DAFTAR PUSTAKA

Donkor ES. Stroke in the 21st Century: A Snapshot of the Burden,
Epidemiology, and Quality of Life. Stroke Research and Treatment; 2018.
Epub ahead of print 2018. DOI: 10.1155/2018/3238165.
Venketasubramanian N, Yoon BW, Pandian J, et al. Stroke epidemiology
in south, east, and south-east asia: A review. Journal of Stroke 2017; 19:
286— 294.

Hong JM, Kim DS, Kim M. Hemorrhagic Transformation After Ischemic
Stroke: Mechanisms and Management. Frontiers in Neurology; 12. Epub
ahead of print 30 November 2021. DOI: 10.3389/fneur.2021.703258.
Chen G, Anxin W, Xingquan Z, et al. Frequency and risk factors of
spontaneous hemorrhagic transformation following ischemic stroke on the
initial brain CT or MRI: data from the China National Stroke Registry
(CNSR). Neurol Res 2016; 38: 538-544.

Hilkens NA, Algra A, Greving JP. Prediction models for intracranial
hemorrhage or major bleeding in patients on antiplatelet therapy: A
systematic review and external validation study. Journal of Thrombosis
and Haemostasis 2016; 14: 167-174.

Shao QY, Wang ZJ, Ma XT, et al. Stroke of antiplatelet and anticoagulant
therapy in patients with coronary artery disease: a meta-analysis of
randomized controlled trials. BMC Cardiovasc Disord; 21. Epub ahead of
print 1 December 2021. DOI: 10.1186/s12872-021-02384-w.

Thomas SE, Plumber N, Venkatapathappa P, et al. A Review of Risk
Factors and Predictors for Hemorrhagic Transformation in Patients with
Acute Ischemic Stroke. International Journal of Vascular Medicine; 2021.
Epub ahead of print 2021. DOI: 10.1155/2021/4244267.

Fouad Zakaria M, Abdelnasser Abdelaziz A, Abdullah YA, et al. THE RISK
OF CEREBRAL MICROBLEEDS IN ISCHEMIC STROKE PATIENTS
USING ANTIPLATELET THERAPIES. 2021.



10.

11.

12.

13.

14.

15.

16.

Liu J, Tao W, Wang Z, et al. Radiomics-based prediction of hemorrhage
expansion among patients with thrombolysis/thrombectomy related-
hemorrhagic transformation using machine learning. Ther Adv Neurol
Disord; 14. Epub ahead of print 1 November 2021. DOI:
10.1177/17562864211060029.

Dierksen F, Sommer JK, Tran AT, et al. Machine Learning Models for 3-
Month Outcome Prediction Using Radiomics of Intracerebral Hemorrhage
and Perihematomal Edema from Admission Head Computed Tomography
(CT). Diagnostics; 14. Epub ahead of print 1 December 2024. DOI:
10.3390/diagnostics14242827.

Gong C, Liu Y, Ma W, et al. The value of radiomics-based hyperdense
middle cerebral artery sign in predicting hemorrhagic transformation in
acute ischemic stroke patients undergoing endovascular treatment. Front
Neurol;

15. Epub ahead of print 2024. DOI: 10.3389/fneur.2024.1492089.

Hazany S, Nguyen KL, Lee M, et al. Regional Cerebral Small Vessel
Disease (rCSVD) Score: A clinical MRI grading system validated in a stroke
cohort. Journal of Clinical Neuroscience 2022; 105: 131-136.

Issaly M, Zarei D, Kolahi S, et al. Machine learning and deep learning
algorithms in stroke medicine: a systematic review of hemorrhagic
transformation prediction models. Journal of Neurology; 272. Epub ahead
of print 1 January 2025. DOI: 10.1007/s00415-024-12810-6.
LiuH,LiT,Ding Y, etal. Predictive accuracy of an ADC map for hemorrhagic
transformation in acute ischemic stroke patients after successful
recanalization with endovascular therapy. Ann Transl Med 2022; 10: 591—
591.

Sacco RL, Kasner SE, Broderick JP, et al. An updated definition of stroke
for the 21st century: A statement for healthcare professionals from the
American heart association/American stroke association. Stroke 2013; 44:
2064—-2089.

Parmar P. Stroke: classification and diagnosis. Clinical Pharmacist. 2018.

https://www.pharmaceutical-journal.com/learning/cpd-article/stroke-

classification-and-diagnosis/20204150.cpdarticle



17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Kitagawa K. Blood pressure management for secondary stroke prevention.
Hypertension Research 2022; 45: 936—943.

