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Abstract
Background The chest radiograph is the most common imaging modality to assess childhood pneumonia. It has been used in
epidemiological and vaccine efficacy/effectiveness studies on childhood pneumonia.
Objective To develop computer-aided diagnosis (CAD4Kids) for chest radiography in children and to evaluate its
accuracy in identifying World Health Organization (WHO)-defined chest radiograph primary-endpoint pneumonia compared to a consensus interpretation.
Materials and methods Chest radiographs were independently evaluated by three radiologists based on WHO criteria. Automatic
lung field segmentation was followed by manual inspection and correction, training, feature extraction and classification. Radiographs
were filtered with Gaussian derivatives on multiple scales, extracting texture features to classify each pixel in the lung region. To obtain
an image score, the 95th percentile score of the pixels was used. Training and testing were done in 10-fold cross validation.
Results The radiologist majority consensus reading of 858 interpretable chest radiographs included 333 (39%) categorised as
primary-endpoint pneumonia, 208 (24%) as other infiltrate only and 317 (37%) as no primary-endpoint pneumonia or other
infiltrate. Compared to the reference radiologist consensus reading, CAD4Kids had an area under the receiver operator characteristic (ROC) curve of 0.850 (95% confidence interval [CI] 0.823–0.876), with a sensitivity of 76% and specificity of 80% for
identifying primary-endpoint pneumonia on chest radiograph. Furthermore, the ROC curve was 0.810 (95% CI 0.772–0.846) for
CAD4Kids identifying primary-endpoint pneumonia compared to other infiltrate only.
Conclusion Further development of the CAD4Kids software and validation in multicentre studies are important for future
research on computer-aided diagnosis and artificial intelligence in paediatric radiology.
Keywords Accuracy . Children . Computer-aided diagnosis . Pneumonia . Primary-endpoint . Radiography . World Health
Organization
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Introduction
Pneumonia is the leading infectious cause of morbidity and
mortality in children younger than 5 years of age globally. In
developing countries, childhood pneumonia accounted for 1.5
million deaths per year in 2008 [1]. Streptococcus
pneumoniae (pneumococcus) and Haemophilus influenzae
type b (Hib) are the most significant causes of vaccinepreventable deaths in children younger than 5 years of age,
in the absence of vaccination against these pathogens [2, 3].
The chest radiograph remains the most common and readily
available, low-cost imaging modality for the assessment and
specific diagnosis of childhood pneumonia [4, 5].
Pneumonia defined by chest radiography is used as an important outcome measure in pneumonia epidemiological studies and vaccine efficacy trials. In 1997, the World Health
Organization (WHO) convened a Radiology Working Group
to provide a consensus method for interpreting chest radiographs in the context of it being used to evaluate endpoints
in pneumococcal conjugate vaccine efficacy trials [6]. These
definitions were not designed for use in individual patient
clinical management because of their emphasis on specificity
at the expense of sensitivity [7].
Chest radiographs are a two-dimensional (2-D) representation of a three-dimensional (3-D) structure and superimposition of anatomical structures overlapping with regions of interest make detecting abnormalities difficult, even for experienced radiologists [8]. The correct interpretation of chest radiographs is complex and subjective, with different readers
being influenced by expertise, professional training and momentary factors like fatigue, distraction and focus [9]. In contrast, the use of computer-aided diagnosis (CAD)-based software in the automated reading of chest radiographs has the
potential to be devoid of inter- and intra-observer variability
and may reduce detection errors [8–10] Most of the existing
CAD systems on chest radiography are aimed at adults and the
early detection of cancer, with only a small number of studies
devoted to detecting other pathologies [5].
There are a limited number of trained radiologists and paediatricians in low-income countries with experience and certification in WHO standardized chest radiograph interpretation. The application of CAD in radiography of children with
pneumonia may be an alternative and supplement to human
reading [4, 8, 11]. There is limited literature on the use of CAD
on chest radiography in children with pulmonary pathology
[8]. A study by Oliveira et al. [12] that investigated the use of
CAD on chest radiographic pneumonia in children was limited by a small sample size and the use of photos of chest
radiographs captured by a digital camera, whose integrity
was compromised by poor image quality [6].
In order to develop artificial intelligence algorithms involving chest radiographs to predict clinical outcome, the clinical
setting and disease burden profile including the HIV

prevalence needs to be considered. We aimed to develop
computer-aided diagnosis (CAD4Kids) software to interpret
chest radiographs for WHO-defined primary-endpoint pneumonia and to evaluate the sensitivity and specificity of
CAD4Kids to a majority consensus radiologist interpretation
as the reference standard.

