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[ Abstract] Objective Constructing a trustworthy and highly accurate hybrid decision model
incorporating knowledge-driven and data-driven model, and applying it to the field of healthcare.
Methods We collected authoritative clinical practice guidelines, expert consensus and medical
literature in the field of cardiovascular diseases from 2018 to 2023 as knowledge sources and
retrospectively collected electronic medical record information of patients with ventricular
tachycardia (VT) at Fu Wai Hospital from 2013 to 2023 as a dataset. The knowledge-driven model
constructs a clinical pathway using a knowledge rule-based approach, and the data-driven model
constructs a multi-classification machine learning model for etiological diagnosis of VT based on
real-world data. The hybrid model's uses the clinical pathway as the basic framework, and the
machine learning model is embedded as a custom operator into the decision node of the process.
The comparison metrics of the three models are precision, recall and F1 score. Results A total of
three clinical guidelines were included as knowledge sources for the knowledge-driven models, as
well as collected 1,305 patient data as the dataset. A total of five machine learning models were
constructed and the best model was XGBoost model. The hybrid model adopts the knowledge-
driven thinking, embedding the machine learning model into the decision-making node of the two
layers of classification, respectively. The precision, recall and F1-scores for the knowledge-driven
model were 80.4%, 79.1% and 79.7%; for machine learning model were 88.4%, 88.5%, and 88.4%;
for hybrid model were 90.4%, 90.2% and 90.3%. Conclusion The results show that the strategy of
integrating knowledge-driven and data-driven clinical decision-making models is feasible.
Compared to the pure knowledge-driven and data-driven models, the hybrid model demonstrated

higher accuracy, and all the decision-making results of the model were based on evidence-based



evidence, which was closer to the actual diagnostic thinking of clinicians. The future requires more
stringent validation of the hybrid model for feasibility in a broader range of medical fields.
[Key words] ventricular tachycardia; knowledge-driven; data-driven; hybrid model; decision-

making
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HEAT TVPAE, S50 ER, KR, AR FL 0805 73N 80.4%. 79.1%K1 79.7%.
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Fig. 1 Knowledge-driven clinical pathway
AP (anginapectoris): ‘2% Jf; cTnl (cardiac troponin): WIE5&; NT-proBNP (N-terminal
pro-B-type natriuretic peptide ): N K3 B B84 R KA 44 ; LVIDd(left ventricular internal diameter
in diastole): 20 FE&FKIANIE; LAAPd (left atrial anteroposterior diameter): /£ 55 B 512
LVEF (left ventricular ejection fraction): 7c.CrZ 173 %(; IVSd Cinterventricular septum
thickness in diastole): = [A][# & &
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VT 5 2 Wi L3 5 SRR PR RE R 1 P o AEEESZ I 5 FRHLES 2% I Y, XGBoost
FETALERE R 2R L A R A F1 3 BRI PERER IR 47, 0 AIAE] T 89.7%- 76.9% 11 94.1%.
MR AEARPERE S IR KT, XGBoost B R MERE AR ORI, AR F1 250N
88.4%. 88.5%. 88.4%).
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Tab.1 Comparison of machine learning model performances(%)

B AL 0 JUE R SR 28 57 O IR RN VT EESEN
R F Al F14 KW HlEl F14 kW HE Fl4 A\ F14

R % % R B % % M % % H

Logistic

735 80.0 76.6 56.2 36.0 43.9 76.4 82.4 82.4 70.9 72.2 71.0
Regression
Random

88.4 88.4 88.4 74.6 70.7 72.6 93.4 97.1 95.2 87.1 87.2 87.1
Forest
XGBoost 87.9 91.6 89.7 80.9 73.3 76.9 95.0 93.1 94.1 88.4 88.5 88.4

LightGBM 87.9 91.2 89.5 81.5 70.7 75.7 93.3 95.1 94.2 88.1 88.3 88.1
SVM 84.0 87.9 85.9 82.3 68.0 74.5 84.8 87.3 86.0 83.9 83.9 83.7
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F190.3%.
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Fig. 2 Hybrid-driven clinical pathway
AP, cTnl. NT-proBNP. LVIDd. LAAPd. LVEF. IVSd: [/ 1

33t
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