Donkor ES. Stroke in the 21st Century: A Snapshot of the Burden,
Epidemiology, and Quality of Life. Stroke Research and Treatment; 2018.
Epub ahead of print 2018. DOI: 10.1155/2018/3238165.
Venketasubramanian N, Yoon BW, Pandian J, et al. Stroke epidemiology
in south, east, and south-east asia: A review. Journal of Stroke 2017; 19:
286— 294.

Suwanwela NC, Poungvarin N. Stroke burden and stroke care system in
Asia. Neurol India 2016; 64: S46-S51.

Hong JM, Kim DS, Kim M. Hemorrhagic Transformation After Ischemic
Stroke: Mechanisms and Management. Frontiers in Neurology; 12. Epub
ahead of print 30 November 2021. DOI: 10.3389/fneur.2021.703258.
Chen S, Zeng L, Hu Z. Progressing haemorrhagic stroke: categories,
causes, mechanisms and managements. Journal of Neurology 2014; 261:
2061-2078.

An SJ, Kim TJ, Yoon B-W. Epidemiology, Risk Factors, and Clinical
Features of Intracerebral Hemorrhage: An Update. J Stroke 2017; 19: 3—
10.

Magid-Bernstein J, Girard R, Polster S, et al. Cerebral hemorrhage:
Pathophysiology, treatment, and future directions. Circ Res 2022; 130:
1204-1229.

Aronowski J, Zhao X. Molecular Pathophysiology of Cerebral Hemorrhage.
Stroke 2011; 42: 1781-1786.

Fekadu G, Chelkeba L, Kebede A. Risk factors, clinical presentations and
predictors of stroke among adult patients admitted to stroke unit of Jimma
university medical center, south west Ethiopia: prospective observational
study. BMC Neurol 2019; 19: 187.

Kovacs KB, Bencs V, Hudak L, et al. Hemorrhagic Transformation of
Ischemic Strokes. International Journal of Molecular Sciences; 24. Epub
ahead of print 1 September 2023. DOI: 10.3390/ijms241814067.



28.

29.

30.

31.

32.

33.

34.

35.

36.

Sun J, Lam C, Christie L, et al. Risk factors of hemorrhagic
transformation in acute ischaemic stroke: A systematic review and meta-
analysis. Front Neurol; Volume 14-2023,
https://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2023.
1079205 (2023).

Elsaid N, Bigliardi G, DellAcqua ML, et al. Proposal of multimodal
computed tomography-based scoring system in prediction of hemorrhagic
transformation in acute ischemic stroke. Acta Neurol Belg 2023; 123:
1405- 1411.

Park TH, Lee J-K, Park M-S, et al. Neurologic deterioration in patients with
acute ischemic stroke or transient ischemic attack. Neurology 2020; 95:
e2178-e2191.

Gasecki D, Kwarciany M, Kowalczyk K, et al. Blood Pressure Management in
Acute Ischemic Stroke. Curr Hypertens Rep 2020; 23: 3.

Liu J,Wang Y, Jin Y, et al. Prediction of Hemorrhagic Transformation
After Ischemic Stroke: Development and Validation Study of a Novel
Multi- biomarker Model.Front Aging Neurosci; Volume 13-2021,
https://www.frontiersin.org/journals/aging-
neuroscience/articles/10.3389/fnagi.2021.667934 (2021).

ANDRADE JBC de, MOHR JP, LIMA FO, et al. Predictors of hemorrhagic

transformation after acute ischemic stroke based on the experts’ opinion.

Arg Neuropsiquiatr; 78.

Wei C, Liu J, Guo W, et al. Development and Validation of a
Predictive Model for Spontaneous Hemorrhagic Transformation After
Ischemic Stroke. Front Neurol; Volume 12-2021,
https://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2021.
747026 (2021).

Toni D, Fiorelli M, Bastianello S, et al. Hemorrhagic transformation of brain
infarct. Neurology 1996; 46: 341—-345.

Bruno A, Levine SR, Frankel MR, et al. Admission glucose level and
clinical outcomes in the NINDS rt-PA Stroke Trial. Neurology 2002; 59:
669-674.


http://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2023
http://www.frontiersin.org/journals/aging-
http://www.frontiersin.org/journals/aging-
http://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2021

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Afzal B, Ali SA, Jamil B. Association Between Raised HbAlc Levels and
Hemorrhagic Transformation in Patients With Ischemic Stroke. Cureus.
Epub ahead of print 27 November 2021. DOI: 10.7759/cureus.19935.
Zhou H, Wang A, Meng X, et al. Low serum albumin levels predict poor
outcome in patients with acute ischaemic stroke or transient ischaemic
attack. Stroke Vasc Neurol 2021; 6: 458-466.

Nassar MH, Elrefaey AF, Abbas KM, et al. Analysis of predictors of
hemorrhagic transformation after reperfusion therapy with recombinant
tissue plasminogen activator in patients with acute ischemic stroke: a
single- center experience. Egypt J Neurol Psychiatr Neurosurg 2024; 60:
105.

