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Twilight zone of protein sequence alignments
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Sequence alignments unambiguously distinguish between
protein pairs of similar and non-similar structure when
the pairwise sequence identity is high X40% for long
alignments). The signal gets blurred in the twilight zone of
20-35% sequence identity. Here, more than a million
sequence alignments were analysed between protein pairs
of known structures to re-define a line distinguishing
between true and false positives for low levels of similarity.
Four results stood out. (i) The transition from the safe zone
of sequence alignment into the twilight zone is described by
an explosion of false negatives. More than 95% of all pairs
detected in the twilight zone had different structures. More
precisely, above a cut-off roughly corresponding to 30%
sequence identity, 90% of the pairs were homologous;
below 25% less than 10% were. (ii) Whether or not
sequence homology implied structural identity depended
crucially on the alignment length. For example, if 10
residues were similar in an alignment of length 16 %X60%),
structural similarity could not be inferred. (iii) The ‘more
similar than identical’ rule (discarding all pairs for which
percentage similarity was lower than percentage identity)
reduced false positives significantly. (iv) Using intermediate
sequences for finding links between more distant families
was almost as successful: pairs were predicted to be

homologous when the respective sequence families had

proteins in common. All findings are applicable to auto-
matic database searches.
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Introduction
Protein sequence alignments in twilight zone

pairs appear to have less than 12% pairwise sequence identity
(Rost, 1997). Furthermore, the average sequence identity
between all pairs of similar structures is supposedly 8—10%,
and the observed distribution (Gaussian peaking around 8%
identity) marks another region, the midnight zone (Rost, 1997).
The midnight zone is populated by protein structure pairs that
may have become similar by convergent or divergent evolution
(Doolittle, 1994; Rost, 1997). Threading algorithms ultimately
aim at revealing homologous pairs from the midnight zone
(Wodak and Rooman, 1993; Bryant and Altschul, 1995; Sippl,
1995; Rost and Sander, 1996; Sippl and Floeckner, 1996;
Fischeret al, 1996; Rost and O’'Donoghue, 1997). Conven-
tional sequence alignment methods become problematic at
much higher values of sequence identity. Methods often fail
to correctly align protein pairs with 20-30% pairwise sequence
identity. Hence, Doolittle (1986) coined the term twilight zone
for sequence alignments in this region. Do the difficulties
of alignment methods in this zone reflect merely technical
difficulties (statistical significance of detection), or is the
twilight zone defined by a particular feature of evolution?

Length-dependent cut-off for significant sequence identity

Pairwise sequence identity (percentage of residues identical
between two proteins) is not sufficient to define the twilight
zone. Instead, analysing the relatively small number of structure
pairs available in 1990, Sander and Schneider (1991) defined
a length-dependent threshold for significant sequence identity.
The threshold curve defined (dubbed HSSP-curve) was roughly
proportional to the inverse square-root of the length for
alignments between 7 and 80 residues, and was clipped to
saturate at 25% sequence identity over more than 80 residues.
In 1990, no pair with more than 30 identical residues of 100
igned had different structures (Sander and Schneider, 1991).
s this still true for the five times larger PDB (Bernstein
et al, 1977) of 199772

Hopping in sequence space
If we could plot the space of protein sequences, would we

observe the protein families as islands? Unfortunately, we
cannot tell. Nevertheless, useful information has been extracted

