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In order to infer a 3D-structure of a protein from homology modeling, also
known as comparative modeling, we provide the following methodology. A
profile-profile comparison, instead of sequence-to-profile comparison, is used
to mine databases and find an appropriate structural template |1]. With an
incremental approach we succeeded to distinguish two comparison methods
that classify supertamily and fold. Therefore our original result is to propose
a classifier mixture to best fit the benchmark provided.

On its core, the intrinsic problematic faced in this upstream study is:

Part A To gather homologous sequences

Part B To build profiles from several aligned sequences

Part C To compare two profiles and to score their similarity

The pipeline build is presented figure 1.
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Figure 1: Schematic of the whole pipeline

All the results come from the 21 sequences proposed in the benchmarklist.
The results are presented either as an enrichment curve with one single good
result - considering or not the specificity of the fold or superfamily - or as
a dispersion plot showing the rank for each query. This last analysis allows
to distinguish whether a method has an effect on the spreading of scores

(therefore on the confidence in results), even if the rank does not change a
lot.

The parameters used for the gap penalty opening and extension are pre-
sented Table 1, these parameters were derived from bibliography relative to

the subject |2] and had to be changed to find better results on the bench-
mark.

Parameters Value Bibliography value [2]
Gap opening penalty Dot Product 12 0.07
Gap extension penalty Dot Product 1 0.005
Zero Shitt Dot Product -0.03 -0.05
Gap opening penalty Correlation 5 1.39
Gap extension penalty Correlation 0.5 0.07
Zero Shift Correlation -0.2 -0.21

Table 1: Optimized parameters for scoring functions

This project was realized with the help of Elodie LAINE, Juliana
BERNARDES, and Hugues RICHARD.
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Affine Gap Penalty Experiment with and without afline gap penalties
on the benchmark were launched using the dot product comparison?, and the
enrichment curve was recorded (figure 2 (a)). As expected, the enrichment
curve is better with the affine gap penalty. Moreover, the affine gap penalty
increases the spread in scores which is promising for scoring protein and

eiving an estimation of the certainty and confidence we have on the score.
The figure 2 (b) highlights the spread.
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Figure 2: (a) The enrichment curves for two tests: with and without affine gap penalties,
all other parameters remaining equal. (b) Visualization of the distribution of scores over

HOMSTRAD for the algorithm with and without affine gap penalties.

Correlation, Dot product, & Classifier mixture The correlation
and dot product comparison methods are compared on the benchmark, and
the enrichment curve is presented in figure 3 (b). We observe that the corre-
lation is a most powerful tool to distinguish conserved positions on profiles,
therefore this method is more performing on supertamily recognition as it
is linked to sequence homology. Then we proposed, from two methods to
build a mixture® As expected the mixture has the best performances as
showed on figure 3 (b). We also notice that, we can estimate the maximum
performance using control check. It reveals the method to be sensitive to

the MSA used.
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Figure 3: (a) Enrichment curves with correlation and dot product comparison methods, all

other parameters remaining equal (e-value equals 1e—5). (b) A mixture of the two classifiers.

The profile construction efficiency is assessed using a Control Check pro-
cedure. It reveals the profiles to be of good quality, but improvements are
still required. Beyond the profile construction, our pipeline underscores the
intrinsic difference when ranking a superfamily or a fold, which leads us to
the idea of a mixture to be the most eflicient classifier.

?This procedure was repeated for several e-values with no significant effect on the results, therefore only
the e-value e — 3 is presented in this figure.

bUsing either dot product comparison and correlation, for e.g. when the best result in benchmark is
supposed to be a superfamily then the output of correlation is taken.
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