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Introduction

Pathogen DNA Reference Materials to Benchmark Analysis

Metagenomics enable simultaneous analysis for (nearly) unlimited numbers of potential pathogens
« Multiplexed, by design--unlike PCR- and culture-based techniques
* Unbiased — all DNA subjected to same procedures

Transitioning technologies from the bench to the bedside/backyard stymied by lack of reproducibility across the
analysis pipelines

* Regulatory bodies have established performance metrics for evaluating clinical and environmental decision making
» Developers are eager to benchmark their methods with these defined criteria

Q Translating a method to real-world application, and

Q Instill confidence in the analyses

The materials and methods needed to evaluate these new tools are lacking because the sample analysis workflow is
complex, with multiple opportunities for bias and error to propagate.

sample DNA/RNA library DNA read statistical
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Schematic of the sample processing workflow depicts how each processing step skews information
(through error and bias) to yield a result that may appear different from ground truth.

Experimental Methods*

Make mixtures to suit YOUR application
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*Disclaimer: Any mention of commercial products is for information only; it does not imply recommendation or
endorsement by NIST.
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Results

Evaluating Database Effect — Same Data, Different Results
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Effect of algorithm — Different Tools for Different Applications
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The measured vs. expected relative abundance for the 6 sample mixtures. With “default” databases, large differences
observed how each taxonomic classification tool interprets the same data. Data represented <0.003 should have either been not
measured or expected. Filled symbols = sample mixtures species, w/ open symbols = non-RM species.

Raw results from each taxonomic classifier tested show some of the biases of each tool. These include incorrectly identifying
and excluding species, and incorrectly estimating relative abundances.

Discussion & Conclusions

Caveats

« Tool+database linked, confounding effects

e Latin-square design groups taxa, may mask correlations

 New evidence (McLaren, et al. bioRxiv (2019)) suggesting using taxon proportions to
correct biases in relAb give superior sample composition estimates

RM facilitates evaluation of workflow biases

* In silico and subsampled reads mimic physical materials = use both
o Develop analysis methodologies
o Benchmark system behavior

« Sample composition and workflow (e.qg. classifier) effects can be probed
simultaneously to identify biases and errors

Significant work remains to develop rigorous benchmarking
protocols for specific applications
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