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Abstract

Objective: Based on chest X-ray images, we constructed radiomics models and 2D deep learning
models, respectively. We then performed decision-level fusion of the independent predictive scores
from these two models using multivariate logistic regression to develop a combined model for the
early screening of pneumoconiosis. We evaluated the clinical value of this model to provide a basis
for model selection and clinical translation. Materials and Methods: We retrospectively collected
chest X-ray images and clinical data from 193 patients with Stage I pneumoconiosis and 178 healthy
individuals. Using ITK-SNAP software, we manually delineated regions of interest (ROIs) in both
lung fields on the chest X-ray images, extracted high-throughput radiomic features, and constructed
a radiomic model. Concurrently, we built a 2D deep learning model using the delineated ROIs as
input. We performed decision-level fusion of the independent predictive risk scores from the two
standalone models using multivariate logistic regression to construct a combined predictive model.
Using the area under the receiver operating characteristic curve (AUC), accuracy, sensitivity, and
specificity as core metrics, we validated model performance through stratified validation using a
training set (70%) and an independent test set (30%). Calibration curves and Decision Curve Anal-
ysis (DCA) were used to evaluate model calibration performance and clinical net benefit, and the
DeLong test was employed to compare the discriminatory capabilities of the models. Three radiol-
ogists, each qualified to diagnose occupational pneumoconiosis (one each with high, medium, and
low years of experience), were recruited to perform independent film readings as a manual control,
using a double-blind design. Results: In the independent test set, the accuracy rates of the radiomics
model, the 2D deep learning model, and the combined model were 72.1%, 66.7%, and 75.7%, re-
spectively. with AUC values of 0.800 (95% CI: 0.718~0.882), 0.803 (95% CI: 0.718~0.888), and 0.813
(95% CI: 0.731~0.894), respectively. The combined model had a sensitivity of 75.4% and a specific-
ity of 75.9%, demonstrating significantly superior diagnostic performance compared to each indi-
vidual model. Calibration curve results showed good agreement between the combined model’s
predicted probability and the actual probability of disease progression. Decision curve analysis
(DCA) results indicated that, across most threshold probability ranges, the net benefit of the com-
bined model was higher than that of any single model. The DeLong test confirmed that, when com-
paring AUC values between the radiomics model, the 2D deep learning model, and the combined
model in pairs, the differences were not statistically significant. In a human-machine comparison,
the accuracy and AUC values of the combined model were significantly higher than those of junior
and mid-career physicians, and slightly lower than those of senior physicians. Conclusion: The com-
bined model demonstrates good diagnostic performance and clinical net benefit in the early screen-
ing of pneumoconiosis using DR chest radiographs. Its overall performance is superior to that of
single models, and it can serve as a core tool for initial screening in occupational health.

DOI: 10.12677/acm.2026.1641672 4041 Il A = 2 3E


https://doi.org/10.12677/acm.2026.1641672

F%i 5

Keywords

Stage I Pneumoconiosis, Chest X-Ray, Radiomics, Deep Learning, Combined Model

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/

1. 518

A2 firps 2 B FE PO P i o L e o M IR, HOAOR R EEA T, I H2IERL
fiss . BT, WRAEIATIRHE GBZ 70-2015 (HRNVYEANRH B2 ) [1], RMHR 12 I 1 2R & TRk
B X B2 (DR) Ja A A0 2R B0, Lok 28 2 3 SLAI PR SE 06 AR B HEAT 12 W7 Je 70 . SR, 1
FrAFAEMR R S BB, )RR AT BR A 1), 0 91 2 oo 4R O AR RE I AN /2 o RIS AR GE N By
TIEEWAEE, FERT HRGRART, 2WRAs E Ve R G M DUIRIIE . BEE N TR REBR IR A TR, A
e AR FR At T B Dy ROMIE B O B TR o U 2E 2 v S e R BT o R PR v 2 A A S I AR A
B, REZEINER B2 EGRRREE, PWEMEH BRI RN RRYE. A TSRS
PRVS U 2H 2T | 2D PR B2 2 ST S — 3 D SR 0 i 5 ) Sl Y TR 5 AR 2R A 5 U0 2 il s 7 2 o 112 Wi 2k
e, JFLLNT WIS, WIS R (i P S P AL, g AR Mg 7 300 0 2 ) A 7R 93¢ 55 1 PR e £
SRR -