Xu'Y, Li X, Wu D, et al. Machine Learning-Based Model for Prediction of
Hemorrhage Transformation in Acute Ischemic Stroke After Alteplase.
Front Neurol 2022; 13: 897903.

Xu'Y, Li X, Wu D, et al. Machine Learning-Based Model for Prediction of
Hemorrhage Transformation in Acute Ischemic Stroke After Alteplase.
Front Neurol; Volume 13-2022,
https://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2022.
897903 (2022).

Chen CH, Shoamanesh A, Colorado P, et al. Hemorrhagic Transformation
in Noncardioembolic Acute Ischemic Stroke: MRI Analysis from PACIFIC-
STROKE. Stroke 2024; 55: 1477-1488.

Lin MP, Liebeskind DS. Imaging of Ischemic Stroke. CONTINUUM:
Lifelong Learning in Neurology; 22,
https://journals.lww.com/continuum/fulltext/2016/10000/imaging_of_ische
mic_stroke.7.aspx (2016).

Liebeskind DS. Imaging the future of stroke: I. ischemia. Annals of
Neurology 2009; 66: 574-590.

Tong E, Hou Q, Fiebach JB, et al. The role of imaging in acute ischemic
stroke. Neurosurgical Focus FOC 2014; 36: E3.

Srinivasan A, Goyal M, Azri F Al, et al. State-of-the-Art Imaging of Acute
Stroke. RadioGraphics 2006; 26: S75-S95.


http://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2022

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Hakimi R, Garg A. Imaging of Hemorrhagic Stroke. CONTINUUM:
Lifelong Learning in Neurology; 22,
https://journals.lww.com/continuum/fulltext/2016/10000/imaging_of _hemor
rhagic_stroke.8.aspx (2016).

Von Kummer R, Broderick JP, Campbell BCV, et al. The heidelberg
bleeding classification: Classification of bleeding events after ischemic
stroke and reperfusion therapy. Stroke 2015; 46: 2981-2986.

Domingues R, Rossi C, Cordonnier C. Diagnostic Evaluation for
Nontraumatic Intracerebral Hemorrhage. Neurol Clin 2015; 33: 315—-328.
El Nawar R, Yeung J, Labreuche J, et al. Mri-based predictors of
hemorrhagic transformation in patients with stroke treated by intravenous
thrombolysis. Front Neurol; 10. Epub ahead of print 2019. DOI:
10.3389/fneur.2019.00897.

Sutanto R, Murtala B, Muis M, et al. Hemorrhagic transformation and
Regional Cerebral Small Vessel Disease score in acute ischemic stroke
patients. Chin J Acad Radiol 2024; 8: 43—-49.

Wang Y, Yan X, Zhan J, et al. Neuroimaging Markers of Cerebral Small
Vessel Disease on Hemorrhagic Transformation and Functional Outcome
After Intravenous Thrombolysis in Patients With Acute Ischemic Stroke: A
Systematic Review and Meta-Analysis. Frontiers in Aging Neuroscience;
13. Epub ahead of print 13 July 2021. DOI: 10.3389/fnagi.2021.692942.

Chen C-H, Shoamanesh A, Colorado P, et al. Hemorrhagic Transformation
in Noncardioembolic Acute Ischemic Stroke: MRI Analysis From PACIFIC-
STROKE. Stroke 2024; 55: 1477-1488.

Spronk E, Sykes G, Falcione S, et al. Hemorrhagic Transformation in
Ischemic Stroke and the Role of Inflammation. Frontiers in Neurology; 12.
Epub ahead of print 14 May 2021. DOI: 10.3389/fneur.2021.661955.
Rowley HA. The alphabet of imaging in acute stroke does it spell improved
selection and outcome? In: Stroke. Lippincott Williams and Wilkins, 2013.
Epub ahead of print 2013. DOI: 10.1161/STROKEAHA.

Ramos-Cabrer P, Campos F, Sobrino T, et al. Targeting the Ischemic
Penumbra. Stroke 2011; 42: S7-S11.

Wong KK, Cummock JS, Li G, et al. Automatic Segmentation in Acute



58.

59.

60.

61.

62.

63.

64.

Ischemic Stroke: Prognostic Significance of Topological Stroke Volumes
on Stroke Outcome. Stroke 2022; 53: 2896—-2905.

Jablonska M, Sousa JA, Molina M, et al. Abstract 268: Validation of an
automated method to assess 24-hour infarct volume in stroke patients.
Stroke: Vascular and Interventional Neurology 2023; 3: €12823 268.
Rowley HA. The alphabet of imaging in acute stroke does it spell improved
selection and outcome? In: Stroke. Lippincott Williams and Wilkins, 2013.
Epub ahead of print 2013. DOI: 10.1161/STROKEAHA.