Materials and methods
Ethics approval for this study was obtained from the University
of the Witwatersrand Human Research Ethics Committee.
Parents/legal guardians consented to their children’s participation
in the Pneumonia Etiology Research in Child Health (PERCH)
study.
This study was nested within the PERCH study [13, 14] at the
South African site based at Chris Hani Baragwanath Academic
Hospital, Johannesburg. Enrollment of cases occurred over a 2year period (August 2011 to August 2013), during which 920
children younger than 5 years old with WHO-defined clinically
severe or very severe pneumonia were enrolled; 885 (96%) of
them had chest radiographs done. WHO clinical criteria for severe
and very severe pneumonia are defined as the presence of cough
and/or difficulty breathing with the current illness and lower chest
wall in-drawing and/or danger signs [15].
The software CAD4Kids was developed from 2015 to 2017
with the PERCH South African team and Diagnostic Image
Analysis Group, Department of Radiology, the Netherlands,
who have done extensive work on CAD on chest radiography
in adults, but not in children younger than 5 years. The paediatric
radiology unit has two digital radiograph units (Philips and
Second Opinion, Johannesburg, South Africa) and one portable
radiograph unit (Shimadzu, Tokyo, Japan). Chest radiographs
were routinely printed and manually scanned (using an Epson
Expression 10000 XL flatbed scanner, Los Angeles, CA) due to
the absence of software to upload and store the digital radiographs directly.
Chest radiographic findings have been briefly reported
[14]. Chest radiographs were read independently by 3 radiologists (N.M. with 8 years of clinical experience, H.M. with 4
years, T.S. with 3 years) using WHO standardized chest radiographic interpretation methodology in a binary classification [6]. All three radiologists have experience in interpreting
chest radiographs in a high HIV prevalence setting and similar
scope of clinical practice and they interpreted the chest radiographs independently. A majority consensus reading (2/3 or
3/3 readers) of the chest radiographic findings was used during the data analysis phase.
WHO chest radiographic primary-endpoint pneumonia
was defined as a “dense or fluffy opacity that occupies either
a portion, lobe or entire lung, with or without air
bronchograms.” Other infiltrate (non-endpoint) was defined
as “linear, patchy densities (interstitial infiltrate) in a lacy
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pattern associated with peribronchial thickening and atelectasis not sufficient enough to call endpoint consolidation.” The
primary-endpoint pneumonia was defined as “endpoint consolidation or pleural effusion involving the lateral pleural
space” that is “spatially associated with pulmonary parenchymal infiltrate (including other infiltrate) or if the effusion obliterates the hemi-thorax to obscure an opacity” [6].
Of the 858 interpretable chest radiographs, 333 (39%) had
WHO-defined primary-endpoint pneumonia, 208 (24%) had
other infiltrate only and 317 (37%) had no primary-endpoint
pneumonia or other infiltrate only.
The entire data set of South African PERCH chest radiographs were stored in a JPEG (Joint Photographic Experts
Group) digital format with 256 grey levels (8 bit). Using the
majority consensus reading, the principal investigator used the
program Paint.NET (https://www.getPaint.NET/) to manually
outline the areas of primary-endpoint pneumonia and other
infiltrate only on the chest radiographs

Automatic lung segmentation
The first step of the computer analysis involved automatic
lung field segmentation, as the structures of interest are the
lung fields. From the 858 interpretable chest radiographs, the
lung fields were manually outlined in 25% (214/858) randomly selected chest radiographs by the principal investigator.
This was used to train the CAD4Kids software to automatically segment the lung fields of the remaining chest radiographs following the approach described by van Ginneken
et al. [16]. Briefly, this approach computes a set of filtered
versions of the radiograph from convolutions with the 2-D
Gaussian function and its derivatives up to second order, at
5 scales. The output of these filters at each pixel is used as a
feature vector for that pixel, augmented with the spatial coordinates of that pixel as two additional features. These feature
vectors are used to train a k-nearest neighbour classifier for
each pixel as belonging to the object, i.e. right lung, left lung
or background. Once the classifier had been trained on the 214
randomly selected chest radiographs, it was applied to the
remaining 644 chest radiographs and provided a probability
for each pixel as belonging to right lung, left lung or background. These lung probability maps were smoothed and
post-processed with mathematical morphology filters [16].
The automated lung segmentations were manually
inspected and if deemed inadequate, they were adjusted manually. From the chest radiographs with automated lung segmentation (n=644), manual inspection demonstrated 237
(37%) of chest radiographs to have inadequate automatic lung
field segmentation, hence these chest radiographs were manually adjusted. The required adjustments were minor involving the superior mediastinum in most cases, where the software had misinterpreted the superior mediastinum for upper
lobe lung fields on chest radiography. The rationale for

