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The development of powerful algorithms was necessary for processing, analyzing, and 
attempting to make sense of the vast amounts of data the Human Genome Project 
produced. The “assembly” of the genome itself was a process made possible by algorithms 
(1). Algorithms for searching, matching, and pattern-finding constituted a bridge between 
the “raw” data of the genome and the practical application of genomic knowledge – they 
linked DNA to the causes of disease or to evolutionary markers.  
 
Since 2001, algorithms for matching, indexing, and searching DNA and RNA  sequences have 
become ever more central to the way biology is practiced. The Moore’s Law-like growth of 
next-generation sequencing, genome-wide association studies, and personalized genomics 
have generated ever-increasing troves of data to feed ever-faster algorithms. We can trace 
a genealogy of algorithms from FASTA to BLAST to SOAP3 that have reduced these data to 
biomedical knowledge (2). Genomics has been driven by accelerating ways to find patterns 
in large data sets.   
 
These data-hungry algorithms now not only consume DNA sequence, but also 
transcriptional, proteomic, metabolomic, and other forms of biological data. This raises new 
possibilities and new challenges for biomedicine. The most ambitious of these programs 
have begun mobilizing machine learning to make predictions about our future health, our 
future offspring, and our future selves (3,4). They imagine instructing us on what to eat, 
what medicines to take, how to work out, and who to partner with. Algorithms now promise 
us healthier, happier, and longer ways of living.  
 
Such algorithms have also begun to look towards combining biological data with other 
forms of “personal data” -- where we go, what we buy, who we associate with, what we 
“like.”  In so doing, they draw biomedicine more closely into the orbits of the global Internet 
giants that are sucking up and attempting to monetize these various forms of data. 
Biological data risks becoming another kind of data to be bought, aggregated, and used to 
sell things to us (5).   
 
The hopes for the HGP have long been tempered by fears that the genome could reveal too 
much about ourselves, exposing us to new forms of discrimination, social division, or 
control. A predictive and personalized biology is the ultimate DNA dream. But the emerging 
data-driven biology presents significant challenges for privacy, data ownership, and 



algorithmic bias (6,7,8) that must be addressed if genomics is to avoid becoming a 
handmaiden of “surveillance capitalism” (9).  
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