 0.006, respectively). 

Table 1: Basic characteristics of the study population and the univariate analysis
All patients HT (−) HT (+) P

Age 70 (60–81) 70 (59–80) 80 (63–85) 0.046
Gender (male) (%) 227 (53.7) 215 (54.8) 12 (38.7) 0.083
Symptom onset to treatment (hours) 6 (2–12) 6 (2–12) 4 (1–8) 0.009
Systolic BP (mmHg) 151 (131–171) 151 (131–171) 150 (137–180) 0.378
Diastolic BP (mmHg) 80 (71–92) 80 (70–92) 85 (73–100) 0.092
mAP (mmHg) 104 (93–117) 104 (93–116) 109 (98–123) 0.158
Pulse (bpm) 81 (74–88) 81 (73–88) 84 (78–93) 0.116
SpO2 (%) 96 (95–98) 96 (95–98) 95 (93–98) 0.067
Blood urea nitrogen (mg/dl) 37 (30–47) 37 (29–47) 41 (32–58) 0.092
Creatinine (mg/dl) 0.9 (0.7–1.1) 0.9 (0.7–1.1) 0.9 (0.7–1.1) 0.569
White blood cell (103/µL) 8.3 (7–10.4) 8.2 (7–10.3) 9.3 (7.7–11.1) 0.017
Hemoglobin (g/dl) 13.1 (11.7–14.3) 13.1 (11.7–14.4) 13.5 (12.1–13.9) 0.701
Platelet (103/µL) 241 (200–300) 241 (201–300) 232 (178–285) 0.463
Diabetes mellitus (%) 175 (41.4) 170 (43.4) 5 (16.1) 0.003
Hypertension (%) 309 (73) 287 (73.2) 22 (71) 0.786
Atrial fibrillation (%) 86 (20.3) 73 (18.6) 13 (41.9) 0.002
Stroke history (%) 105 (24.8) 98 (25) 7 (22.6) 0.764
Coronary artery disease (%) 126 (29.8) 119 (30.4) 7 (22.6) 0.362
Congestive heart failure (%) 40 (9.5) 32 (8.2) 8 (25.8) 0.005
Chronic renal failure (%) 19 (4.5) 19 (4.8) 0 (0) 0.228
IV rtPA (%) 28 (6.6) 22 (5.6) 6 (19.4) 0.011
Mechanical thrombectomy (%) 72 (17) 48 (12.2) 24 (77.4) <0.001
Anterior circulation infarction (%) 261 (61.7) 236 (60.2) 25 (80.6) 0.024
HT (%) 31 (7.3) NA NA NA
In‑hospital mortality (%) 37 (8.7) 20 (5.1) 17 (54.8) <0.001
HT: Hemorrhagic transformation, mAP: Mean arterial pressure, IV rtPA: Intravenous recombinant tissue plasminogen activator, BP: Blood pressure
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The variable that contributed the most to the model 
was found to be mechanical thrombectomy (Wald 
statistics = 44.944). Results of the regression model were 
summarized in Table 3.

The AUC of the final model for predicting HT in patients 
with acute ischemic stroke was 0.917 (95% CI = 0.876–
0.959, P < 0.001) [Figure 2]. Setting the optimal cutoff 
value as −1.1633, where the sum of the sensitivity and 
specificity of the regression function is the highest, 
the model’s sensitivity was 90.3% (74.3%–97.9%), 
specificity was 80.6% (76.4% to 84.4%), and accuracy 
was 81.3% (77.3%–84.9%). A second cutoff value was 
set (−2.39) for 100% sensitivity at the specificity of 

60.5% (95% CI = (55.4%–65.3%) and the accuracy was 
63.36% (58.57%–67.96%). The third cutoff value was 
defined (1.5139) for a specificity dominant performance, 
where the sensitivity was 25.8% (11.9%–44.6%), the 
specificity was 98.7% (97.1%–99.6%), and the accuracy 
was 93.38% (90.57%–95.56%). The diagnostic test 
performances of the regression model for these cutoff 
values are summarized in Table 4.

Discussion

We found that the AUC value and diagnostic performance 
of our final model, which we proposed to predict 
symptomatic HT within 7 days in acute ischemic stroke 
patients resulted quite well. The regression function of 
our model showed good discrimination at the optimal 
cut‑off value with high sensitivity and moderate‑high 
specificity. Moreover, at a sensitivity of 100%, our model 
had a considerable specificity. These results indicate that 
our regression model can be used as a screening tool 
to predict symptomatic HT within 7 days in patients 
with acute ischemic stroke. In addition, the consistency 
we observed in the AUC values and accuracies in the 
cross‑validation indicates the overall generalizability of 
our method and that there is no critical overfitting risk 
in our model.

