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Intelligent medical assistant diagnosis method based on data fusion
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ABSTRACT In the field of medicine, in order to diagnose a patient’s condition more efficiently and conveniently, image classification
has been widely leveraged. It is well established that when doctors diagnose a patient’s condition, they not only observe the patient’s
image information (such as CT image) but also make final decisions incorporating the patient’s clinical diagnostic information. However,
current medical image classification only puts the image into a convolution neural network to obtain the diagnostic result and does not
use the clinical diagnosis information. In intelligent auxiliary diagnosis, it is necessary to combine clinical symptoms with other imaging
data for comprehensive diagnosis. This paper presented a new method of assistant diagnosis for the medical field. This method combined
information from patients’ imaging with numerical data (such as clinical diagnosis information) and used the combined information to
automatically predict the patient’s condition. Based on this method, a medical assistant diagnosis model based on deep learning was
proposed. The model takes images and numerical data as input and outputs the patient’s condition. Thus, this method is comprehensive
and helps improve the accuracy of automatic diagnosis and reduce diagnostic error. Moreover, the proposed model can simultaneously
process multiple types of data, thus saving diagnosis time. The effectiveness of the proposed method was verified in two groups of
experiments designed in this paper. The first group of experiments shows that if the unrelated data are fused for classification, the
proposed method cannot enhance the classification ability of the model, although it is able to predict multiple diseases at one time. The
second group of experiments show that the proposed method could significantly improve classification results if the interrelated data are
fused.

KEY WORDS image classification; convolution neural network; feature fusion; medical diagnosis; deep learning
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Fig.1 Diagram of the model structure based on the proposed method
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Table 1 Four types of samples in PHD

Class Image Age Sex CPT RBP/kPa SC/(mg:dL™) FBS/(mg:dL™) RER MHR/(times'min™) EIA ST/mV SP NV Thal
PH N 66 0 3 20 226 0 1 114 0 2.6 0 0 2
PNH m 54 1 0 14.7 239 0 1 126 1 2.8 1 1 3
NPH Eii: 65 0 2 20.7 269 0 1 148 0 0.8 2 0 2
NPNH |ﬁ §I 70 1 0 173 322 0 0 109 0 2.4 1 3 2
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Table 2 Prediction results learned only from image data in PHD dataset
Label
Prediction

No pneumonia Pneumonia All
No pneumonia 79 11 90
Pneumonia 12 80 92
All 91 91 182

# 3 1¥ PHD itk F{GE T S5 0Bl St ] i e 25
Table 3 Prediction results learned only through structured numerical
data

Label
Prediction
No pneumonia Pneumonia All
No pneumonia 72 16 88
Pneumonia 11 83 94
All 83 99 182

R4 ARICTIEAE PHD BEAE LAY TZE R
Table 4 Predictive results of proposed method in PHD dataset
Label
Prediction
NPNH NPH PNH PH All
NPNH 33 12 5 2 52
NPH 8 29 0 0 39
PNH 2 2 24 10 38
PH 2 3 9 39 53
All 45 46 38 53 182
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Table 5 Accuracy and other evaluation indicators of three groups of experiments in PHD dataset
Model Class TP FP FN Precision Recall Fl-score Accuracy
NHPH 33 19 12 0.635 0.733 0.680
NPH 29 10 17 0.744 0.630 0.682
Fusion method 0.687
PNH 24 14 14 0.632 0.632 0.632
PH 39 14 14 0.736 0.736 0.736
No pneumonia 79 11 12 0.878 0.868 0.873
ShuffleNetv2(Only image data) . 0.874
Pneumonia 80 12 11 0.870 0.879 0.874
No heart disease 72 16 11 0.818 0.867 0.842
DNN(Only structured data) . 0.852
Heart disease 83 11 16 0.883 0.838 0.860
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Fig.3 Changes in predictive accuracy and loss during training: (a) changes in accuracy; (b) changes in the loss
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Image Sex Age F

e ]

D

C (0N PMH CP WBC  Other

B4 COVID Hladle PR AIREA. (a) KB COVID-19 IIFEA; (b) A COVID-19 ffEA
Fig.4 Two types of samples in COVID: (a) samples without COVID—19; (b) samples with COVID—19

