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Using machine learning to predict the severity of
salmonella infection
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David Ussery, a Professor in the Department of BioMedical
Informatics at UAMS, and his student, Aakash Bhattacharyya,
discuss using Machine Learning methods to predict the
pathogenicity of a bacterial infection based on genome
sequencing

The bacterial genus Salmonella is a common source of foodborne outbreaks, infecting
more than one million people in the United States every year. Most of the time, the illness
is brief, and recovery occurs within a few days. However, Salmonella infection result in
more than 25,000 hospitalizations, and approximately 400 deaths occur each year in the
US. There is a need to rapidly determine if a Salmonella infection is likely to be serious, to
quickly direct the appropriate medical treatments.

Salmonella was first described by Lignieres in 1901 as ‘le microbe du hog-cholera de
Salmon’ (1,2), named after the American veterinary surgeon, Daniel Elmer Salmon. There
are more than 2500 different types (‘serotypes’) of Salmonella. Historically, each serotype
was named as a species  but was then reduced to one species (Salmonella enterica) in
1987  and last revised in 2005  with the addition of another species (S. bongori).

It is now possible, using high-throughput computational methods, to predict the severity of
a Salmonella infection, based on the genome sequence of a clinical isolate. In principle,
we can transition from a sample to a genome sequence and predict the severity level
within a few hours, as shown in the figure above.

AI and disruptive changes in sequencing technology

The first single-molecule or ‘third- generation’ sequencing machine was introduced in
2014 and has dramatically reduced the cost and time required to obtain bacterial genome
sequences; this technology enables much longer reads. For bacterial genomes, we
routinely obtain approximately 20,000 nucleotides (nt) per read, corresponding to about
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20 genes. With careful sample preparation, we can also obtain reads of approximately a
million nt from human chromosomal DNA. Oxford Nanopore flow cells sequence single
molecules by measuring changes in current as a single strand of DNA passes through a
tiny pore of about 1nm (10 atoms) in width – too narrow for double-stranded DNA to fit!
This change in current is translated to a sequence, with various Machine Learning
methods, such as an artificial neural network trained on known sequences,  including
modified bases,  such as 5mC. This disruptive technology allows for rapid and
inexpensive sequencing, with the newer version of flow cells (R10.4.1) capable of reading
DNA fragments at >99% single read accuracy;  the long reads can be used to
completely sequence and assemble bacterial genomes and plasmids in a few hours,
improving the quality (and quantity) of sequenced genomes. As mentioned in a previous
profile article,  approximately 1.2 million Salmonella genome sequences were available
for comparison as of December 2024. Over the past five months, an additional 200,000
Salmonella genomes have become available (as of May 2025), and the number
continues to grow rapidly.

Computational analysis of proteomes

This brings us to the problem of how to quickly analyze literally millions of genome
sequences, especially with the aim towards helping medical doctors decide whether a
particular strain of Salmonella isolated from a patient is likely to cause severe and
possibly fatal disease. Genome sequences can be stored as strings of four letters (GATC)
representing the four bases in DNA, but digital computers use numbers, and comparing
just letters is obviously not enough. In living Salmonella cells, the genome gets
transcribed into RNAs, most of which encode proteins. The ‘information’ is in the protein
sequence, but again, this can be thought of as just a string of 20 letters, one representing
each amino acid. How does one compute with a string of letters? The basis of this dates
back to the 1960s, with the creation of the Atlas of Protein Sequence and Structure, 
which eventually became part of the UniProt database.

Profile HMMs to abstract proteomes

We have described previously how one can use profile HMMs to find functional domains,
such as Pfam domains,  within all the proteins in a genome, and then use those to
quickly pull out a set of specific proteins (such as sigma factors) from thousands of
genomes, in just a few seconds. These Pfam domains can be used to search for
enrichment in genomes known to cause pathogenicity, and then this information can
serve as input for Machine Learning methods.

Ultimately, we identified a set of Pfam domains that could be utilized as biomarkers for
accurately predicting the severity of cases in 93% of our test set. The methods described
here are just one example out of many – at the time of writing (May 2025), there are more
than 200 articles in PubMed when searching for ‘Salmonella Machine Learning.’ The
number of publications will likely rapidly grow, as labs around the world continue to apply
Machine Learning methods to study Salmonella genomes and pathogenesis.
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The project described here has been accepted for publication – new reference:
Bhattacharyya A, Panday S, Ussery D. Rapid assessment of clinical severity for
salmonellosis cases via protein family domain analysis and machine learning. Academia
Molecular Biology and Genomics 2025;Volume. https://doi.org/10.20935/xxx
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