Choi JM, Seo SY, Kim PJ, et al. Prediction of hemorrhagic transformation
after ischemic stroke using machine learning. J Pers Med; 11. Epub ahead
of print 1 September 2021. DOI: 10.3390/jpm11090863.

Xu'Y, Li X, Wu D, et al. Machine Learning-Based Model for Prediction of
Hemorrhage Transformation in Acute Ischemic Stroke After Alteplase.
Front Neurol; Volume 13-2022,
https://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2022.
897903 (2022).

Choi JM, Seo SY, Kim PJ, et al. Prediction of hemorrhagic transformation
after ischemic stroke using machine learning. J Pers Med; 11. Epub ahead
of print 1 September 2021. DOI: 10.3390/jpm11090863.
Jiménez-Fernandez E, Sanchez A, Sanchez Pérez EA. Unsupervised
machine learning approach for building composite indicators with fuzzy
metrics. Expert Syst Appl; 200. Epub ahead of print 15 August 2022. DOI:
10.1016/j.eswa.2022.116927.

Chen PY, Chang WL, Hsiao CL, et al. Seasonal Variations in Stroke and
a Comparison of the Predictors of Unfavorable Outcomes among Patients
with Acute Ischemic Stroke and Cardioembolic Stroke. Biomedicines; 12.
Epub ahead of print 1 January 2024. DOI:
10.3390/biomedicines12010223.


http://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2022

65.

66.

67.

68.

69.

70.

71.

72.

Hassan A, Gulzar Ahmad S, Ullah Munir E, et al. Predictive modelling and
identification of key risk factors for stroke using machine learning. Sci Rep;
14. Epub ahead of print 1 December 2024. DOI: 10.1038/s41598-024-
61665-4.

Sabarita Barus E, Halim JE, Yessica S. COMPARATIVE ANALYSIS OF
STROKE CLASSIFICATION USING THE K-NEAREST NEIGHBOR,
DECISION TREE, AND MULTILAYER PERCEPTRON METHODS. Jurnal

Sistem Informasi dan llmu Komputer Prima; 7.

Hendro Martono G, Sulistianingsih N. Knowbase : International Journal of
Knowledge in Database Enhancing Stroke Diagnosis with Machine
Learning and SHAP-Based Explainable Al Models. International Journal
of Knowledge in Database; 04: 189-203.

Vu T, Kokubo Y, Inoue M, et al. Machine Learning Approaches for Stroke
Risk Prediction: Findings from the Suita Study. J Cardiovasc Dev Dis; 11.
Epub ahead of print 1 July 2024. DOI: 10.3390/jcdd11070207.

Darst BF, Malecki KC, Engelman CD. Using recursive feature elimination
in random forest to account for correlated variables in high dimensional
data. BMC Genet; 19. Epub ahead of print 17 September 2018. DOI:
10.1186/s12863-018-0633-8.

Forest D, Yang Y, Wu X, et al. Highlights Feature Selection and
Classification with Penalized Logistic Regression and Ran-Feature
Selection and Classification with Penalized Logistic Regression and
Random Forest, https://ssrn.com/abstract=5046603.

Xie S, Peng S, Zhao L, et al. A comprehensive analysis of stroke risk factors
and development of a predictive model using machine learning
approaches. Mol Genet Genomics 2025; 300: 18.

Truong B, Zheng J, Hornsby L, et al. Development and Validation of
Machine Learning Algorithms to Predict 1-Year Ischemic Stroke and
Bleeding Events in Patients with Atrial Fibrillation and Cancer. Cardiovasc
Toxicol 2024, 24: 365-374.



73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

Schober P, Schwarte LA. Correlation coefficients: Appropriate use and
interpretation. Anesth Analg 2018; 126: 1763—-1768.

Kumar S, Rani P. An Al-based Liver Disease Prediction Model based on
Pearson Correlation Feature Selection Method. Biomedical and
Pharmacology Journal 2024; 17: 2187-2202.

Peng J, Manaenko A, Shu G, et al. OPEN ACCESS EDITED BY Diagnosis
and prognostic value of circDLGAPP in acute ischemic stroke and its
correlation with outcomes.

Chen T, Guestrin C. XGBoost: A scalable tree boosting system. In:
Proceedings of the ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. Association for Computing Machinery, 2016,
pp. 785-794.

Lundberg SM, Erion G, Chen H, et al. From local explanations to global
understanding with explainable Al for trees. Nat Mach Intell 2020; 2: 56—
67.

Wang Y, Zhang Z, Zhang Z, et al. Traditional and machine learning models
for predicting haemorrhagic transformation in ischaemic stroke: a
systematic review and meta-analysis. Syst Rev; 14. Epub ahead of print 1
December 2025. DOI: 10.1186/s13643-025-02771-w.

