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Tuberculosis: 4500 deaths per day

Death rate from tuberculosis, 2017
The annual number of deaths from tuberculosis per 100,000 people.
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Tuberculosis

Bacterial infection ?%
Diagnosed by RT-PCR bl |
PCR test is expensive and time
consuming and not always available
~4500 deaths/day

Kills old, very young and the working
population

Affects mainly poor countries/regions
No vaccine (despite decades of effort)
Cheap and effective cure (S10)

X-ray imaging can screen quickly

s

COVID-19

 Viral infection
Diagnosed by RT-PCR —
PCR test is expensive and time
consuming and not always available
~4500 deaths/day currently

Kills almost exclusively the old and
very old population

Affects the whole world

No vaccine yet

No cure

X-ray imaging, CT and blood tests can
screen quickly

GeneXpert is ideal for
COVID-19 Strategies ...
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Triaging with chest x-ray
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Segmentation with Active Shape Models




Texture feature extraction

'y

Input image

Filter bank of Gaussian derivatives at multiple orders, orientations, scales
measures the presence of blobs, edges | lines, of various sizes and orientations
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For each region of interest, a histogram of the response to each filter is computed.
Moments of each histogram (standard deviation, skew, kurtosis) are texture features.
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Result for TB screening database

ROC curve for best performing feature set (A,=0.820).

true positive probability
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Automatic Detection of Abnormalities in Chest
Radiographs Using Local Texture Analysis

Bram van Ginneken*, Shigehiko Katsuragawa, Bart M. ter Haar Romeny, Kunio Doi, and
Max A. Viergever, Member, IEEE

Abstract—A fully automatic method is presented to detect
abnormalities in frontal chest radiographs which are aggregated
into an overall abnormality score. The method is aimed at finding
abnormal signs of a diffuse textural nature, such as they are
encountered in mass chest screening against tuberculosis (TB).
The scheme starts with automatic segmentation of the lung
fields, using active shape models. The segmentation is used to
subdivide the lung fields into overlapping regions of various
sizes. Texture features are extracted from each region, using
the moments of responses to a multiscale filter bank. Additional
«difference features” are obtained by subtracting feature vectors
from corresponding regions in the left and right lung fields. A
separate training set is constructed for each region. All regions
are classified by voting among the k nearest neighbors, with
leave-one-out. Next, the classification results of each region are
combined, using a weighted multiplier in which regions with
higher classification reliability weigh more heavily. This produces
an abnormality score for each image. The method is evaluated on
two databases. The first database was collected from a TB mass
chest screening program, from which 147 images with textural
abnormalities and 241 normal images were selected. Although this
database contains many subtle abnormalities, the classification
has a sensitivity of 0.86 at a specificity of 0.50 and an area under
the receiver operating characteristic (ROC) curve of 0.820. The
second database consist of 100 normal images and 100 abnormal
images with interstitial disease. For this database, the results were
a sensitivity of 0.97 at a specificity of 0.90 and an area under the
ROC curve of 0.986.

Todov TormsChest radiosraphs. computer-aided diagnosis,

The advent of digital chest units could facilitate the applica-
tion of computer-aided diagnosis (CAD) to improve the effi-
ciency of mass chest screening. TB may reveal itself in many
different radiographic patterns, but in most cases a chest radio-
graph of a patient with TB contains areas with diffuse abnormal-
ities. In this paper, we propose a scheme to detect such textural
abnormalities.

The important role of texture analysis in CAD is increas-
ingly recognized [2]. CAD for chest screening against TB is a
new area that has not been directly investigated before. How-
ever, the design of CAD schemes for interstitial disease in gen-
eral has been studied extensively. Ear’
1970s and focuses on the detection of
features extracted from pixel profiles, F
currence matrices [3]-[10]. More recen
interstitial disease in general, and esse
proach: regions of interest (ROIs) are
lected and texture features are computg
spectrum [12]-[15], geometric feature
ters [17], pixel profiles [18], fractal dix
nations of feature sets [20]. Classifica
rules (thresholds) or feed-forward neu