2. #IRE I
21, — AR

B 2018 4 1 H & 2025 4 4 H ARSI 2 — R B S 1 i BRI B va Be) 371 451 i 2 1 i 35
X 28, Horp WAl 3 (SLIe ) 193 4, il FEAKE = (FHRAL) 178 ). 4218 7:3 A ELBDKs 2 il 4 B
1EH BB A ZREE 20 260 151 S B FAE2H 111 5

PINFRAE: © iR AL 705 R L2 WL KA IRk MR IR 2 ) (GBZ 70-2015)#fii2
Wro. @ Xt HELRFT T G R [ A G RRARAS N 02, R PR S oG ARG B HEBR T S0 00« W 2> % i3 s K HAh mT
BERo M I S SR ) 4 SR . O AT G BIAZAEE X 2R 1B A 2 HAH IR IR Bk 5 % o

HERbrue: © BGBFREN=HA[1], TFEHATLMRZ. @ Bl IFmastZ. M. ks,
2.2. WESE

DR fi J & &R H GE /A ] Definium6000 DR 4%, ARG AT LA F, B ELE 120 kv, HLE 320

mA, KH AEC Hzh¥EHIELEEl. BrE DR A fF6 (ORI FH2E) (GBZ70-2015) 1 fff5% C
FIF B2 2R
2.3. BARFA=E
2.3.1. BSYEBXIE (RO EISEGMALE

KNG EE SR E X 265 B SN ITK-SNAP #1347 T340 8], w4 B 10 4ELLE
W2 50 1B R T AR B A S T s A il X 3, SRR . KA B B B AR A AU X, A
AR AE R ROL (L] 1) 22 57350 43 el 5 44 B i FER g ok, DARRERUERA ME AN — Btk . BTl BHR Y

DOI: 10.12677/acm.2026.1641672 4042 I IR 2= =23t e


https://doi.org/10.12677/acm.2026.1641672
http://creativecommons.org/licenses/by/4.0/

WG — 2 B4 HER (L mm x L mm), FER AR IH AR, PREFRE /A vl Lok .
BEHLAN 30 5] F,  J9 51 5% FH 45 A #H 2 £ i (interclass correlation coefficient, ICC) Py Rl — /) il 2 1if
S5 P {70 i) R A R ) 1 3R] ) 45 0 — 20, 1ICC > 0.75 $eon— 3 R 47

..:.- a L i b i
e a NEWIRMELGEE: b o EEEAT 2% ¢ A EGEEATREY.

Figure 1. Schematic diagram of ROI delineation
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Figure 2. Statistical chart showing the distribution of manually extracted features in the radiomics group
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Figure 3. Distribution of core feature coefficients following parameter tuning and feature selection via LASSO regression of radiomics
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Table 1. Statistical summary of demographic characteristics of the study sample for pneumoconiosis
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Table 2. Detailed performance metrics of the radiomics model, 2D deep learning model, ensemble model, and manual ground-
truth model on the training and test sets
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Figure 4. Receiver operating characteristic curves for the training and validation sets of the radiomics model, 2D deep learning model,
combined model, and manual reference model
4. METHRFRE, 2D REFIER, RKERER AT REENIGERMIEES R E TIERHEMZ%k

DOI: 10.12677/acm.2026.1641672

4046


https://doi.org/10.12677/acm.2026.1641672

ZLIIE

3.2.2. BOfEMIZkERE TR

e M 2R SRR RE VP AL M BN TS, SRR R e R R AT 1] 5 R . YIZREErR, it
Y12, 2D VRIS ST Ry B SRR I v b 4 A T B AR RS U2, LB S A NG & R R, 2% B LT
W2 SRR AL e ) — Bk e A o BSZMNRER SRR HE B T, HI A AL ATy R I B A
RHELR, BARRIUN T —BiA.

Cohort train Calibration Cohort test Calibration
1.0 1.0
08 08
%06 806
2 =
2 Z
& H
5 by
Eo04 £04
0.2 02
-------- Perfectly calibrated s Perfectly calibrated
Radiomics Radiomics
DL2D DL2D
007 ;
Combined 0.0 B Combined
. . 4 0.6 0.8 1.0
00 02 0 0.0 0.2 0.4 0.6 0.8 1.0

Mean predicted probability Mean predicted probability

Figure 5. Calibration curves for the radiomics model, 2D deep learning model, and combined model
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Figure 6. Clinical decision curves for the radiomics model, the 2D deep learning model, and the combined model
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Figure 7. Results of the DelLong test for differences in AUC between the radiomics model, the 2D deep learning model, and
the combined model
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