LT o () e Ak 4 BRURE He 0 49 28 2568 il 8 CT 1A
RIEAT 73285 5 45256 (DNN) F T 20 28 J2 X 4
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T3 XS Il CT ER FE (R 2R A7 7028, =258
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0.742; A fdf 11 K (K K 45 43 26 1F, NonCOVID Y F1-
score 5= 0.869, COVID 4 Fl-score && 0.896; {i J] &
B @l A 5 3k 4 28 B, NonCOVID il COVID f
Fl-score # /2 0.942. SMA LoRA, AH L T 1 W 4 58
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Table 6 Prediction results learned only from image data in COVID

dataset
Label
Prediction
NonCOVID COVID All
NonCOVID 55 20 75
COVID 14 49 63
All 69 69 138

7 TE COVID Btk b AU i 45+ AL B EUE B 27 ~) BT 4 2R

Table 7 Prediction results learned only by structured numerical data in
COVID dataset

Label
Prediction
NonCOVID COVID All
NonCOVID 53 0 53
COVID 16 69 85
All 69 69 138

£ 8 AIrPEAE COVID BdisE I 1 i 2 4

Table 8 Predictive results of proposed method in COVID dataset

Label
Prediction
NonCOVID COVID All
NonCOVID 65 4 69
COVID 4 65 69
All 69 69 138
3 &g

AR S Ry USSR T — 2 TR RS Y
IR B2 Wik, e —E R Lk TR 2
WIT B A R RNRCR . FE AR 4R AT TSR,
S TRt A& CT IEIGORIC JIE o 551 50030 205 4, filt
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Table 9 Accuracy and other evaluation indicators of three groups of experiments in COVID dataset
Model Class TP FP FN Precision Recall Fl-score Accuracy
NonCOVID 65 4 4 0.942 0.942 0.942
Fusion method 0.942
COVID 65 4 4 0.942 0.942 0.942
NonCOVID 55 20 14 0.733 0.797 0.764
ShuffleNetv2(Only image data) 0.754
COVID 49 14 20 0.778 0.710 0.742
NonCOVID 53 0 16 1.00 0.768 0.869
DNN(Only structured data) 0.884
COVID 69 16 0 0.812 1.00 0.896
1.0 — = 3.0
i S e ssh|® — Validation
0.8 i | —— Train
> | 20
206 @ |
sé i é L5
S 04r
<’ tof | )
021 —— Validation 05l fl
(a) — Traln ¥ ‘A\_ A ' o s ‘nll'lh. M ‘w »J._Lm AL .M'wukw
0 - - - - - 0 — .
1 51 101 151 201 251 301 351 401 451 501 1 51 101 151 201 251 301 351 401 451 501
Iteration Iteration

A s

DN ZR A P A TN R R AR SR AR 3h. (a)MERRRAYED; (b) R A S)

Fig.5 Changes in predictive accuracy and loss during training: (a) changes in accuracy; (b) changes in the loss

F10 A EFGHEL ERE X 138 AMREARHE

Table 10 Time required to classify 138 samples using proposed method

TOPIAIRTTE P& & 09 B BEAT 7328, SEBL T TR I B0 22 b

TR, 98 T B A IS Ta]. S25 110 1)

and using only image data

W B R T BB I 42, DUBER CT 185 A IR

Model Proposed method Image only T, "
LWHE BAE 2 WHRYE, 5 U6 FHF CT B8R
Time 3.58 3.56 s y
FE, PR 5 3 8 Tt Bsf ) A 22 8 /0, (B 2 H 1
F 11 Fusion method, ResNet50, VGG16. ShuffleNetv2 Fl AlexNet MR & A HABIEAN T 4R
Table 11  Accuracy and other evaluation indicators of Fusion method, ResNet50, VGG16, ShuffleNetv2 and AlexNet
Model Class TP FP FN Precision Recall F1-score Accuracy
NonCOVID 65 4 4 0.942 0.942 0.942
Fusion method 0.942
COVID 65 4 4 0.942 0.942 0.942
NonCOVID 56 15 13 0.789 0.812 0.800
ResNet50 0.797
COVID 54 13 15 0.806 0.783 0.794
NonCOVID 54 16 15 0.771 0.783 0.777
VGG16 0.775
COVID 53 15 16 0.779 0.768 0.774
NonCOVID 55 20 14 0.733 0.797 0.764
ShuffleNetv2 0.754
COVID 49 14 20 0.778 0.710 0.742
NonCOVID 50 18 19 0.735 0.725 0.730
AlexNet 0.732
COVID 51 19 18 0.728 0.739 0.734
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