manually correcting the outlines was to analyse the performance of CAD4Kids software texture analysis, undisturbed
by errors in the lung field extraction.
There are greater technical challenges with regards to automatic lung field segmentation on chest radiography in children compared to adults as the mediastinum and cardiothoracic ratios have different ranges in children younger than 5 years
old. Variability in the thymic size in children accounts for
variability in the superior mediastinum size on chest radiography in this age group [17–19].

Texture analysis
Chest radiographs demonstrate three main types of abnormalities. Some disease processes may demonstrate a combination
of these: texture abnormalities, characterized by diffuse
change and structure of the area (e.g., interstitial lesions), focal
abnormalities, which appear as isolated changes in density
(e.g., pulmonary nodules), and abnormal shape, where the
disease process changes the outline of normal anatomy (e.g.,
cardiomegaly) [5].
In CAD4Kids, texture analysis is used to assign a probability
to each location in the lung fields for it to belong to a region of
chest radiograph primary-endpoint pneumonia. This is comparable to the approach taken by van Ginneken et al. [16] using the
software CAD4TB, where a similar analysis is performed to
determine if locations in the lung fields are similar to abnormal
regions outlined in chest radiographs of adults investigated for
tuberculosis [20]. First, all images were rescaled to a width of
1,024 pixels. The pixels from outlined regions of primary-endpoint pneumonia and other infiltrates were used as examples of
abnormal pixels, and pixels in the lung fields from radiographs
without outlines (no primary-endpoint pneumonia or other infiltrate) were used as examples of normal pixels. In order to train a
classifier to produce a probability that a pixel belongs to the
abnormal class, each pixel needs to be described by a feature
vector. This vector of numbers should capture the image information at that location. To obtain this vector, pixel data were
filtered with Gaussian derivatives through second order (zero
order, first order derivatives to x and y, second order derivatives
to xx, xy and yy) on scales of 1, 2, 4 and 8 pixels. For every 8th
pixel in vertical and horizontal direction, the first four moments
(mean, standard deviation, skew, kurtosis) in a local circular
neighbourhood with radius 32 pixels were computed for every
filtered image plus the original image as a set of texture features.
With 25 filtered images and 4 moments, this results in 100 features. Additionally, several spatial context features for each pixel
were also calculated: the x- and y-coordinates (normalized to the
height of the image), the x- and y-coordinates in the bounding
box of the lungs and the distance to the lung wall.
This feature set can be used to classify every 8th pixel and
values in between are interpolated. Classification was done
with a support-vector machine with radial basis kernel, using
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the implementation from Libsvm (https://www.csie.ntu.edu.
tw/~cjlin/libsvm/). This classifier has two hyperparameters,
the width of the radial basis function and the penalty term C,
which are estimated from the data during training. The same
system was used as in CAD4TB: filters, every 8th pixel in a
32-pixel radius, 4 moments of filter responses and position
features [20].
Training was done in 10-fold cross validation, i.e. chest radiograph data were divided in 10 groups, and every group was
classified with a system trained on the other 90% of images.
The training set of chest radiographs was not used to test the
algorithm’s performance. To visualise the working of the texture
system, for each chest radiograph, a colour heat map was generated with red representing high likelihood of being abnormal,
yellow intermediate, green low, and blue very low.

Image score using a quantile rule
The proposed texture analysis system provides a likelihood of
a textural abnormality being present for each pixel in the lung
fields. In order to classify the chest radiograph, these pixel
scores were summarized into a single score. To compute a
single score for each image, all pixel scores were sorted and
the 95% percentile of all scores was determined using the
support-vector machine classifier system. This simple summary statistic has been shown to provide good performance in
previous work [21].

