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Definitions

• Artificial intelligence: The academic field that 
studies how to create computers and 
computer software that can perform tasks 
that ordinarily require human intelligence

• Machine learning: A subfield of artificial 
intelligence in which algorithms are trained to 
perform tasks by learning patterns from data 
rather than by explicit programming



Definitions

• Deep learning: A type of machine learning in 
which the algorithm learns on its own the best 
features to classify the provided data. 
Convolutional neural networks is a commonly 
utilized specific type of deep learning

• Classification: Predicting the target class from 
an image or region of interest within the 
image



The Role of Artificial 
Intelligence in Radiology in Africa 

Computer Aided Diagnosis for 
WHO Primary Endpoint Pneumonia on 
Chest X-Ray in Children under 5 years



Introduction

Black RE, Cousens S, Johnson HL, et al. Global, regional, and national causes of child mortality in 
2008: a systematic analysis. Lancet. 2010 Jun 5;375(9730):1969-87. 



Introduction
• Pneumonia is the leading infectious cause of 

morbidity and mortality in children less than       
5 years globally

• Streptococcus pneumoniae (pneumococcus) and 
Haemophilus influenzae type b (Hib) are the 
most important causes of vaccine-preventable 
deaths in children <5 years

Black RE, Cousens S, Johnson HL, et al. Global, regional, and national causes of child mortality in 2008: a systematic analysis. Lancet. 2010 
Jun 5;375(9730):1969-87.
O'Brien KL, Wolfson LJ, Watt JP, et al. Burden of disease caused by Streptococcus pneumoniae in children younger than 5 years: global 
estimates. Lancet. 2009 Sep 12;374(9693):893-902.
Watt JP, Wolfson LJ, O'Brien KL, et al. Burden of disease caused by Haemophilus influenzae type b in children younger than 5 years: global 
estimates. Lancet. 2009 Sep 12;374(9693):903-11.



United Nations Child Mortality SP estimates-2013



The Chest X-Ray

• The chest X-ray remains the most readily available 
and commonest imaging modality for the assessment 
of childhood pneumonia

• The number of paediatric radiologists in low income 
countries is limited

• Pitcher RD, Lombard C, Cotton MF, et al. Clinical and immunological correlates of chest X-ray abnormalities in HIV-infected 
South African children with limited access to anti-retroviral therapy. Pediatr Pulmonol. 2013. Jun;49(6):581-8.

• Cherian T, Mulholland EK, Carlin JB, et al. Standardized interpretation of paediatric chest radiographs for the diagnosis of 
pneumonia in epidemiological studies. Bull World Health Organ. 2005 May;83(5):353-9.





WHO Standardized Chest X-Ray 
Interpretation





Phase 1- CAD CXR

• Objective: To determine the sensitivity and 
specificity of CAD CXR-PEP for vs non CXR-PEP 
and CXR-PEP vs other infiltrate 

• This study was nested within the PERCH study, 
South African site

• Majority consensus radiologist reading was 
used as the reference gold standard 



The PERCH Study 

• Katherine L. O’Brien, Orin S. Levine, Maria 
Deloria Knoll and the PERCH study group. 
Aetiology of severe hospitalised pneumonia 
in HIV-uninfected children from Africa and 
Asia: the Pneumonia Aetiology Research for 
Child Health (PERCH) Case-Control Study. The 
Lancet March 2019 online (impact factor 
52.6)



Methods- CAD4WHOKids

• Automatic lung field segmentation followed by 
manual inspection and correction 

• Training- Pixels in outlined regions were used as 
positive examples, training and testing was done in 
10-fold cross validation

• Feature extraction 
• Classification- Pixel data was filtered with Gaussian 

derivatives on multiple scales, extracting texture 
features to classify each region

