
Figure 2: Fold recognition performance for the 1640 chains from the SCOP family level.
Numbers indicating percentage of correctly predicted targets from this difficulty level, line
segments indicating estimated 95% confidence intervals. SEQ: plain sequence-sequence align-
ment, PSI: PSI-BLAST, PPA: profile-profile alignment using average scoring, 123D: 123D
profile threading, HMM: HMMer, PPL: JProP profile-profile alignment using log average
scoring

3 Fold Recognition Results

3.1 SCOP Family Level

We performed the modi�ed leave-one-out fold recognition benchmarks and
analysed the results separately for the di�culty of the targets as described
above. Figure 2 shows the results for the 1640 chains from the SCOP family
level. The 95% con�dence intervals indicated in the plot were estimated by
using a normal approximation. It is remarkable that even on this level of
close relationship (SCOP de�nition is \clear evolutionary relationship" with
a general level of pairwise sequence identity greater than 30%) the sequence
alignment is clearly outperformed by all other methods. PSI-BLAST is very
good at detecting these close relationships but is already outperformed by the
simple pro�le-pro�le average scoring approach and clearly left behind by the
threading program 123D. As expected, the HMM is very good at detecting and
precisely evaluating these close relationships with 89.27% correctly assigned
targets. Thus it is very interesting to see that the newly introduced pro�le-
pro�le alignment with log average scoring can still add more than 2%, yielding
a total of 91.34% of fold recognition performance which is a quite signi�cant
lead due to the high performance level and the large sample size.



Figure 3: Fold recognition performance for the 304 chains from the SCOP superfamily level.
See text or caption of figure 2 for details.

3.2 SCOP Superfamily Level

Since pro�le-pro�le alignment was originally designed to detect remote homol-
ogy relationships we expect to see the largest performance gain on the SCOP
superfamily level shown in Figure 3. The plain sequence alignment is clearly
the worst when compared to the more sophisticated methods, getting less than
half the performance of the next candidate PSI-BLAST. While PSI-BLAST is
on par with the simple pro�le-pro�le approach, the performance gap to the
threading program is already widening. The HMM is better than the thread-
ing approach on this level of relationship, predicting 46.71% of the targets
correctly. The log average scoring pro�le-pro�le alignment clearly shows its
strength in detecting weak sequence homology relationships here by outper-
forming the HMM approach by almost 6% getting a total of 52.63% correct
recognition results.

3.3 SCOP Fold Level

On the fold level the relationships between the proteins to be recognized are
fairly weak. Since the relations are weaker than the SCOP superfamily level it
is not likely that the most closely related domain from the PDB40D set shares
the same evolutionary origin with part of the chain. Only a major structural
similarity is present. This is the setting for which threading approaches are
designed, since they make use of tertiary and secondary structure information
instead of relying on the sequence information alone.

Figure 4 shows the results for the 121 chains from this category. A slightly



Figure 4: Fold recognition performance for the 121 chains from the SCOP fold level. See
text or caption of figure 2 for details.

di�erent picture shows up here. The worst performer is PSI-BLAST with
only 6.6% followed by sequence alignment and HMMs with 9.09% and 10.74%,
respectively. It should be noted that the results of the PSI-BLAST and the
HMMer program on this level are probably hampered by the fact that these
programs are the only ones to use signi�cance cuto�s. Thus, sometimes no
prediction at all is produced by these two programs, lowering their chance
of producing \random" hits. The 123D pro�le threading programs performs
competitively on this level, but again, even the threading approach on these
hard targets at 19.81% is outperformed by the pro�le-pro�le alignment with the
log average score leading with 21.49%. The con�dence intervals indicate that
these di�erences are not very signi�cant due to the small sample size, but it is
still intriguing to see the completely sequence homology based pro�le-pro�le
alignment outperform the threading program which makes use of additional
structural information. A closer look at the composition of the ≈ 20% shares
for 123D and log average pro�le-pro�le alignment revealed here that only about
10% of the recognized targets for these two candidates were identical. This
stresses the usefulness of trying di�erent algorithms when predicting folds in
this very hard category. It also leaves room for speculations on an algorithm
combining the strengths of these candidates being possibly capable of reaching
30% fold recognition performance on this SCOP level.

3.4 Overall Fold Recognition

Figure 5 shows a weighted average of the previous results combined with the
167 chains from the SCOP class level that cannot be correctly predicted by
homology search. The theoretical maximum performance that can be reached
in this plot is thus 92.52%. The results obey the pattern from the previous
results. The threading approach and the HMM both at about 72.5% outper-



Figure 5: Fold recognition performance for all 2232 chains. See text or caption of figure 2
for details.

form PSI-BLAST and the average scoring pro�le-pro�le approach leaving the
plain sequence alignment well behind. The log average scoring pro�le-pro�le
alignment manages to increase the recognition rate by another 3%.

4 Discussion

The pro�le-pro�le alignment approach to fold recognition is basically a method
for detecting very remote sequence similarity relationships. Sequence informa-
tion that is not conserved in the most closely related sequences is thrown away
by using the frequency pro�les constructed by PSI-BLAST instead of the se-
quences themselves. Thus, a frequency pro�le is representing a part of the
sequence space around the sequence rather than a single point in sequence
space. In principle, this should allow for an improved detection of remote
sequence homologies.

Nevertheless it is crucial to use a meaningful and sensitive approach to
calculate the alignment score in order to receive best results. The e�ect of this
can clearly be seen in the di�ering results between the mediocre performance
of the average score and the superior performance of the log average score.

Our results show, that even simple pro�le-pro�le approaches like the aver-
age scoring perform competitively to PSI-BLAST. HMM and threading meth-
ods are already capable of outperforming PSI-BLAST in terms of fold recog-
nition performance. Choosing the log average scoring, our pro�le-pro�le align-
ment tool outperforms these more advanced tools. On the superfamily level,
which is by design the most suitable application scenario for pro�le-pro�le



alignment, the log average pro�le-pro�le alignment leads the competition by
6% fold recognition performance. Perhaps even more interesting is the fact that
it can outperform the applications HMMer, �ne tuned on the family level, and
123D threading, �ne tuned on the fold level, as well. Thus pro�le-pro�le align-
ment proves to be a useful tool for judging the similarity of two proteins by
the alignment score for a broad range of similarity relations from very close to
very remote.'

5 Further developments

We are currently working on an extension of the pro�le-pro�le alignment score
to incorporate a secondary structure component into the scoring system. Fur-
thermore, it will be interesting to see whether the promising results of the
alignment score when used for fold recognition also translate into a gain of
alignment quality and reliability.
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