Protein sequences fold into unique three-dimensional (3Dfrom sequence (Casaet al, 1995) and structure (Maiorov
structures. However, proteins with similar sequences adogind Crippen, 1995) space. In everyday database searches,
similar structures (Zuckerkandl and Pauling, 1965; Doolittle,protein families are widened by exploiting the transitivity of
1981; Doolittle, 1986; Chothia and Lesk, 1986). Indeed, moshomology (Pearson, 1996): (i) a query sequence U is aligned
protein pairs with more than 30 out of 100 identical residuedo a database, say SWISS-PROT (Bairoch and Apweiler, 1997);
were found to be structurally similar (Sander and Schneide(ii) all sequences aligned at levels of significant similarity are
1991). This high robustness of structures with respect taised as new seeds;Uand for each Y SWISS-PROT is
residue exchanges explains partly the robustness of organisrasarched again; (iii) this procedure is repeated until no new
with respect to gene-replication errors, and it allows forsequences are found. Sequence space hopping may be used in
the variety in evolution (Zuckerkandl and Pauling, 1965;combination with knowledge from structures to widen families
Zuckerkandl, 1976; Doolittle, 1979, 1986). Structure align-(Holm and Sander, 1997), or to increase the information
ments have uncovered homologous protein pairs with less thazontained in multiple sequence alignments input to prediction
10% pairwise sequence identity (Valenetzal, 1991; Holmes methods (Rost, 1996, 1997). Recently, the transitivity of protein
et al, 1993; Holm and Sander, 1996; Brenredral, 1996; families has been exploited successfully to automatically
Hubbardet al, 1997). Indeed, most similar protein structure increase the yield in database searches [Ruben Abagyan
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presented the ‘multi-link recognition’ method 1996 at themented by the two versions of the BLAST series: BLASTP
CASP2 meeting (Abagyan and Batalov, 1997); Patkal.  (Altschul et al, 1990; Altschul and Gish, 1996), and PSI-
(1997) presented the ‘intermediate sequence search’ meth@®LAST (Altschul et al, 1997). All 792 unique proteins
and Neuwaldet al. (1997) implemented the same conceptwere aligned against all 5646 proteins from the PDB subset.
(Neuwald,et al, 1997)]. Here, | confirm the original findings Alignments shorter than 10 residues were not considered, as
based on a different data set, and analysed in detail how thidentical polypeptides of up 10 residues are known to occur
gain depended on the number of intermediate sequence, aimddifferent structure states (Kabsch and Sander, 1984; Cohen
their similarity. et al, 1993). Technical limitations (CPU time) required the

Here, | present results of aligning a set of 792 sequencerestriction of the dynamic-programming analysis to the best
unigue (no pair in set has more than 25% sequence identity)000 hits for each of the 792 unique proteins. (Note: this
proteins of known structure against PDB. The following restriction applied only to the final displayed alignment. Of
questions were investigated. Is the number of protein pairs afourse, all possible combinations were explored initially by
non-similar structures proportional to the distance from thehe alignment algorithm.) The resulting final data set comprised
HSSP-curve (egn 1), or do false positives increase more rapidigbout 1.7 million pairwise alignments. For the comparison
in the twilight zone? Is the curve defined by Sander andetween the dynamic programming and the BLAST methods,
Schneider (1991) still valid? Would using sequence similaritythe data set had to be reduced to all pairs that were aligned
rather than identity improve accuracy (as speculated by Schnéy all methods compared (the problem was that neither
ider and Sander)? Finally, can the accuracy be improved foBLASTP, nor PSI-BLAST could be forced to report absolutely
pair alignments by expert rules? The results verify, partiallywrong, i.e. ALL pairwise alignments).

earlier work based on a 1000-fold larger data set (Sander angefinition of sequence identity and sequence similarity

Schneider, 1991). The novel aspects were (i) a definition of z(\].) Pairwise sequence identity was defined by the percentage

threshold for similarity (eqn 2), and a refinement of the : . : :
. N : : : of residues identical between two aligned sequences (e.g.
threshold for identity; (i) an introduction of various expert spartic matching aspartic counts 1: D —=D1: aspartic on

rules. Aspects largely complementing other analyses wer lutamic was a non-match: D — £ 0). (i) Pairwise sequence

(1%3%9?’5‘.” and Batalov, 1997; Pz_aekal., 1997,_Bren_neet al, ._. similarity was defined by the percentage of residues similar
): (i) a large-scale evaluation _of exp_lmtmg mt_ermedlate tween two sequences (e.g. D —<D 1; and aspartic on

sequences (sequence-space-hopping); (ii) a detailed analysig - i \was now considered a match: D =HD). Similarity

of true and false positives providing estimates for accuracy q, eg depend on the particular metric.used to éapture physico-

and coverage of database searches; and (iii) a comparison wilit -, properties of amino acids (note: most amino acids

