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1. Introduction
• Several popular deep learning (DL) models have been shown to rely on spurious associations rather 
than medical pathology (1-7), a phenomenon known as shortcut learning. 

• For example, correlations have been shown to exist between diagnostic COVID-19 chest X-ray 
(CXR) model predictions and patient positioning, radiographic projection, text annotations, image 
quality and post-processing, the presence of support apparatus, and more (1-3, 8, 9).

• The result often manifests as a significant drop in performance on datasets ‘external’ to the training 
data, i.e. unseen by the DL model during development.

• This study investigated whether automated data pipelines to improve data curation of chest 
radiographs can improve deep learning model performance on previously unseen datasets.

2. Methods

Figure 1: 
The four data 
curation 
workflows (WFs).

• Two publicly available datasets, MIDRC-1A and MIDRC-R1, 
were used to develop diagnostic COVID-19 models using 
four architectures (DenseNet121, ResNet152V2, VGG16, 
and EfficientNet-B3).

• The ground truth diagnosis was inferred from available 
COVID-19 laboratory test results.

• Each was trained four times using a different data curation 
workflow (WF). The four WFs are illustrated in Figure 1 and 
WFs 3 and 4 utilised an open-source data-cleaning 
pipeline, AutoQC (Available at: 
https://gitlab.developers.cam.ac.uk/ 
maths/cia/covid-19-projects/autoqc).

• The AutoQC pipeline standardises CXRs 
by detecting and correcting common 
issues such as grayscale inversion, rotation, 
and text annotations, while identifying confounders like 
radiographic projection and the presence of pacemakers.

• The performance of the trained models was assessed using 
five publicly available datasets (NCCID, BIMCV-COVID-19, 
BriXia, CUH and RICORD-1C).

• Each model was evaluated on data curated from its own 
workflow and the other three.

• The difference in the area under the curve (∆AUC) between 
the internal hold-out and external test sets was calculated.

3. Results and Discussion
• 43,176 CXRs were included in WF1, with 33.2% (14,328) classified as COVID-positive. The development sets 
of the other workflows were up to 60% smaller after data curation.

• Models trained using WF1 data experienced the largest fall in generalisation (mean ∆AUC = -0.15 
[95%CI:-0.17, -0.14]).

• Models trained using data cleaned using only DICOM metadata (WF2) had a mean 
∆AUC = -0.07 [95%CI: -0.09, -0.05]. 

• Models trained utilising AutoQC demonstrated the most consistent performance with mean ∆AUC = -0.04 
[95%CI: -0.06, -0.02] and -0.02 [95%CI: -0.04,0.00] respectively for WFs 3 and 4 (p < 0.05).

• AutoQC reduced the potential for spurious correlations, as demonstrated by smaller ∆AUC between the 
internal and external test sets, which serve as a proxy for the model’s ‘generalisability gap’.

• Not only were the ∆AUCs reduced, the AutoQC models exhibited the highest AUC on the external data.

Figure 2: 
∆AUCs for all 
models.Figure 3: Heatmaps of AUCs for all models tested on external hold-out data curated using all four WFs.

4. Conclusion
Improved data curation using automated tools can 
assist developers and enhance the generalisation of 
deep learning models for chest radiographs while 
facilitating more consistent performance on data 
from new locations and equipment.
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