Jiang F, Jiang Y, Zhi H, et al. Artificial intelligence in healthcare: Past,
present and future. Stroke and Vascular Neurology 2017; 2: 230-243.
Esteva A, Robicquet A, Ramsundar B, et al. A guide to deep learning in
healthcare. Nat Med 2019; 25: 24-29.

Rahayu S, Yamasari Y. Klasifikasi Penyakit Stroke dengan Metode
Support Vector Machine (SVM). Journal of Informatics and Computer
Science; 05.

Koska 10, Selver A. Artificial Intelligence in Stroke Imaging: A
Comprehensive Review. Eurasian Journal of Medicine 2023; 55: 91-97.
Rosado JT, Hernandez AA. Developing a Predictive Model of Stroke using
Support Vector Machine. In: TSSA 2019 - 13th International Conference
on Telecommunication Systems, Services, and Applications, Proceedings.

Institute of Electrical and Electronics Engineers Inc., 2019, pp. 35-40.



84.

85.

86.

87.

88.

89.

90.

91.

92.

Guo K, Zhu B, Zha L, et al. Interpretable prediction of stroke prognosis:
SHAP for SVM and nomogram for logistic regression. Front Neurol; 16.
Epub ahead of print 2025. DOI: 10.3389/fneur.2025.1522868.

Sun K, Shi R, Yu X, et al. Noninvasive imaging biomarker reveals invisible
microscopic variation in acute ischaemic stroke (< 24 h): a multicentre
retrospective study. Sci Rep 2025; 15: 3743.

Griffis JC, Allendorfer JB, Szaflarski JP. Voxel-based Gaussian naive
Bayes classification of ischemic stroke lesions in individual T1-weighted
MRI scans. J Neurosci Methods 2016; 257: 97-108.

Fitri SG, Selsi R, Rustam Z, et al. Naive bayes classifier models for cerebral
infarction classification. In: Journal of Physics: Conference Series. Institute
of Physics Publishing, 2020. Epub ahead of print 9 June 2020. DOI:
10.1088/1742-6596/1490/1/012019.

Rukmawan SH, Aszhari FR, Rustam Z, et al. Cerebral Infarction
Classification Using the K-Nearest Neighbor and Naive Bayes Classifier.
In: Journal of Physics: Conference Series. IOP Publishing Ltd, 2021. Epub
ahead of print 15 February 2021. DOI: 10.1088/1742-
6596/1752/1/012045.

Fernandez-Lozano C, Hervella P, Mato-Abad V, et al. Random forest-
based prediction of stroke outcome. Sci Rep; 11. Epub ahead of print 1
December 2021. DOI: 10.1038/s41598-021-89434-7.

Kumar A, Nelson L. Predicting Stroke Risk Using Random Forest Classifier:
A Healthcare Data Analysis. In: 2025 International Conference on Ambient
Intelligence in Health Care, ICAIHC 2025. Institute of Electrical and
Electronics Engineers Inc., 2025. Epub ahead of print 2025. DOI:
10.1109/ICAIHC64101.2025.10957053.

Wang J, Gong X, Chen H, et al. Causative Classification of Ischemic Stroke
by the Machine Learning Algorithm Random Forests. Front Aging
Neurosci;

14. Epub ahead of print 15 April 2022. DOI: 10.3389/fnagi.2022.788637.

McKinley R, Hani L, Gralla J, et al. Fully automated stroke tissue estimation
using random forest classifiers (FASTER). Journal of Cerebral Blood Flow
and Metabolism 2017; 37: 2728-2741.



93.

94.

95.

96.

97.

98.

99.

100.

101.

SariWJ, Melyani NA, Arrazak F, et al. Performance Comparison of Random
Forest, Support Vector Machine and Neural Network in Health
Classification of Stroke Patients. Public Research Journal of Engineering,
Data Technology and Computer Science 2024; 2: 34-43.

Yunus RE, Harris S, Sidipratomo P, et al. Stroke Prognostication in Patients
Treated with Thrombolysis Using Random Forest. Open Neuroimag J; 17.
Epub ahead of print 6 June 2024. DOl:
10.2174/0118744400298093240520070257.

Saragih GS, Rustam Z, Aldila D, et al. Ischemic Stroke Classification using
Random Forests Based on Feature Extraction of Convolutional Neural
Networks. 10.

Axford D, Sohel F, Abedi V, et al. Development and internal validation of
machine learning-based models and external validation of existing risk
scores for outcome prediction in patients with ischaemic stroke. European
Heart Journal - Digital Health 2024; 5: 109-122.