Computer-aided diagnosis on chest radiographs,
analysis by HIV exposure status
In order to develop artificial intelligence algorithms involving
chest radiographs in predicting clinical outcome, the clinical
setting and disease burden profile, including the HIV prevalence, needs to be considered. Hence, analysis using
CAD4Kids for primary-endpoint pneumonia versus nonprimary-endpoint was also done by three HIV-exposure status
groups (HIV-unexposed, HIV-exposed, uninfected [HEU] and
HIV-infected children. Chest radiograph primary-endpoint
pneumonia was prevalent in 163/428 (38%) of HIVunexposed children, 94/284 (33%) of HEU children and 65/
108 (60%) of HIV-infected children [14] and will be described
in detail in a separate paper.

Computer-aided diagnosis versus independent
radiologist
A consensus of three readers was used as the reference standard in this study. To put the performance of the computer
system in perspective, it is common practice to compare it
with an external independent human reading. Blinded to the
reference consensus reading, the radiologist with 12 years’
clinical experience scored a set of 200 randomly selected chest

radiographs from the 858 data set (stratified randomization
100 randomly selected chest radiographs with primary-endpoint pneumonia and 100 randomly selected chest radiographs with no primary-endpoint pneumonia or other infiltrate
only). Each radiograph was scored between 0 and 100, where
0 indicates certainty that the image is normal and 100 indicates
certainty that the image is abnormal. A receiver operating
characteristic (ROC) curve was created for the radiologist.

Data analysis
Data were analysed using STATA software, version 13.0
(StataCorp, College Station, Texas). To compare the results
of CAD4Kids to the WHO standardized chest radiograph 3reader consensus reading as the reference standard, 2x2 tables
were generated using the chi-square test or Fisher exact test as
appropriate. From these, sensitivity, specificity, positive predictive value and negative predictive values and areas under
the ROC curve were generated. Statistical significance was set
as a two-tailed P-value <0.05. The area under the ROC curve
was utilized as a performance measure of the software
CAD4Kids.

Results
During the 2-year study period, 920 cases with WHO-defined
clinically severe or very severe pneumonia were enrolled.
Frontal chest radiographs were available in 885 (96%) cases.
Of the 885 children with available chest radiographs, 27 (3%)
were uninterpretable based on the consensus reading.
The median age of the study population with interpretable
chest radiographs was 6 months (interquartile range [IQR]: 2
to 12 months) with a mean age of 9.04 months. Of the 858
children with interpretable chest radiographs, 426 (50%) were
1 to 5 months of age, 212 (24%) were 6 to 11 months of age
and 220 (26%) were between 12 and 59 months of age. The
HIV status of the 858 children included 428 (50%) HIV-unexposed, 284 (33%) HEU, 108 (13%) HIV-infected and 38
(4%) categorised as HIV-unknown exposure, uninfected. Of
the 108 HIV-infected children, CD4 (cluster of differentiation
4) results were available in 106 (98%) of children. Thirty-one
(29%) HIV-infected children were on antiretroviral therapy
before being hospitalized for WHO-defined severe or very
severe pneumonia.
Using the majority consensus reading, of 858 interpretable chest radiographs, 333 (39%) had primary-endpoint pneumonia, 208 (24%) had other infiltrate only
and 317 (37%) had no primary-endpoint pneumonia or
other infiltrate only. Chest radiograph primary-endpoint
pneumonia was prevalent in 163/428 (38%) of HIVunexposed children, 94/284 (33%) of HEU children
and 65/108 (60%) of HIV-infected children.
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Results of computer-aided diagnosis (CAD4Kids)
for WHO chest radiograph primary-endpoint
pneumonia
To visualise the working of the texture system, a colour heat
map was generated for each test image with red representing a
high likelihood of being abnormal texture, yellow intermediate, green low, and blue very low. The colour heat map results
on test chest radiograph are demonstrated in Fig. 1.
Compared to the radiologist consensus reading of the presence of primary-endpoint pneumonia (n=333) versus nonprimary-endpoint pneumonia (n=525), CAD4Kids had a
sensitivity of 76%, specificity of 80% and area under the
ROC curve of 0.850 (95% CI 0.823–0.876) (Fig. 2).
For radiologist consensus reading of primary-endpoint
pneumonia versus other infiltrate only (n=208), when normal
chest radiographs were excluded, CAD4Kids had a sensitivity
of 77%, specificity of 73% and area under the ROC curve of
0.810 (95% CI 0.772–0.846) (Fig. 3).