One of the most recent studies by Bonkhoff et al. 
proposed a series of prediction models derived from 
approximately 75,000 patients retrospectively. The study 
reported that the different models, derived using various 
classifiers, had an AUC of 0.780–0.800 for secondary 
intracerebral hemorrhage.[3] In this study, for the logistic 
regression model, the backward stepwise method was 
utilized. The most valuable predictor was reported to 
be the administration of thrombolysis. Although many 
predictors could be included in this model due to the 
large number of events in this study, we had a more 

Table 2: Summary of the results of 3‑fold cross‑validation
Training Validation

AUC (95% CI) Accuracy (95% CI) AUC (95% CI) Accuracy (95% CI)
Fold 1 0.934 (0.889–0.978) 93.3 (89.7–95.9) 0.863 (0.757–0.969) 93.6 (88.2–97)
Fold 2 0.913 (0.860–0.967) 94.7 (91.4–97) 0.914 (0.843–0.985) 91.5 (85.6–95.5)
Fold 3 0.902 (0.846–0.958) 92.6 (88.8–95.3) 0.945 (0.898–0.992) 95 (90–98)
Mean 0.916 (0.876–0.957) 93.5 (90.9–96.2) 0.907 (0.804–1.000) 93.4 (89–97.7)
AUC: Area under the curve, CI: Confidence interval

Table 3: Results of the regression model in predicting hemorrhagic transformation
β‑coefficients Wald statistics P OR 95% CI

Mechanical thrombectomy* 3.296 44.944 <0.001 27.02 10.31–70.83
Atrial fibrillation* 1.494 9.031 0.003 4.45 1.68–11.8
Diabetes Mellitus* −1.571 7.557 0.006 0.21 0.07–0.64
White blood cell (103/µL) 0.116 3.058 0.080 1.12 0.99–1.28
Constant (intercept) −3.427 25.843 <0.001 0.032 NA
*RF =−3.427 + (mechanical thrombectomy×3.296) + (diabetes mellitus × −1.571) + (atrial fibrillation×1.494) + (white blood cell×0.116), *β‑Coefficients to be 
multiplied with 1 if present, 0 if absent for nominal variables. OR: Odds ratio, CI: Confidence interval, RF: Regression function

Figure 2: Receiver operating characteristics curve of the final regression model
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limited choice in our model. Therefore, although there 
was a significant difference between the groups in the 
univariable analysis, thrombolysis did not significantly 
contribute to our model.

In the literature, there have been many proposed 
models examining the same outcome; however, their 
performance has rarely reached the desired accuracy. 
In particular, older studies have been found to have 
somewhat low performance.[4‑10,13] In addition to the high 
AUC value of our model, its sensitivity and negative 
likelihood ratio were good enough to be used as a 
successful screening tool. Furthermore, the variables in 
our model (diabetes, atrial fibrillation, thrombectomy, 
and white blood cell count) enhance its applicability 
not only in the emergency department but also in other 
services and intensive care units, as they can be easily 
obtained. Due to the nature of the emergency room 
setting where our study was conducted, we were unable 
to examine variables such as Low density lipoprotein or 
Hemoglobin A1c (LDL or HbA1c), which were found 
to be valuable predictors in previous studies.[12] As a 
result, we were unable to assess the contribution of these 
variables to our model.

Although our model can be used to predict the possibility 
of symptomatic HT after acute ischemic stroke, it does 
not justify the decision to withhold thrombectomy 
or IV rtPA treatment, because the efficiency of these 
procedures outweighs the potential risk of complications. 
In addition, it has been emphasized that the patients who 
are most likely to benefit from IV rtPA treatment are 
also those with the highest risk of HT.[18] However, it can 
provide measures such as closer follow‑up, better blood 
pressure monitoring, and performing more frequent 
brain computed tomography in these selected patients. 
Moreover, the high negative predictive value of our 
model can be used as a guide for transferring the selected 
patients to the ward follow‑up from the intensive care 
unit sooner and help the health‑care providers with the 
decision‑making process.

There are a few studies that report a model with high 
performance in this outcome. One of the most recent 

studies by Wei et al. proposed a model (SHAIS score) 
with five predictors consisting of patient history and 
imaging characteristics and found the AUC value of the 
model to be 0.890 for overall HT.[11] The predictors in the 
model were listed as history of atrial fibrillation, NIHSS, 
hypodensity greater than 1/3 in the middle cerebral 
artery territory, hyperdense artery sign, and anterior 
circulation infarction. The sensitivity and specificity 
were reported to be 70.3% and 87.5%, respectively. The 
authors have indicated that the SHAIS score performed 
better than six other previous models. However, it can 
be said that this study has critical limitations because 
it was conducted only on Chinese patients where the 
treatment of stroke was not performed in accordance 
with the current guidelines and was combined with 
Chinese medicine. Despite all these limitations, it would 
be safe to note that this model is promising.