Ramspek CL, Jager KJ, Dekker FW, et al. External validation of prognostic
models: What, why, how, when and where? Clinical Kidney Journal 2021;
14: 49-58.

Wang W, Otieno JA, Eriksson M, et al. Developing and externally validating
a machine learning risk prediction model for 30-day mortality after stroke
using national stroke registers in the UK and Sweden. BMJ Open; 13. Epub
ahead of print 15 November 2023. DOI: 10.1136/bmjopen-2022-069811.
Liang XW, Jiang AP, Li T, et al. LR-SMOTE — An improved unbalanced
data set oversampling based on K-means and SVM. Knowl Based Syst;
196. Epub ahead of print 21 May 2020. DOI: 10.1016/j.knosys.2020.105845.

Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images are more than
pictures, they are data. Radiology 2016; 278: 563-577.

Lambin P, Leijenaar RTH, Deist TM, et al. Radiomics: the bridge between
medical imaging and personalized medicine. Nat Rev Clin Oncol 2017; 14
749-762.



102.

103.

104.

105.

106.

107.

108.

109.

110.

KumarV, Gu Y, Basu S, et al. Radiomics: the process and the challenges.
Magn Reson Imaging 2012; 30: 1234-1248.

Abbasian Ardakani A, Bureau NJ, Ciaccio EJ, et al. Interpretation of
radiomics features—A pictorial review. Computer Methods and Programs
in Biomedicine; 215. Epub ahead of print 1 March 2022. DOI:
10.1016/j.cmpb.2021.106609.

Scapicchio C, Gabelloni M, Barucci A, et al. A deep look into radiomics.
Radiologia Medica 2021; 126: 1296-1311.

Fornacon-Wood I, Mistry H, Ackermann CJ, et al. Reliability and prognostic
value of radiomic features are highly dependent on choice of feature
extraction platform. Eur Radiol 2020; 30: 6241-6250.

van Griethuysen JIJM, Fedorov A, Parmar C, et al. Computational
Radiomics System to Decode the Radiographic Phenotype. Cancer Res
2017; 77: e104—e107.

Huang YH, Chen ZJ, Chen YF, et al. The value of CT-based radiomics in
predicting hemorrhagic transformation in acute ischemic stroke patients
without recanalization therapy. Front Neurol; 15. Epub ahead of print 2024.
DOI: 10.3389/fneur.2024.1255621.

Meng Y, Wang H, Wu C, et al. Prediction Model of Hemorrhage
Transformation in Patient with Acute Ischemic Stroke Based on
Multiparametric MRI Radiomics and Machine Learning. Brain Sci; 12.
Epub ahead of print 1 July 2022. DOI: 10.3390/brainsci12070858.

WeiC, LiuJ, Guo W, etal. Development and Validation of a Predictive Model
for Spontaneous Hemorrhagic Transformation After Ischemic Stroke.
Front Neurol; 12. Epub ahead of print 15 November 2021. DOI:
10.3389/fneur.2021.747026.

Chung CC, Su ECY, Chen JH, et al. XGBoost-Based Simple Three-ltem
Model Accurately Predicts Outcomes of Acute Ischemic Stroke.
Diagnostics; 13. Epub ahead of print 1 March 2023. DOI:
10.3390/diagnostics13050842.



111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

Zhang Y, Xie G, Zhang L, et al. Constructing machine learning
models based on non-contrast CT radiomics to predict hemorrhagic
transformation after stoke: a two-center study.Front Neurol; Volume 15-
2024,
https://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2024.
1413795 (2024).

Hassanzad M, Hajian-Tilaki K. Methods of determining optimal cut-point of
diagnostic biomarkers with application of clinical data in ROC analysis: an
update review. BMC Med Res Methodol; 24. Epub ahead of print 1
December 2024. DOI: 10.1186/s12874-024-02198-2.

Unal I. Defining an optimal cut-point value in ROC analysis: An alternative
approach. Comput Math Methods Med; 2017. Epub ahead of print 2017.
DOI: 10.1155/2017/3762651.

Simundi¢ A-M. Measures of diagnostic accuracy: basic definitions.

Hong H, Hong S. simpleNomo: A Python Package of Making Nomograms
for Visualizable Calculation of Logistic Regression Models. Health Data
Science; 3. Epub ahead of print 1 June 2023. DOI: 10.34133/hds.0023.
Jickling GC, Liu D, Stamova B, et al. Hemorrhagic transformation after
ischemic stroke in animals and humans. Journal of Cerebral Blood Flow and
Metabolism 2014; 34: 185-199.

Chaudhary PK, Kim S, Kim S. An Insight into Recent Advances on Platelet
Function in Health and Disease. International Journal of Molecular
Sciences;

23. Epub ahead of print 1 June 2022. DOI: 10.3390/ijms23116022.

Kovacs KB, Bencs V, Hudak L, et al. Hemorrhagic Transformation of
Ischemic Strokes. International Journal of Molecular Sciences; 24. Epub
ahead of print 1 September 2023. DOI: 10.3390/ijms241814067.