BLAST, one of the most popular methods for rapid database re not considered 100% similar to thefnselves by typical

searches (Altschut al, 1990; Altschul and Gish, 1996). metrices, as such metrices are based on log-odds, e.g. for the

Methods McLachlan metric only F, W, Y and C yield 100% self-
similarity). Consequently, levels of similarity are not directly
Data set: 792 sequence-unique protein structures comparable between different metrices. For comparability, |
Protein databases are biased towards particular protein familiegsed the McLachlan metric (Gribsket al, 1987) also used
To reduce this bias, analyses are usually restricted to represeiit- the HSSP database (Schneidgral, 1997). In principle,
ative data sets (Hobohmt al, 1992). Here, | chose the there are two ways to convert similarity into percentage values:
maximal set of sequence-unique proteins of known structur@) by normalizing the similarity score by the maximal possible
available in early 1997 (Holm and Sander, 1996). ‘Sequencescore observed in a given metric (percentage residue similarity);
unique’ was defined as ‘no pair in the set falls above theand (ii) by setting an arbitrary threshold of the similarity score
HSSP-curve (egn 1; Sander and Schneider, 1991). As a rulés distinguish similar—not similar and counting the percentage
of-thumb, no pair had more than 25% pairwise sequencef residues that are similar according to this threshold (percent-
identity. Each of these proteins was aligned against the subsage of similar residues). Again, | followed the practice of the
of PDB contained in the early 1997 release of the FSSHHSSP database compiling the percentage residue similarity
database of protein structure alignments (Holm and Sandefnormalized by maximal possible scores). When compiling
1996). This subset amounted in total to about 5646 proteipercentages, the number of identical residues was normalized
chains. Obviously the second step (792 versus 5646) rédy the number of residues aligned, gaps were ignored.
introduced bias into the results. However, aligning the 7925tandard of truth for structural similarity

sequence-unique pairs against themselves would not ha\ﬁmilarity between two protein structures is not uniquely

yielded any result for most of the twilight zone analysed herey no “pitferent structure alignment methods yield different
Thus, 792 versus 5646 was the best compromise in reducm&Ores (Alexandroet al, 1992; Holmet al, 1993; Luoet al

was the Targest possble set of proteins for which structaraf 923 Orengo, 1994; Crippen and Maiorov, 1995; Gerstein
information gwas IOavailable (and ‘ihus false and correct hit nd Levitt, 1996; Holm .and Sander, 1996; Orengo and Taylor,
could be automatically distinguished) ‘Q1996; Zl_J-Kang_and Sippl, 19_96). Such differences can be
i _ : substantial, as illustrated by differences between the expert-
Generation of sequence alignments based database of structural alignments SCOP (Mwtzal,,
Protein pairs were aligned by two different program types.1995; Brenneret al, 1996; Hubbardet al, 1997), and the
(i) Full dynamic programming as implemented in the Smith—automatically generated databases CATH (Orestgal., 1993,
Waterman (Smith and Waterman, 1981) based method997) and FSSP (Holm and Sander, 1996). In general, FSSP
MaxHom (Schneider, 1994) (McLachlan metric, with min- tends to find more pairs of similar structure than do CATH
imum = —-0.5, maximum= 1.00, and gap oper 3, gap and SCOP. However, this is only a trend. For many examples,
elongation= 0.3); and (ii) quick database searches as impleSCOP finds structural similarity and FSSP does not. Here, |
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T Percentagesequencedentity
/1 N
10 15 20 25 30 35
\ Ll Ll 1 Ll 1 1 Ll 1 1
protein A
[T | a3
a1 _human a3_dacno @ ’H’ri/
[IRNEN ’J-\ =
al_delde P g,
ﬁ 8 g rtasssesunsnsiygeesacenn
Yab_cvbZ————\ B 50000 5
Hll| i i/l N\ e
BEE \ &
b1_dacgl 2 r- C 0
Q
£
protein C \——oprotein B—/ E
bbb_escaa
c1_human bb1_eucci
Ay L L L L L) L L L
c2_heltu -15 -10 -5 0
Distance from HSSP threshold
—_Q—true
: fal= Percentagesequencedentity
Fig. 1. Sketch of sequence-space-hopping. The triangle defines three searc
proteins (A, B and C) having mutually less than 25% sequence identity. The ll()l L I15 L .2OI L 125| L .30. L, lis
circles define the three families (all sequences inside the circle indicated by 106
arbitrary namesaa_speciebave more than 25% sequence identity to the
respective search proteins A, B and C). Sequence-space-hopping implies
joining the circles representing the protein families (as shown for proteins A Q 105
and B in the striped circles) if they contain identical proteins that are ST ©40,0,040,0,0,0,0,0
aligned in the same regiorlf cvbin the example given). £
2 10*
=
chose the FSSP database ‘a standard of truth’: any pair fc < 3
which FSSP listed a significant score [zDAR 4 (Holm and 5 10
Sander, 1996)] of structural similarity was considered to be -E
structurally similar. In order to distinguish between true and = 10%
false positives this decision implied that all pairs not listed at
the given cut-off of the FSSP database were structurally nc 10"
|lIlIIlll LELELEL LEL L LI L L B |

