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Protein domains

Structure
Evolution
Function

Sequence-based domain prediction:

__ F-box




Why predict domains?

Nunber of entries in UniProtKB /TrENBL
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Pkinase CaMKII_AD
ABC TM ABC-ATP ABC TM ABC-ATP
AcetylX Bromo

For new sequences, before experiments start...
Domains may imply functions

Experimental alternatives are unfeasible since
protein databases grow exponentially



SHAI DROME /362-385
GNAT XENLA/Z32-255
SNAT MOTSE/236-259
E3C4 DROME/426-449
SUHW_DROAN/221-243
TERM DROME /323-34da
Z020_XENLAA174-196
EVI1 HIMMAN/Z217-239
Z0Z2 XENLA/34-59
EVI1 HIMAN/21-44
ZNF10_HIUMAN/517-539
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ZNlz MIC3A/106-129
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TRAl CAEEL/Z76-300
E3C4 DROME/370-392

Representing
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Computing g-values

p-values of random

data are uniformly

p-values of real data
distributed

have two components
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Step 1: estimate rrg (proportion of data that is false)



Computing g-values

An(® = 7ot Step 2: Directly
Au® =", estimate FDR(t) for
all thresholds t
FDRa = 51 =55 — N = # tests

— n(t) = # sig tests

Step 3: Ensure
monotonicity

g(p) = MiNgp<¢
FDR(?)




The local FDR

Anu]l(t) = myl,

houn (O = 7o, LOC&| FDR =

e Aa0="2, g =12 Posterior Error
L Probability

2 FDR(p = —mll = 20—

= all o

EY local FDR® = h;“” = o7

" all n M

FDR = average local
FDR of significant
predictions




Local FDRs are optimal
for stratified problems

Goal: Find thresholds t. for each stratum (family) / that
maximize predictions

2 nt);
i
constraining the combined FDR across strata to Q.
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Necessary condition of solution:
Equal per-stratum /ocal FDR thresholds!




Empirical FDR tests

A Clan Overlap
TP 1 3 TP
2 4 FP
5 FP

Context Coherence
4 2 1 3

=g

FP TP TP TP
FDR Tests adapted from:

Mistry, et al. Nucl Acids Res. 2013;41: e121-e121.
Terrapon, et al. BMC Bioinformatics. 2012;13: 67.
Ochoa, et al.. BMC Bioinformatics. 2011;12: 90.




Stratified statistics
Improve upon E-values

ClanOv ContextC
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g-value threshold

1e-04 1e-01

1e-07

Disagreement between
g-values and empirical FDRs

ClanOv ContextC

I
\J

= = jdeal /
- (-value /

1e-07 1e-01 1e-07 1e-04 1e-01

Empirical FDR



log, (empirical FDR / q)

LD =

Measuring noise

per domain family

e insig

e sig & |LD|< 2
e sig& LD > 2
sig & LD <-2
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Structural classes enriched In noise

O Transmembrane

o
2 10k - B Other families
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- Rackham et al. IMB
403, 480493 (2010).
- Wong, et al. PLoS
Comput Biol 6,
e1000867 (2010).

- Mistry, et al. Nucl
Acids Res. 41: el121-
el21 (2013).
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noisy families



Domain change (%)

Local FDR outperforms g-values
In families with correct stats

ClanOv ContextC

IFDR
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Domain change (%)

Tiered g-values borrows strength
from repeating domains

ClanOv ContextC
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Domain Prediction Using Context:
dPUC

DEAD Helic C zf

RNA Pol Il domains

Background
— Domains co-occur In limited combinations

|dea
— Score domains in combination

Future work
— Use g-values or local FDRs to improve dPUC

http://compbio.cs.princeton.edu/dpuc/
Ochoa, et al. BMC Bioinformatics 12, 90 (2011).



Conclusions

Local FDRs are optimal for stratified problems
But g-values are more robust to imperfect p-values
For domains, repetitive families have inacurate p-values

Our FDR-based easy-to-calculate statistics improve
domain prediction compared to using E-values

Future work:

— Developing methods that combine these statistics
with domain context

— Improve p-values by improving the standard null
model for protein sequences
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