Hong JM, Kim DS, Kim M. Hemorrhagic Transformation After Ischemic
Stroke: Mechanisms and Management. Frontiers in Neurology; 12. Epub
ahead of print 30 November 2021. DOI: 10.3389/fneur.2021.703258.
Turner RJ, Sharp FR. Implications of MMP9 for blood brain barrier disruption

and hemorrhagic transformation following ischemic stroke.


http://www.frontiersin.org/journals/neurology/articles/10.3389/fneur.2024

121.

122.

123.

124.

125.

126.

127.

128.

129.

Frontiers in Cellular Neuroscience; 10. Epub ahead of print 4 March 2016.
DOI: 10.3389/fncel.2016.00056.

An GH, Sim SY, Jwa CS, et al. Thromboxane A2 synthetase inhibitor plus
low dose aspirin: Can it be a salvage treatment in acute stroke beyond
thrombolytic time window. J Korean Neurosurg Soc 2011; 50: 1-5.
Thomas SE, Plumber N, Venkatapathappa P, et al. A Review of Risk
Factors and Predictors for Hemorrhagic Transformation in Patients with
Acute Ischemic Stroke. International Journal of Vascular Medicine; 2021.
Epub ahead of print 2021. DOI: 10.1155/2021/4244267 .

Riley RD, Snell KIE, Ensor J, et al. Minimum sample size for developing a
multivariable prediction model: Part | — Continuous outcomes. Stat Med
2019; 38: 1262-1275.

Qiu B, Psychogios K, Hospital M, et al. Risk factors of hemorrhagic
transformation in acute ischaemic stroke: A systematic review and meta-
analysis, https://www.crd.york.ac.uk/prospero/display_re.

Joseph VR. Optimal Ratio for Data Splitting. Epub ahead of print 7 February
2022. DOI: 10.1002/sam.11583.

Wu X, Yang J, Ji X, et al. Delta radiomics modeling based on CTP for
predicting hemorrhagic transformation after intravenous thrombolysis in
acute cerebral infarction: an 8-year retrospective pilot study. Front Neurol;
16. Epub ahead of print 2025. DOI: 10.3389/fneur.2025.1545631.

Neeb L, Villringer K, Galinovic I, et al. Adapting the Computed Tomography
Criteria of Hemorrhagic Transformation to Stroke Magnetic Resonance
Imaging. Cerebrovasc Dis Extra 2013; 3: 103-110.

Gulzar S, Kiani BH, Akram RW, et al. Gender-Based Differences in Stroke
Types and Risk Factors Among Young Adults: A Comparative
Retrospective Analysis. J Clin Med; 14. Epub ahead of print 1 February
2025. DOI: 10.3390/jcm14030663.

Bagnato MR, Maestrini I, Bruno L, et al. Possible clinical and radiological
predictors of haemorrhagic transformation in acute stroke patients

undergoing dual antiplatelet therapy: a clinical study. Ther Adv Neurol


http://www.crd.york.ac.uk/prospero/display_re

130.

131.

132.

133.

134.

135.

136.

Disord; 17. Epub ahead of print 1 January 2024. DOI:
10.1177/17562864241289735.

Paciaroni M, Bandini F, Agnelli G, et al. Hemorrhagic transformation in
patients with acute ischemic stroke and atrial fibrillation: Time to initiation
of oral anticoagulant therapy and outcomes. J Am Heart Assoc; 7. Epub
ahead of print 1 November 2018. DOI: 10.1161/JAHA.118.010133.

Chen P, Sun X, Yang L, et al. Ischemic core volume is associated with
hemorrhagic transformation post endovascular thrombectomy. Journal of
Stroke and Cerebrovascular Diseases; 33. Epub ahead of print 1
November 2024. DOI: 10.1016/}.jstrokecerebrovasdis.2024.107889.
Nguyen TNP, Lefevre J, Kanagaratnam L, et al. ADC measurement
relevance to predict hemorrhage transformation after mechanical
thrombectomy. J Neurol Sci; 441. Epub ahead of print 15 October 2022.
DOI: 10.1016/j.jns.2022.120370.

LiuH,LiT,Ding, etal. Predictive accuracy of an ADC map for hemorrhagic
transformation in acute ischemic stroke patients after successful
recanalization with endovascular therapy. Ann Transl Med 2022; 10: 591—
591.

Feng X, Ye G, Cao R, et al. Identification of predictors for hemorrhagic
transformation in patients with acute ischemic stroke after endovascular
therapy using the decision tree model. Clin Interv Aging 2020; 15: 1611—
1624.