similar. However, this brought up the problem of different
structure alignment methods. For example SCOP may consid -15 -10 ) -5 0 5 10
a pair structurally similar, and FSSP may not. Thus, additionally Distance from HSSP threshold

all pairs Wer? excluded from the analysis tha.t were |I§ted Ir.l:ig. 2. Explosion of structurally dissimilar pairs in the twilight zone.
FSSP but with lower z-scores. Even that still left pairs of numbers of true (pairs with similar structure) and of false positives (pairs
proteins with clear levels of sequence identity (more tharwith no similar structure) plotted versus the distance to the HSSP-curve

40%) which were not found listed in FSSP. Thus, | had(Sander and Schneider, 1991), i.e. the horizontal axes give the distance from

to refine this procedure by semi-automatically Checking thépe threshold defined in egn 1 (numbers refer to the paraméteeqgn 1).
he levels of pairwise sequence identity corresponding to the distance were

structural S|mllamy for abou_t 2(_)00 protein pqlrs a_” of which .shown on top. &) Number of pairs observed at any distance (logarithmic
had levels of above 30% pairwise sequence identity [note thigcale). B) Cumulative number of pairs observed (logarithmic scale). For
number was negligibly small, as only 1% of all pairs wereexample, at a threshold corresponding to about 32% sequence identity for
found above this value (Fig. 2B)!]. The particular way in which long alignments, the numbers of true and false positives were equal (arrow

: - - A); at about 29% even the cumulative numbers of true and false positives
the standard-of-truth was constructed implied that estimates fQI'VFerg oqual (arrow in B). Note: numbers of true negatives and falee P

true p_OSitiVe.S might be. Sl_ightly optimistic, estimates for falsenpegatives result from the cumulative sums left of the threshold; percentages
negatives slightly pessimistic. of true and false positives given in Figure 5.

Concept of true and false hits

When Chothia and Lesk (1986) first analysed the relatioreven the entire—alignment is wrong. (However, this extremely
between sequence and structure similarity, they monitored thieritating point was not pursued further in this analysis.)
details of structural differences, and found that the difference3he following cases were distinguished: (i) true positives,
are inversely proportional to the level of sequence identityalignments between proteins of similar structure that fall above
The binary notion of ‘similar structure’ (true or false) used in a given threshold (defined by the sequence alignment method);
this analysis reflected a different focus: the goal was to estimat@) false positives, alignments between proteins of dissimilar
the accuracy in correctly detecting rather than in correctlystructure that fall above a given threshold of the sequence
alighing homologues. Did this imply that correct detection andalignment; (iii) true negatives, alignments between proteins of
correct alignment were not correlated (as often the case fattissimilar structure that fall below a given threshold; and
threading: Bryant and Altschul, 1995; Lemet al, 1995; (iv) false negatives, alignhments between proteins of similar
Sippl, 1995; Fischeet al, 1996)? Not necessarily, but the structure that fall below a given threshold. Note that ‘negatives’
fact is that two homologues can be detected although part—a@and ‘positives’ represent two sides of the same coin: at

