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Project Goals

Frameshifts can occur in protein coding regions of DNA sequences due to natural processes such
as pseudogenization, in which a gene that has fallen out of use acquires mutations in the normal
course of replication and repair. They can also result from errors made during DNA sequencing,
particularly when using newer long-read sequencers [1]. Improving the annotation of frameshifted
sequences is therefore an important step in improving the annotation of both highly decayed
pseudogenes [2], and microbial metagenomics dataset that increasingly rely on long read
sequencers for assembly [3]. In pursuit of this goal, we have created FATHMM, a sequence
similarity search tool that produces accurate translated alignments between protein profile hidden
Markov models and DNA sequences containing frameshifts.

Abstract

High-quality annotation of DNA typically relies on sequence alignment to produce evidence of
evolutionary relationships between sequences. Annotation of protein coding DNA can be achieved
through translated alignment, in which the DNA is aligned to known proteins by translating codons
into amino acids. In DNA that contains errors, the correct open reading frame can be obscured by
frameshift-inducing insertions or deletions, preventing accurate translation (Fig 1). By explicitly
modeling frameshifts within codons, FATHMM allows translated alignments to accommodate
these errors without changing the translation of the subsequent codons. This is achieved through
the use of a frameshift aware hidden Markov model (Fig 2), supported by dynamic programing
algorithms that allow for variable length codons. The result is significant improvement in the
sensitivity and specificity of translated alignments for frameshifted DNA (Fig 3), with only a
moderate increase in overall alignment run time (Tbl 1).
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Figure 1. Indels break open reading frames. Figure 2. Portion of Frameshift-aware profile
hidden Markov model.
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Figure 3. Sensitivity as a function of false-positive annotation for various translated search tools, on benchmarks without
(left) and with (right) frameshift-inducing insertions and deletions (indels). FATHMM (orange) is much more sensitive
when indels are present, but not prone to error when indels are not present.

Benchmark Runtime (Hours)

Indel Rate | FATHMM LAST TFASTY hmmsearcht tBLASTNn nhmmer BLASTn
0% 68.90 7.43 20.96 11.91 5.95 29.33 5.33
2% 66.65 6.41 17.09 8.89 3.62 26.16 9.02

Table 1. Runtimes of various tools tested in the frameshift benchmark from Fig 3.
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