Texture analysis is an active research
of schemes for texture feature extract



Detection of tuberculosis




Input: image. Output: number(s). Classifier/discriminator

LeNet (1998) AlexNet (2012) VGGNet (2013)

D=64 Pool

ResNet (2015)
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Artificial intelligence for the
detection of tuberculosis

0 CE certified

E 40+ publications
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countries
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Computer aided detection of tuberculosis on chest
radiographs: An evaluation of the CAD4TB v6
system

Keelin Murphy!-*, Shifa Salman Habib?, Syed Mohammad Asad Zaidi, Saira Khowaja’**,
Aamir Khan*#, Jaime Melendez’, Ernst T. Scholten', Farhan Amad?, Steven
Schalekamp!, Maurits Verhagen®, Rick H. H. M. Philipsen’, Annet Meijers’®, and Bram

van Ginneken!

Each observer (and CAD4TB v6.0) vs reference standard of remaining 4 observers
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CAD4COVID-xray

* Started with pretrained CAD4TB

* Finetuned on pneumonia data

* Finetuned on COVID-19 x-rays from one Dutch hospital
* Test on data from a second Dutch hospital

* Observer study with 6 radiologists
* They scored each image as:
* (0) Normal: No finding
* (1) Abnormal but no lung opacity consistent with pneumonia
* (2) Lung Opacity consistent with pneumonia (unlikely COVID-19)
* (3) Lung Opacity consistent with pneumonia (consistent with COVID-19)

Sensitivity

Performance against RT-PCR, N=454, Positive:223, Negative:231
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Infection prevention and control measures

Fever (history or no

>37.5°C) or Cough
yes
X-ray CADA4COVID A: High score
X-ray CADATB B: Above threshold
Pulse oximetry SpO, C:<93%
RDT COVID-19 D: positive
v v ! } '
AorD AorD&C AorD&B+xC B+C None

Presumptive COVID-
19 case
non-severe

Presumptive COVID-
19 case
severe

Presumptive COVID-
19 and TB case

Presumptive TB case

Other cause of illness

v

v

v

v

Self-quarantine or isolation
depending on age and
underlying conditions

Confirmatory COVID test
and admission to
specialised ward for care

Confirmatory TB & COVID
tests; transfer to infectious
disease unit for care

Transfer to NTP, confirmatory
TB test and management
according to guidelines

Consider F
febrile illne
transfer to

COVID-19 & TB triage algorithm for low-income countries with community transmission.
Klaus Reither, Swiss Tropical and Public Health Institute, Mistral Study funded by Botnar Foundation




800 maternal deaths per day, 99% in low resource countries

Maternal Mortality Ratio, 2015

Our World
in Data
The maternal mortality ratio is the number of women who die from pregnancy-related causes while pregnant or within 42 days of pregnancy termination per 100,000 live
births.
World
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Low-cost ultrasound devices




BabyChecker: current features

Gestational age Twins Breech position




Automatic measurements are possible
But how to acquire the right frame?




Sweep protocol

K.K. DeStigter et al., Low-cost teleradiology for rural ultrasound, GHTC (2011)
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Automatic detection of pregnancy risks
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. H eda d Classification transversal sweeps

Classification orthogonal sweeps
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Automatic detection of pregnancy risks

. Head Classification transversal sweeps

Classification orthogonal sweeps

Sweep 6
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Sweep 5
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Automatic detection of pregnancy risks

Classification orthogonal sweeps

Sweep 6

Sweep 5

Sweep 4

100 90 80 70 60 50 40 30 20 10
Frame num ber
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Current status of the BabyChecker

* All deep learning networks running real-time on Android phone
* Real-time feedback during acquisition of the sweeps

* Segmentation of placenta for detection of placenta previa

* Investigating adjustment of the sweep protocol

* Planned release 2021




Two examples of low-cost healthcare solutions

* Countries with limited resources are open to use of Al

* Deep learning made rapid development of these applications possible
* They do not run on an expensive GPU
* They do not require millions of example images