Analysis by HIV exposure/infection status
Chest radiograph primary-endpoint pneumonia was prevalent
in 163/428 (38%) of HIV-unexposed children, 94/284 (33%)
Fig. 1 A colour heat map helps
visualise the working of the
texture system. For each chest
radiograph, a colour heat map was
generated with red representing a
high likelihood of being
abnormal, yellow intermediate,
green low and blue very low. a A
chest radiograph demonstrates
right middle lobe primaryendpoint pneumonia. b The chest
radiograph colour heat map
generated by CAD4Kids on the
test image demonstrates the right
middle lobe primary-endpoint
pneumonia as an area of red,
correlating with the consensus
human interpretation using WHO
standardized chest radiograph
interpretation criteria. c A chest
radiograph demonstrates the right
upper lobe primary-endpoint
pneumonia. d The chest
radiograph colour heat map
generated by CAD4Kids on the
test image demonstrates the right
upper lobe as an area of red,
correlating with the consensus
human interpretation using WHO
standardized chest radiograph
interpretation criteria

Fig. 2 Receiver operator characteristic (ROC) curve with 95%
confidence interval (CI) for chest radiograph primary-endpoint
pneumonia versus non-primary-endpoint pneumonia. From the 858
chest radiographs, CAD4Kids had a sensitivity of 76%, specificity of
80% and area under the ROC curve of 0.850 (95% CI 0.823–0.876)
using the radiologist consensus reading of WHO standardized chest
radiograph interpretation criteria as the reference standard
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Fig. 3 Receiver operator characteristic (ROC) curve with 95% CI for
chest radiograph primary-endpoint pneumonia (n=333) versus other
infiltrate only (n=208), where chest radiographs without primaryendpoint pneumonia or other infiltrate were excluded. CAD4Kids had a
sensitivity of 77%, specificity of 73%, and area under the ROC curve of
0.810 (95% CI 0.772–0.846) using the radiologist consensus reading with
WHO standardized chest radiograph interpretation criteria as the
reference standard

of HEU children and 65/108 (60%) of HIV-infected children
[14]. Analysis for CAD4Kids was further stratified by the three
HIV-exposure statuses. The areas under the ROC curve for
CAD4Kids was 0.845 (95% CI 0.806–0.881) in HIVunexposed children (n=428; Fig. 4), 0.850 (95% CI 0.801–
0.895) among HEU children (n=284; Fig. 5) and 0.814 (95%
CI 0.726–0.892) for HIV-infected children (n=108; Fig. 6).

Fig. 4 Receiver operator characteristic (ROC) curve with 95% CI of
CAD4Kids for chest radiograph primary-endpoint pneumonia versus
non-primary-endpoint pneumonia in 428 children not exposed to HIV.
CAD4Kids had a sensitivity of 80%, specificity of 76% and area under
the ROC curve of 0.845 (95% CI 0.806–0.881) using the radiologist
consensus reading as the reference standard

[22]. Using the WHO standardized chest radiograph interpretation definitions [6], readers interpreting paediatric chest radiographs achieved moderate to substantial agreement
(Kappa=0.48–0.62) for WHO-defined primary-endpoint

Computer-aided diagnosis versus independent
radiologist
Using the independent scoring system for chest radiograph
primary-endpoint pneumonia versus non-chest radiograph primary-endpoint pneumonia, from the 200 randomly selected
chest radiographs, the radiologist had a sensitivity of 94%,
specificity of 90% and area under the ROC curve of 0.975
(95% CI 0.955–0.991) using the radiologist consensus reading
as the reference standard. This was better than the CAD4Kids
results (Fig. 7).

Discussion
The chest radiograph remains a major criterion in classifying
pneumonia, and despite the acceptance of the recommended
WHO criteria for reporting chest radiographs of pneumonia in
children, interobserver variability continues to be a problem

Fig. 5 Receiver operator characteristic (ROC) curve with 95% CI for
chest radiograph primary-endpoint pneumonia versus non-primaryendpoint pneumonia in 284 HIV-exposed, uninfected children.
CAD4Kids had a sensitivity of 80%, specificity of 75% and area under
the ROC curve of 0.850 (95% CI 0.801–0.895) using the radiologist
consensus reading as the reference standard
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Fig. 6 Receiver operator characteristic (ROC) curve with 95% CI for
chest radiograph primary-endpoint pneumonia versus non-primaryendpoint pneumonia in 108 HIV-infected children. CAD4Kids had a
sensitivity of 75%, specificity of 77% and area under the ROC curve of
0.814 (95% CI 0.726–0.892) using the radiologist consensus reading as
the reference standard

pneumonia and fair to moderate agreement (Kappa=0.27–
0.66) for other infiltrate [22–25].