• To obtain an image score, the 95th percentile score 
of the pixels was used



Results- Phase 1 CAD CXR

• 858 interpretable chest X-rays 
• 10-fold cross validation for the test set 85 

CXRs were included- 10 times
• Lung fields were manually outlined in 25% 

(n=214) randomly selected chest X-rays
• Automatic lung field segmentation was used
• On manual inspection lung fields had to be 

manually corrected in 37% (237/644) 



For CXR-PEP versus non CXR-PEP, from 858 CXRs where 333 had CXR-
PEP, CAD4WHOKids had a sensitivity of 76%, specificity of 80% and 
area under the ROC curve of 0.850 (95% CI 0.823-0.876) 



CXR-PEP vs other infiltrate only, where normal chest X-rays were 
excluded, from the 541 chest X-rays CAD4WHOKids had a 
sensitivity of 77%, specificity of 73%, and area under the ROC 
curve of 0.810 (95% CI 0.772-0.846) 



Results- Colour Heat Map

• To visualise the working of the texture system, 
for each image a colour heat map was 
generated with red representing high 
likelihood of being abnormal, yellow 
intermediate, green low, and blue very low 





Phase 2 – Convolutional neural networks

• Objective: To determine the sensitivity and 
specificity of CAD for:
– CXR-PEP vs non-CXR-PEP

• Setting: multi-centre study in South Africa
• Majority consensus reading based on WHO 

criteria was used as the reference gold 
standard 



Phase 2 - Methods

• Automated lung segmentation using deep 
learning architecture

• A combination of of-the-shelf “google-net” 
and custom deep convolutional neural 
networks were trained and evaluated for 
differentiating between CXR-PEP and non-
CXR-PEP



Phase 2 - Methods

• This study was nested within hospitalized South 
African children with pneumonia in the PERCH 
study and the PCV-13 study

• 4 Datasets:
– PERCH (Pneumonia Etiology Research in Child Health)
– CHBAH (Chris Hani-Baragwanath Academic Hospital)
– NGWE (Ngwelezane Hospital)
– RCCH (Red Cross War Memorial Children's Hospital)



Phase 2 - Methods

* 512 images were not used

Total Training Validation Test

PERCH 858 730 128

CHBAH* 1465 641 112 200

NGWE 379 152 27 200

RCCH 903 598 105 200



Results- Jaccard Index

• Average Jaccard Index: 0.928
• Best segmentation: 0.973 (a)
• Worst segmentation: 0.532 (b)
• Difficult segmentation: 0.964 (c)



Phase 2 - Results



Phase 2 - Results



Phase 2 - Results

• Performance improvements compared to 
phase 1

• More sophisticated deep learning methods 
are used

• Fully automated lung segmentation-JI
• AUC values:

– CAD4WHOKids: 0.876 (95% CI: 0.846-0.901)



Limitations

• JPEG images instead of Diacomm less data
• CXR quality was often limited:

– Poor collimation
– Rotation
– Motion artefact
– Foreign objects in chest X-rays (ECG leads)



Discussion CAD for CXR Pneumonia
in Children

• Oliveira et al Pneumo-CAD sensitivity of 100%, 
specificity of 80% and area under the ROC curve of 
0.97 

• This study was limited by small sample size of 60 
children

• Poor CXR quality as CXRs were photographed from 
a light box using a digital camera which is not 
advised according to the WHO standardized CXR 
interpretation criteria, low image quality

Oliveira LL, Silva SA, Ribeiro LH, et al. Computer-aided diagnosis in chest radiography for 
detection of childhood pneumonia. Int J Med Inform. 2008 Aug;77(8):555-64.



Conclusion and Future Research

• CAD4WHOKids texture analysis is promising for 
identifying WHO CXR-PEP in children

• Important to evaluate the software against the 
new WHO clarifications and a radiological gold 
standard like CT chest

• Phase 3: evaluate CAD4WHOKids on a large 
international multi-centre study PERCH 7 
countries: Bangladesh, The Gambia, Kenya, 
Mali, South Africa, Thailand and Zambia to 
assess its performance
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