Speed and accuracy benchmarks of large-scale
microbial gene function prediction
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INTRODUCTION DATA AND EXPERIMENTAL SETUP
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We Compared single 0S. multi-label ap- Translation efficiency profiles (TEP) area under the precision-recall curve (AUPRC)
proaches on MGFP based on:

Figure 1: Three data representations and machine learning setup used in experiments. Attribute values represent
presence/absence of genes in genomes in PP representation, predicted gene expression levels in TEP, and
average chromosomal pairwise distances between genes across all genomes in CGN.

e Predictive accuracy: high accuracy is a
prerequisite for applying the classifier in
real-life tasks;

o Computational time: a lower demand
for computational time is of importance | [BREEISINE
when the number of considered func-
tions is high.
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Predictive accuracy:

o Single-label FRF outperforms multi-label
CLUS: CLUS does not fully benefit 02
from the hierarchical relationships be-
tween the functions in an ensemble ran-
dom forest setup as in the case in a
non-ensemble single tree applications to
other data sets.

Ensembles (FRF and CLUS) Outperform PP-kNN PP-NB PP-FRF  PP-CLUS TEP-kNN TEP-NB  TEP-FRF TEP-CLUS CGN-kNN CGN-NB CGN-FRF CGN-CLUS

single model classifiers (NB and kNN).
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, Figure 2: Results of comparisons. The names of classifiers on x-axis are composed of representation and algo-
e While kNN outp erfo.rms NB. when the rit%lm name abbre{/iatifns. Circles represent GO functions and their size dznote GO C]Ztegories’ frequenc?es.
data does not contain missing values Very general functions (frequency > 30%) are omitted. The three box-plots for each classifier represent clas-
(PP), NB outperforms kNN when values sifier’s performance on small (frequency <= 10% — black), medium (10% < frequency <= 20% — blue) and
are missing in the data set (TEP, CGN). large (20% < frequency <= 30% — green) categories. Box-plots represent minimum, first quartile, median,

. . third quartile and maximum accuracy. Execution times are given above the box-plots, where comparisons
Computational time: for each representation are marked in different color. The fastest execution times are expressed in absolute

o Construction of random forest ensembles is numbers, while the other executions times are expressed relative to the fastest times.

faster in the multi-label setup: CLUS out-

performs FRFE.
e NB has the shortest execution time when FUTURE WORK

values are missing from the data. Since new microbial genomes are sequenced at a high pace, we plan to extend used data sets by
including new genomes and to repeat the analysis. A high proportion of missing values makes
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