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o to study signal transduction and pathogenesis of various diseases:
cancer and genetic, neurodegenerative, and metabolic diseases

o for target validation and lead optimization in preclinical drug
development
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Scope of this review

37 miRNA target predictors 12
in animals

Analysis from all key
perspectives including
methodology, evaluation,
usability and popularity/impact  °©
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Empirical, comparative analysis
utilizing recent experimental data

including 2 latest predictors
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o comprehensive assessment of 8 representative methods

o developed a new, simple and effective consensus method
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o created two benchmark databases at the duplex and gene levels

Scope of this review
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Analysis of evaluation procedures used

Empirical results: benchmark datasets
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Empirical results: considered predictors

Predictor has to
o be accessible as a web server or pre-computed database
o predict for at least human and mouse

o predict target site and provide probability of the interaction with
targets

8 methods with 4 published before 2006

o TargetScan, DIANA-microT, miRanda, PicTar, EIMMo (2007),
mirTarget2 (2007), miREE (2011), and miRmap (2012)

o use diverse predictive models: heuristic scoring function,
Bayesian model, SVM, and regression

Empirical results: consensus predictors

Classical consensuses fail
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Empirical results: ConTar

Empirical results: results
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Empirical results: results

= Target gene
predictions
o predictive quality
in function of
probability

o predictive quality
in function of
number of
predicted targets
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‘ Conclusions

= Low predictive quality
o likely due to challenging set of nonfunctional duplexes that were
hoped to be functional Seed type Bmer 7-m8 7-AL Gmer 6bp 5bp 4bp 3bp 2bp _Sum
unctional

Non-functional 18 26 8 7 8 5 4 2 5 83
ratio 0.30 033 0.38 033 053 0.71 0.27 0.17 0.71_035

= No universally best predictor
o TargetScan excels at the target site prediction, either binary or real-value
o MirTarget2 has high specifity, useful to find small subset of accurate targets
o PicTar has high TPR at low FPR, good results with high probability
o number of functional genes predicted by TargetScan and EIMMo is closest to
the native count; they provide good estimate the number of miRNA targets

= New methods that improve predictive quality are needed
o “standard” consensuses do now work
o consensuses should consider orthogonality of predictors




