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Abstract
This paper focuses on two typical scenarios—medical image recognition and clinical risk prediction—
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and designs and implements a disease prediction prototype system based on healthcare big data. A
four-layer system architecture is proposed, consisting of a data processing layer, an Al model layer,
an application service layer, and a user interaction layer. For the imaging component, the system
employs a pre-trained ResNet50 as the backbone network, performs pneumonia recognition on
chest X-ray images through transfer learning, and outputs class probabilities using Softmax. For
clinical risk prediction, the system integrates machine learning models including Logistic Regres-
sion, Random Forest, and XGBoost to predict coronary heart disease risk and associated probability.
Additionally, the SHAP method is introduced to interpret model decisions, thereby enhancing the
credibility and usability of the results.
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Figure 1. Overall architecture of the medical big data-driven disease prediction system
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Figure 2. Business process of the disease prediction system
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Table 1. Overview of system functional modules
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Figure 3. Pneumonia image prediction processing workflow
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Figure 4. Clinical risk prediction processing workflow
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Table 2. System operating environment
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Figure 5. Pneumonia image recognition system interface

B 5. mRFGRANZZFE

5.3. Lo XUBE T A FR

e /Lo PARS: T 2 P P e A\ A AR L I L BE IR L 0ok S HARAR S IR AR, o HH D XU

HF MmN 6 Fis
5.4. IRBERNA

BT 5 2% 30 R B A XS T AR AR, SRl SHAP J5 130T e 4 JRy R i B B4k 20 RS AR AS S0 2 %
AR TR PR IS FH X B R TN 4 RS AR Dk I, X AR e R e Y . S REE T A,
WA S FBER 2B AR AT R b AT DU R s ik R 75 5 EA IR 2256 — B

DOI: 10.12677/csa.2026.1610305 7 MR 5 N


https://doi.org/10.12677/csa.2026.1610305

LZYSE

PTEAE 7 H 1

O ErAEEENTE

© KRGETRTIE, SmnoTRmR, N8, SRUIAGE
O Bl mRBE B aEFRn
ey
=S
55

] HRIE(mmHg)

2 - et BEttE 130

BIERH(mg/dl)

240

EEOBE

1-ST-TRE 150

BRI STERFHE SHAPEIRESIT
& 1.5

STERIE FEMERE

Figure 6. Coronary heart disease risk prediction interface
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Table 3. Pneumonia image recognition model performance
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Table 4. Comparison of performance of coronary heart disease risk prediction models
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