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of somatic hypermutation rates had to be constructed. Using the Stanford_S22 type of segment. Running averages are of length 9.

dataset[2] (a standard for benchmarking the performance of human antibody gene
alignment tools) that consists of 13,153 sequence reads and over 3,000,000 base pairs,
hypermutation rates were calculated. After calculating the most closely aligned
germline recombination, each base pair was compared to the corresponding germline
location to identify mutations. Mutations were recorded as 1, conserved nucleotides as CO N CI usS | ons
0. This created a dataset of over 3,000,000 base pairs annotated by hypermutation rate.

probabilistic 1dentification of segment
boundaries.

There are three main findings of interest for future work. First, a dataset has been built
to facilitate analysis of hypermutation rates. Second, 19 motifs have been i1dentified as
putative causes of non-hypervariable regions, suggesting potential for targeted
experiments. Finally, significant differences in the distribution of hypermutation rates
have been observed between segment types. Work 1s currently being done to combine
these observations with probabilistic methods to improve predictions of gene segment
boundaries and immune response modeling in general. This will enable future
advances 1n fields as diverse as personalized medicine and anti-viral software.

To discover motifs associated with non-hypervariable regions, the non-hypervariable
regions were extracted. These regions were defined as segments at least 5 base pairs
long with no mutations, along with the surrounding 10 base pairs. DREME[3] was
then used to identify putative motifs enriched in the non-hypervariable regions.

To label V/D/] segments, a conditional random field (implemented by CRF++) was
used. After training on a synthetic dataset, it was tested for accuracy and
generalizability on the Stanford_S22 dataset. While training the conditional random
field was computationally intensive (O(7M?)), using the trained model to label

sequences 1s efficient (O(M)). Thus, the use of the conditional random field allowed ACkn OWI ed g eme ntS

for extensive statistical tests (implemented 1n Python) to be performed on labeled
sequences, of which a few significant results are shown 1n the Results section.

Many thanks to Raunaq Malhotra for the helpful scripts and insightful discussions.
Source code and more information is available at www.blengerich.github.io/4-thesis.

Literature Cited

1. Liu, Man and Schatz, David G. 2009. “Balancing 2. Jackson et al, “Benchmarking the performance of 3. Timothy L. Bailey, “DREME: Motif Discovery in 4. William E. Paul (2008). Fundamental Immunology (6
AID and DNA repair during somatic human antibody gene alignment utilities using a 454 transcription factor ChlP-seq data™”, Bioinformatics, ed.). Lippincott Williams & Wilkins.
hypermutation.” Trends in Immunology 30:173-181. sequence dataset.” Bioninformatics, 26(24):3129-3130 27(12):1653-1659, 2011.