Fig. 7 Receiver operator characteristic (ROC) curve with 95% CI from 200
randomly selected chest radiographs, comparing an independent reader for
chest radiograph primary-endpoint pneumonia versus non-primary-endpoint
pneumonia using the radiologist consensus reading as the reference standard.
The radiologist had a sensitivity of 94%, specificity of 90% and area under the
ROC curve of 0.975 (95% CI 0.955–0.991) using the radiologist consensus
reading as the reference standard

Elemraid et al. [22] characterized inter-observer variability
in the interpretation of chest radiographs for diagnosing pneumonia in children according to the WHO radiologic classification. In this study, 169 patients were identified and treated
for pneumonia and/or empyema on chest radiograph and substantial interobserver variability was noted (Kappa=0.7,
P<0.001), with patchy changes (48.8%) and perihilar changes
(28.1%) forming the largest component of this variability in
children younger than 5 years of age [22]. False-negative reports between the two interpretations of chest radiographs
could lead to an underestimation of likely bacterial pneumonia
and also undermine the sensitivity and specificity of study
endpoints used to measure the efficacy/effectiveness of vaccines against bacterial pathogens, such as pneumococcal conjugate vaccine [22].
Machine learning and computer-aided diagnosis, a subfield
of artificial intelligence, is a “rapidly evolving technology”
[26]. There is very limited literature on the use of CAD in
paediatric radiology including chest radiographs. In this study,
we demonstrated that CAD4Kids software textural analysis
generated an area under the ROC curve of 0.850 for identifying chest radiograph primary-endpoint pneumonia in a paediatric population younger than 5 years old, with WHO clinical
severe/very severe pneumonia in which the radiologist consensus reading was used as the reference standard. The overall
sensitivity and specificity for chest radiograph primary-endpoint pneumonia by CAD4Kids, as evident by the ROC curve
of 0.810, were maintained when limiting analysis to those
chest radiographs arbitrated by the radiologist panel as having
at least chest radiograph primary-endpoint pneumonia or other
infiltrate only, i.e. excluding chest radiographs adjudged as
being normal.
Oliveira et al. [12] found that the software Pneumo-CAD in
paediatric chest radiographs, using the Haar wavelet textural
analysis, had sensitivity of 100%, specificity of 80% and area
under the ROC curve of 0.97; however, this study was limited
by a very small sample size of 60 children and poor chest
radiograph quality as chest radiographs were photographed
from a light box using a digital camera with low resolution
and bit depth [6].
In adult studies using computer-aided diagnosis to classify
chest radiographic pneumonia, where a binary radiologist majority consensus was used as a gold standard, the Stanford
group developed the software CheXNet, which generated an
area under the ROC curve of 0.788 for chest radiograph pneumonia [27]. This is in comparison to You et al. [28] with an
area under the ROC curve of 0.713 and Wang et al. [29] with
an area under the ROC curve of 0.633 for the classification of
chest radiograph pneumonia. There has been further development of CheXNeXt, a convolutional neural network to concurrently detect the 14 chest radiographic patterns. On a test
set of 420 frontal chest radiographs with a reference standard
of a majority consensus of 3 cardiothoracic specialist
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radiologists, CheXNeXt generated an area under the ROC
curve for chest radiograph pneumonia of 0.893 (0.859 to
0.924), a sensitivity of 0.594 (95% CI 0.500–0.688) and specificity of 0.927 (95% CI 0.897–0.954).
Using WHO standardized chest radiograph interpretation
criteria, chest radiograph primary-endpoint pneumonia is a measure used for evaluating the efficacy and effectiveness of pneumococcal conjugate vaccine against radiologically confirmed pneumonia, and is also being used as a proxy for bacterial pneumonia
in epidemiological studies [6]. The CAD4Kids textural analysis
software yielded promising concordance in identifying chest radiograph primary-endpoint pneumonia compared to consensus
radiologist readings, with further optimization of the software required. It may have an important role especially in settings where
there is limited clinical expertise in the interpretation of paediatric
chest radiographs using WHO standardized methodology in the
future.
This further substantiates the need for CAD-based systems
to supplement human reading in interpreting chest radiographs in children in areas with limited resources.
CAD4Kids software textural analysis in our study generated
an area under the ROC curve of 0.850 for identifying chest
radiograph primary-endpoint pneumonia compared to nonchest radiograph primary-endpoint pneumonia, and for an area under the ROC curve of 0.810 for identifying chest radiograph primary-endpoint pneumonia compared to other infiltrate, the software performed better than the described
interobserver agreement by human interpretation as described
in the literature [22–24]. Automating the interpretation of
chest radiographs for the detection of chest radiograph primary-endpoint pneumonia leads to objective reproducible results
and a standardized way of chest radiograph reporting globally
[5].
Previous studies on CAD in paediatric chest radiographs included that by Mouton et al. [8], who used CAD textural analysis
to identify pulmonary tuberculosis, which has a different radiographic pattern than investigated in our study on chest radiograph
primary-endpoint pneumonia in the context of childhood
community-acquired pneumonia. Nevertheless, the concordance
of CAD compared to human readings in our study was comparable to their study on CAD, in which the ROC curve was 0.782
(0.655–0.937) for interstitial lung disease [8]. Notably, the study
by Mouton et al. [8] did not use the WHO standardized chest
radiograph interpretation and alveolar infiltrate was categorized
under interstitial lung disease. Unlike Mouton et al. [8], we did
not find significant errors using the CAD4Kids classifier, in the
perihilar or basal areas of the lung fields or left lung fields in our
paediatric study.
The strength of our study was the large sample size of 858
children, compared to other studies, where the number of features
used for classification or feature selection on CAD chest radiographs exceeded the number of chest radiographs with abnormalities. Furthermore, we showed that HIV-exposure and