Bao P, Ling L, Xiang L, et al. Analysis of Risk Factors for Hemorrhagic
Transformation of Cerebral Infarction and Recurrence of Cerebral
Infarction: A Retrospective Study on Cerebral Infarction Patients with or
without Hemorrhagic Transformation. Int J Gen Med 2025; Volume 18:
221-236.

Du H, Wu S, Lei H, et al. Total Cerebral Small Vessel Disease Score and
Cerebral Bleeding Risk in Patients With Acute Stroke Treated With
Intravenous Thrombolysis. Front Aging Neurosci; 14. Epub ahead of print
11 April 2022. DOI: 10.3389/fnagi.2022.790262.



137.

138.

139.

140.

141.

142.

143.

144.

Ren H, Song H, Wang J, et al. A clinical-radiomics model based on
noncontrast computed tomography to predict hemorrhagic transformation
after stroke by machine learning: a multicenter study. Insights Imaging; 14.
Epub ahead of print 1 December 2023. DOI: 10.1186/s13244-023-01399-
5.

Cui S, Song H, Ren H, et al. Prediction of Hemorrhagic Complication after
Thrombolytic Therapy Based on Multimodal Data from Multiple Centers:
An Approach to Machine Learning and System Implementation. J Pers
Med;

12. Epub ahead of print 1 December 2022. DOI: 10.3390/jpm12122052.

Zhai H, Liu Z, Wu S, et al. Predictive value of magnetic resonance imaging-
based texture analysis for hemorrhage transformation in large cerebral
infarction. Front Neurosci; 16. Epub ahead of print 22 July 2022. DOI:
10.3389/fnins.2022.923708.

Meng Y, Wang H, Wu C, et al. Prediction Model of Hemorrhage
Transformation in Patient with Acute Ischemic Stroke Based on
Multiparametric MRI Radiomics and Machine Learning. Brain Sci; 12.
Epub ahead of print 1 July 2022. DOI: 10.3390/brainsci12070858.
LiuH,LiT,Ding Y, etal. Predictive accuracy of an ADC map for hemorrhagic
transformation in acute ischemic stroke patients after successful
recanalization with endovascular therapy. Ann Transl Med 2022; 10: 591—
591.

Chen L-P, Jiang X-Q, Zhao Z, et al. Original Article Apparent diffusion
coefficient value for prediction of hemorrhagic transformation in acute
ischemic infarction, www.ijcem.com/ (2018).

Wu F, Wu Q, Zhou Q, et al. Predicting haemorrhagic transformation
through serum biochemical indices for patients after endovascular
treatment: a retrospective study. Neurol Neurochir Pol 2024; 58: 282—-297.
Hudak L, Kovacs KB, Bagoly Z, et al. Clinicopathological Observations in
Acute Stroke Patients Treated with Intravenous Thrombolysis. J Clin Med;


http://www.ijcem.com/

145.

146.

147.

148.

149.

13. Epub ahead of print 1 October 2024. DOI: 10.3390/jcm13196012.

Qiu H, Shen R, Chen L, et al. Low Serum Magnesium Levels Are
Associated With Hemorrhagic Transformation After Mechanical
Thrombectomy in

Patients With Acute Ischemic Stroke. Front Neurol; 13. Epub ahead of print
23 March 2022. DOI: 10.3389/fneur.2022.831232.

Balci, Kemal MD; Utku, Ufuk MD; Asil, Talip MD; Celik, Yahya MD. Ischemic
Stroke in Young Adults: Risk Factors, Subtypes, and Prognosis. The
Neurologist 17(0):p 16-20, January 2011. | DOI:
10.1097/NRL.0Ob013e3181f954a7.

Wu 'Y, Chen H, Liu X, et al. A new nomogram for individualized prediction
of the probability of hemorrhagic transformation after intravenous
thrombolysis for ischemic stroke patients. BMC Neurol; 20. Epub ahead of
print 1 December 2020. DOI: 10.1186/s12883-020-02002-w.

Wu F, Wu Q, Zhou Q, et al. Predicting haemorrhagic transformation
through serum biochemical indices for patients after endovascular
treatment: a retrospective study. Neurol Neurochir Pol 2024; 58: 282—-297.
Ammari S, Pitre-Champagnat S, Dercle L, Chouzenoux E, Moalla S,
Reuze S, Talbot H, Mokoyoko T, Hadchiti J, Diffetocq S, Volk A, El Haik
M, Lakiss S, Balleyguier C, Lassau N and Bidault F (2021) Influence of
Magnetic Field Strength on Magnetic Resonance Imaging Radiomics
Features in Brain Imaging, an In Vitro and In Vivo Study. Front. Oncol.
10:541663. doi: 10.3389/fonc.2020.541663



