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QUANTIFYING THE VALUE OF LATERAL VIEWS IN DEEP LEARNING FOR CHEST X-RAYS

The lateral view

The L view contains information
missing in the PA view that is

relevant for diagnosis [1].

Most chest X-ray datasets have

only the PA view, but some recent g al
. Postero-anterior (PA) Lateral (L)
ones have also the L view.
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Task

Evaluate the contribution of a paired lateral view in chest X-ray
prediction and find the best multi-view model

Predictions
~ Single view model » Pneumonia 0.82
Mass 0.81
Hernia
0.79
Predictions
Multi-view model ———— Pneumonia 0.847
Mass 0.80]
Hernia
0.821
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Our work

We explore the two questions

- Does apaired lateral view help in prediction? If so, for
which labels specifically?

- Instead of having a paired lateral view, is it better to
increase training set with more PA samples and use a
single view model?

. . . . ser .
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Dataset and preprocessing
PadChest [2]

160k images from 6/k Spanish patients.
Multiple labels per image from total 194.

Preprocessing

- Keep patients with paired PA and L views: total 31k
- Keep labels affecting 50+ patients: total 64.
- Images resized to 224x224 and pixels rescaled to [-1, 1]
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Models

Based on DenseNet blocks [3]. Baseline is single view DenseNet-121

PA L PA L
concat / l l
loss loss
Stacked HeMIS

Havaei et al., 2016 [4]
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DualNet

Rubin et al., 2018 [5]
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Our contribution
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Experiments and
results
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Performance of multiview models

Table 1: Test AUC achieved by the different models, averaged over five runs with standard deviation
also reported. DenseNet is trained on a single view denoted by the suffix, rest are trained
on both views. The symbol in the superscript indicates the difference between a pair of
models in the same column is statistically significant.

All joint view models
perform better than
single view models.

Model Test AUC

Both PA L
DenseNet-L — o 0.780 £ 0.004
DenseNet-PA — 0.793 + 0.007 —

Stacked
DualNet
HeMIS
HeMIS-CL
AuxLoss
AuxLoss-CL

0.804 + 0.003*
0.801 # 0.003"
0.803 =+ 0.006
0.803 + 0.007
0.803 =+ 0.006
0.809 + 0.003*"

0.786 + 0.009*
0.800 + 0.004**
0.758 £ 0.014
0.723 £+ 0.017
0.787 4 0.005*
0.788 + 0.0051

0.595 + 0.046
0.539 +0.018
0.603 £ 0.044
0.627 £ 0.036
0.753 +0.002

0.771 £ 0.003
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Utilization of the lateral view

Change in AUC as 0.78 -

pro.port|on. of | 07 -
patients with paired —

. uxLoss
lateral views 0.74 - AuxLoss-CL
0 —— DualNet
INCrease — . FiHMIS

(.72 —— HeMIS-CL
—— Stacked
0.2 0.4 0.6 0.8 1.0
Proportion of patients with a paired lateral image
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Label-wise increase with L view

32/64 labels see an
improvement in AUC
with AuxLoss

electrical device (768)
pulmonary edema (89)

pleural effusion (1351)

hernia (465)

cardiomegaly (3134)

air fluid level (55)

catheter (149)

osteoporosis (100)

artificial heart valve (231)
volume loss (511)

emphysema (316)
hemidiaphragm elevation (516)
aortic elongation (2358)
osteopenia (186)

pulmonary fibrosis (322)
diaphragmatic eventration (274)
fissure thickening (127)
consolidation (461)

mediastinal enlargement (1338)
mass (359)

aortic atheromatosis (483)
costophrenic angle blunting (1376)
hyperinflated lung (165)

COPD signs (5343)

flattened diaphragm (282)

air trapping (1750)

pneumonia (1878)

vertebral degenerative changes (1818)
fibrotic band (653)

surgery (1413)

thoracic cage deformation (3222)
azygos lobe (117)
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0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
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More PA samples

We add 18k patients to the training set that have a PA view but no L view.

Table 2: AUC and standard deviation of the DenseNet-PA and AuxLoss models trained on the

main and extended dataset but evaluated on the same main test set. The size of the
training set for the extended dataset is double that of the main. The Main AUC column
copies the values from Table 1 for easier reference.

Train Data (AUC on test reported)

Model Test Data Main Extended

DenseNet-PA PA 0.793 £ 0.007 0.813 £ 0.005

AuxLoss-CL PA 0.788 & 0.005 0.812 4 0.006

AuxLoss-CL Both 0.809 + 0.003 0.772 4+ 0.018
Medical Imaging with Deep Learning AT
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Takeaways

- Multi-view models significantly better than
single view overall

- 32 labels improve with multi-view model

- Doubling PA images in training set -> change in
AUC not significant
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Why AuxLoss

Multiview models at test time perform similarly when given both
views but diverge significantly when given only one view

Advantages of AuxLoss
. . Stacked s _AL
- Uses both views productively Aok
. . . HeMIS P -
- Robust to Missing views N — —
- Lowest variance across multiview — 2=te=— - Ll.
m Od e | S 0.60 0.65 0.72UC 0.75 0.80

- LeSS sens |t|ve to hype rpa Fa mete r Figure 4: Distributions of AUC for a 40 combination

hyperparameter search for each model. Some models are
C h a nges much more robust to hyperparameter changes than others.
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Training details

Hyperparameters found through extensive search

40 epochs, batch size of 8 and Adam optimizer

Early stopping on validation AUC

Loss weighted by class frequency (clamped at 5.0 max)

Learning rate scaled by 0.1 every 10 epochs but initial LR different
for every model|

Curriculum learning: views dropped randomly for Hemis and
AuxLoss

Dropout of 0.1-0.2
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Label-wise increase with more PA samples

32 labels

22 overlap with
AuxLoss

electrical device (768 + 976)

air fluid level (55 + 62)

hernia (465 + 908)

cardiomegaly (3134 + 5027)

pleural effusion (1351 + 1413)
catheter (149 + 234)

volume loss (511 + 685)

artificial heart valve (231 + 268)
emphysema (316 + 453)

tracheal shift (126 + 353)

aortic elongation (2358 + 4775)
hemidiaphragm elevation (516 + 795)
azygos lobe (117 + 224)
diaphragmatic eventration (274 + 463)
mediastinal enlargement (1338 + 2587)
pulmonary fibrosis (322 + 420)

mass (359 + 470)

pleural plaques (61 + 85)

aortic atheromatosis (483 + 866)
mediastinic lipomatosis (77 + 156)
bullas (123 + 195)

costophrenic angle blunting (1376 + 1831)
COPD signs (5343 + 7796)
pneumonia (1878 + 2238)

fibrotic band (653 + 1208)
adenopathy (154 + 234)

surgery (1413 + 2121)

granuloma (772 + 1482)

hilar enlargement (1502 + 2439)
fracture (878 + 1477)

nodule (861 + 1338)

pseudonodule (621 + 1066)
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