infection status did not materially affect the CAD interpretation
of chest radiographs, with the ROC curve ranging from 0.814 to
0.850, even though the percentage of chest radiograph primaryendpoint pneumonia in each of the HIV-infection and -exposure
groups varied from 33% to 60%.
Deep learning methods are more accurate in the classification of abnormalities with the added ability to discern various
types of suspected diseases simultaneously and directly from
the chest radiographs. Despite the developmental potential of
deep learning, it is mainly used in limited data sets and is an
area for future research and development [5].
Limitations of this study included that JPEG format chest
radiographs were used, which is not optimal because there is
some loss of image information in the reduction to 8-bit (256)
gray values and the compression used in that format. Original
Digital Imaging and Communications in Medicine (DICOM)
data would have been better, but was unavailable in this study
due to the absence of a PACS system.
The CAD4Kids was tested against the radiologist consensus reading as the reference standard, as is currently the practice [8, 12, 30, 31]. However, a more novel approach would be
to compare the performance of CAD4Kids software on chest
radiographs against a radiologic reference standard like computed tomography or magnetic resonance imaging. The children in our study were only imaged with chest radiographs,
hence this was not done.
A further limitation of our study was that CAD4Kids software was tested on chest radiograph primary-endpoint pneumonia from a single study centre. The application of
CAD4Kids from chest radiographs from multiple different
centres and image sets from different imaging systems would
test the robustness of this software on textural analysis.
In the current approach, lung field markings needed manual adjustment in 37% of chest radiographs. It was challenging for the software to automatically segment lung fields due
to the variability in mediastinal size on chest radiographs in
children younger than 5 years old [17–19]. To improve automatic lung field segmentation, larger training sets of chest
radiographs from children younger than 5 may be required.
Phase 2 of the CAD4Kids project will involve optimizing
automated lung field segmentation. This is being performed
using the evolving field of deep learning, including deep
convolutional neural networks with machine learning algorithms [26].
The CAD4Kids software was divided into four steps: image pre-processing, extracting regions of interest (ROI),
extracting ROI features, and classifying the disease according
to the features. With the development of artificial intelligence
and accumulation of large volumes of medical images, new
opportunities are opening up for CAD systems with deep convoluted neural networks in medical applications [5]. Future
research on CAD for paediatric pulmonary tuberculosis would
be important, especially in a high prevalence setting.
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Conclusion
We showed that HIV-exposure status did not materially affect
the CAD4Kids interpretation of chest radiographs, even
though the percentage of chest radiograph primary-endpoint
pneumonia in each of the HIV-exposure groups varied from
33% to 60%. CAD4Kids software performed better than the
interobserver agreement by human interpretation as described
in the literature. Further development and validation in
multicentre studies are important for future research on
computer-aided diagnosis and artificial intelligence in paediatric radiology.
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