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Figure 1. k-means clustering in the subspace of the three leading eigenvalues
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Figure 2: farthest neighbor clustering in the subspace of the three
leading eigenvalues
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Figure 3: estimated probability density functions for the three
clusters depicted in Fig 2.
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Impetus

The sequencing process is a multi-stage oper ation requiring a combination of resour ces, machines, and
operators, resulting in the collection of DNA sequence data. On the JGI sequencing production line,
there existsa network of pathsin which any single traver sal yields a sample. Within this multiplicity
of paths, specific combinations of operations and inputs contribute to under-perfor ming or otherwise
anomalousresults. Isolating these combinationsis difficult as many are not actualized and dir ect
analysis quickly becomes computationally intractable.
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Figure 8: Kullback-Leibler divergence; proposed analysis

dissimilarity metric

Initial effortsfocused on applying factor analysistechniques on the process data directly. Thismassive

dataset contains, but isnot limited to, operator information, resour ce utilization, machine logs and quality
measur ements mapped to 384-well plates of DNA. However, given the high degree of variability in the process

network, It became apparent that traditional factor analysis was incapable of directly inferring root
plate-level resolution.

To makethisinferential leap, principal component analysis was used on the correlation of sequence quality

among samples. After PCA, the dominant subspace lendsitself more favorably to clustering technig
as“k-means’ (aka k-centroids) clustering (Fig. 1) and farthest neighborsclustering (Fig. 2). Then,t
the convolution of a unimodal kernel, a continuous probability density function (pdf) was obtained (

Using k pdfs associated with k classes, rather than a single pdf (Fig. 7), causal relationships were strategically

explored.
Results

Until now, the possibilitiesfor exploratory analysis of the sequencing processwere limited. By preprocessing
data into a more manageable form, this project makes several analysistechniquesfeasible. One can now
return tothe dataset proper, and perform a probabilistic PCA based on the density of an anomalous cluster.
One possibility involves enumer ating all n-tuples of events common to that reduced subset of the dataset. A
memory-mapped I/O C program was implemented to efficiently perform thistask. Another intriguing
possibility also involves clustering, but using the Kullback-L elbler divergence from a distribution of interest
asthedissimilarity metric. Fig. 8 depictsthe divergence of all plates from the pdf of cluster 2 (see Fig. 3) and
exhibits promising characteristics.

These possibilitiesbring our effortsfull-circle. Theuse of latent variables provides a feasible mechanism for
deeper analysis of production trends—a prospect that was previously intractable.
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: _ : : Figure 5: multimodal, multivariate stress
Figure 4: well quality values for a single plate

test of kernel density estimator

Thiswork was performed under the auspices of the US Department of Energy's Office of Science, Biological and Environmental Research Program, and by the University of California, Lawrence Livermore National
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Figure 7: probability density estimate over all plates; this Is
approximately (due to sampling) the mixture of pdfs of Fig. 3
2 B W L A
-
g
S s .\ b
o
()]
] e s e - -—l:-l-—l-il-—l—-l-—il—-il
0.8 | |
2 4 6 8 10 12 14
index
Figure 6: information conveyed by each eigen component; If
the eigenvalue drops below one, thedv conveys less
Information than its own variability; and Is not used for
projection
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