Another recent study by Chung et al. has proposed a 
model using artificial neural networks, an advanced 
machine‑learning method that is just beginning to make 
its debut in clinical practice.[12] In this model, using only 
five predictors (diastolic blood pressure, low‑density 
lipoprotein, history of hyperlipidemia, history of atrial 
fibrillation, and history of heart disease), the authors 
have achieved an impressive AUC of 0.941, with 85.7% 
sensitivity, and 92.5% specificity. In addition, 5‑fold 
cross‑validation results have been reported quite 
consistent. Despite these positive aspects, this model has 
not yet been validated by other researchers.

The study population of almost every prediction model 
in the literature for HT after stroke is limited only to 
the subgroups of patients who underwent mechanical 
thrombectomy or IV rTPA. However, we did not choose 
such a subgroup when generating this model because 
we wanted to test the effect of these variables on 
symptomatic HT, and we thought that the presence of 
many factors affecting the application of thrombectomy 
or administration of IV rtPA could potentially cause a 
selection bias. Mechanical thrombectomy appeared as 
the variable that contributed the most to the model in our 
study, indicating that including this variable in future 
models is critical.

Table 4: Diagnostic performance of the regression model for different cutoff values
95% CI

RF* cut‑off=−1.1633 RF* cut‑off=−2.39 RF* cut‑off=1.5139
Sensitivity 90.3 (74.3–97.9) 100 (88.8–100) 25.8 (11.9–44.6)
Specificity 80.6 (76.4–84.4) 60.5 (55.4–65.3) 98.7 (97.1–99.6)
PLR 4.66 (3.69–5.88) 2.53 (2.24–2.86) 20.23 (7.04–58.15)
NLR 0.12 (0.04–0.35) 0 0.75 (0.61–0.92)
PPV 26.9 (22.6–31.7) 16.67 (15.04–18.44) 61.54 (35.76–82.14)
NPV 99.1 (97.3–99.7) 100 94.39 (93.18–95.39)
Accuracy 81.3 (77.3–84.9) 63.36 (58.57–67.96) 93.38 (90.57–95.56)
*RF=−3.427 + (mechanical thrombectomy × 3.296) + (diabetes mellitus × −1.571) + (atrial fibrillation × 1.494) + (white blood cell × 0.116). PLR: Positive likelihood 
ratio, PPV: Positive predictive value, NLR: Negative likelihood ratio, NPV: Negative predictive value, RF: Regression function, CI: Confidence interval
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Limitations
There are a number of limitations to our study. First, 
the retrospective nature of our study and patients with 
missing outcome data may have caused a potential 
selection bias. In addition, although the logistic regression 
as a method of choice was found to be generalizable 
for this outcome and for our dataset according to the 
cross‑validation results, the single‑center nature of our 
study poses a question mark on the generalizability of 
this model in other populations. Therefore, our model 
needs to be validated externally in different patient 
cohorts.

Although our model showed a fairly high AUC in 
ROC analysis, it has failed to classify nine outliers at 
the optimal cutoff value. We did not mention it in the 
results section to keep the manuscript brief, but it may be 
useful to declare that we tried many logistic regression 
methods, including the stepwise and hierarchical 
methods, to classify these nine cases correctly, but a 
misclassification problem arose in the same patients 
with every method. To overcome this problem, we have 
determined a secondary and a tertiary cutoff value for 
higher sensitivity at the expense of decreased specificity 
and accuracy. To solve this classification problem 
effectively, it can be considered to use more advanced 
classifiers (for example, artificial neural networks, deep 
learning, or support vector machine) that can more 
accurately identify the complex relationship between 
the predictors and the outcome.

At the beginning of our study, we determined the aim of 
the use of this model to predict the risk of symptomatic 
HT in all stroke patients with or without rTPA or with 
or without thrombectomy. However, we wanted to point 
out that this may have caused a confounding factor, 
as rTPA administration increases the risk of bleeding 
significantly as stated in the literature.

Conclusion

There is still a need for a model in the literature to predict 
symptomatic HT with high performance in patients 
diagnosed with acute ischemic stroke. The model we 
proposed can play an effective role in the selection of 
these patients and is one of the highest‑performing 
models in the literature. To make a stronger emphasis, 
our model needs to be validated in different patient 
cohorts.
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