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ABSTRACT

In the last decade, machine learning((ML), gained significant momentum in health care,
especially for advanced diagnostics and improved patient care. Machine learning is an
application of artificial intelligence (Al) that provides computer based systems with the ability
to automatically learn and improve from experience without being explicitly programmed. The
basic premise of machine learning is to build models that can receive input data and use
statistical analysis to predict an output while updating outputs as new data becomes
available. The models are coded in different programming languages including ; python, r and
java just to mention a few. However, for most African countries, resource scarcity is a
challenge although the technology has proved to be of immense potential and also crucial for
addressing the unique challenges faced by the continent.

INTRODUCTION

Machine learning can be categorized into supervised and unsupervised algorithms.
Supervised algorithms are used when the data used to train is classified and labeled while
unsupervised algorithms are used in unlabeled data. Nowadays, machine learning is used in a
wide range of applications such as social media services, identifying disease and diagnosis,
drug discovery and clinical researches. This position paper highlights the applications of
machine learning in health care and how machine learning and Al techniques can be used as
innovative tools of solving some of the problems faced by the medical field in the African
continent.



1. PYBACT

Pybact is a software that was written in python for bacterial identification. The code
simulates the predefined behaviour of bacterial species by generating a simulated data set
based on the frequency table of biochemical tests from microbiology textbook. Results
indicated that the classifiers could accurately predict its respective bacterial class with 98%
accuracy. This algorithm has assisted microbiologists in rapidly identifying pathogens and
understanding the prevalence of certain strains in different regions.

The figures below show the algorithms code input and output in one of python’s extensive
libraries.
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The input data matrix is depicted as fol-

lows (showing only the first 5 biochemi-

tage

cal test and the first 2 bacterial species):

Table 1 ol

PyBact's data generation algorithm

After the algorithm's procedures have
been performed, the generated output

yields the following data matrix (this ex-

ample shows only the first 5 biochemical

test and 5 strains of the first 2 bacterial

species):
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Schematic representation of biochemical

test data generation by PyBact

2. ANTIMICROBIAL RESISTANCE PREDICTION FROM CLINICAL MALDI-TOF MASS
SPECTRA(ARPCM)

Antimicrobial resistance has become a serious global concern. After having been exposed to
antibiotics, bacteria can quickly develop resistance due to their short growth cycle and
various adaptation mechanisms. Both supervised and unsupervised machine learning tools
have been successfully used to predict early antibiotic resistance, and thus support clinicians
in selecting appropriate therapy. The ARPCM model was written in python and r programming
to predict antibiotic resistance patterns of bacterial isolates based on their genomic data. The
data set combines more than 300,000 mass spectra with more than 750000 antimicrobial
resistance phenotypes from different medical institutions. Validation on a panel of clinically
important pathogens, including Staphylococcus aureus, Escherichia coli and Klebsiella
pneumoniae, resulting in areas under the receiver operating characteristic curve of 0.80, 0.74
and 0.74, respectively, demonstrated the potential of using machine learning to substantially
accelerate antimicrobial resistance determination and change of clinical management.
Furthermore, a retrospective clinical case study of 63 patients found that implementing this
approach would have changed the clinical treatment in nine cases, which would have been
beneficial in eight cases (89%). MALDI-TOF mass spectra-based machine learning may thus
be an important new tool for treatment optimization and antibiotic stewardship.



= README.md 4

resistance prediction using logistic regression), it is sufficient to issue the following

commends e The figures below showcase a visual
T ————— representation of the mode/, input and output code

python plot_figd_curves_per_species_and_antibiotic_2panels.py . f h . /b .
= jn one of pythons extensive libraries.
Afterwards, the output file figd.png will be created, which reproduces the E. coli panel
of Figure 3 in the paper:
= README.md
resistance prediction using logistic regression), it is sufficient to issue the following
= README.md A commands
antibiotic model
Amoxicillin-Clavulanic acid lightgbm 77.06 0.82 43.83 1.83 67.02 1.41 poetry shell # Not necessary if you are already in the virtual environment
1r 75.93 0.76 40.96 2.86 65.81 1.41 @ pythen plot_figd curves_per_species_and_antibiotic_2panels.py
rf 75.71 0.15 41.13 1.29 66.27 1.76
svm-linear 54.09 10.54 30.84 1.63 56.93 2.08
svn-rbf 62.48 13.59 39.91 1.84 64.23 1.63 Afterwards, the output file figd.png will be created, which reproduces the E. coli panel
Cefepime 1lightgbm 88.99 0.63 69.85 2.90 88.17 1.47 L of Figure 3 in the paper
1r 87.54 0.82 63.18 3.07 85.59 1.22
rf 84.91 0.41 66.99 2.65 86.92 1.75
svm-linear 71.46 19.17 47.35 4.90 76.04 3.49
svm-rbf 58.30 35.40 64.24 1.94 85.24 1.51
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CONCLUSION

We can conclude that machine learning is an ideal technique and therefore essential in health
care. However there still exists possible factors that may potentially hinder accurate and
definitive bacterial identification and antimicrobial resistance prediction. That is why it is
important for African researchers who are interested in artificial intelligence to come together
and share ideas on how best they can utilize the available resources at their disposal and
build a solid legacy for African Al.
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