87



(1991) had discovered the basic functional dependence between
sequence identity and alignment length, they merely had to
fix two free parameters: the factor and the exponent. Both
were chosen to fit the data observed in 1991, in particular to
reach values of 25% around alignment length of 80, and
values of 100% around alignment length of 10. The principle
functional dependence described by egqn 1 also follows

s ; from statistics, as was recently shown in an elegant work
""""" R b ' ‘i (Alexandrov and Soloveyev, 1998). Lgti = 1,..., 20) be the

4 probability that amino acid occurs in a protein, andy; the

score for randomly aligning two amino acidandj. The score
S of an entire alignment can then be approximated by:

Percentage of identical residues

S=<m>-L

0 30 100 150 200 250 where<m> is the expectation value af;, andL the alignment
Number of residues aligned length. If the values afy; are independent, Gaussian distributed
variables, it follows (after some elementary operations) that
the relation between the standard deviation of the values of
m; (Om ), and the resulting score distributioad is:

100 :I;}:'I.I PR T | I T 1 N T T 1 TR T O'm:L_O'S-O'S

In their original article Alexandrov and Soloveyev work
out an appropriate re-scaling of the dynamic programming
alignment. However, this scheme cannot be applied after the
alignment has been completed (as the threshold functions used
in this work), rather it has to be implemented into the
alignment method.

New curve for length-dependent significance of pairwise
sequence identity

| attempted to solve the problems of the original HSSP-curve
(eqn 1; Results) by defining the following curve for the
separation of true and false positives (Figure 3, grey line with

50 100 150 200 250 dotted circles):

Number of residues aligned p'(n = n + 480 L7082 1+ e-L/1009 (2)

Percentage of identical residues

NI B R

o

Fig. 3. Pairwise sequence identity versus alignment length. The original Wher_e L gave the number of TESidUE_S a”gned between two
HSSP-curve (Sander and Schneider, 1991) (dotted circles, eqn 1) appearedoroteins; p' the cut-off percentage of identical residues over
to fit the true positives (homologueA) better than the false positiveB)( the L aligned residues; anah described the distance in

In contrast, the new curve proposed here (filled diamonds, eqn 2) was mor ; ; :
conservative in excluding false positives. Note that due to the huge numbe&’ercentalge points from the curve (: 0 plotted in Figure 3)'

of pairs the plots for true (A) and false (B) positives appeared almost The Clons_traints in vi_sually selecting the final function were (i)
equally densely populated (Figure 2 revealed the problem of such a scattertdo maintain the functional form defined by egn 1 (and suggested
plot). by the statistics of Alexandrov and Soloveyev, 1998); (ii) to

) hit the 100% mark at alignments that are too short to reveal
any threshold extracted from the sequence alignmmerthe  anything about structural similarity=( 11 residues); (i) to
following equations hold (for cumulative numbers): saturate at levels around 20% sequence identity (reached for

false negatives- true positives= all pairs of similar structure  length= 300); and (iv) to roughly reflect the observed gradient.
Saturation for long alignments was realized by the functional

true negativest- false positives= all pairs of form of the exponent (note: the termh e /@ resulted in an
dissimilar structure. exponential decay). This ‘saturation’ constraint also afflicted
Distance to HSSP threshold the particular value of the factor (0.32 rather than about 0.5
The HSSP-curve was originally defined by (Sander and®S suggested by the distribution of the data, Figure 4).
Schneider, 1991): New curve for length-dependent significance of pairwise
pl(n) = n + [290_15 L0562 for L < 80 sequence similarity
25 , doeL = 80 (1) The original HSSP-curve was derived for sequence identity,

) , not for sequence similarity (Sander and Schneider, 1991). The
where L gave the number of residues aligned between tWqynctional dependence between similarity and length appeared
proteins;p' the cut-off percentage of identical residues overcomparable to the one between identity and length (Results).
the L aligned residues; andh described the distance in This prompted a similar definition for the separation between

percentage points from the curve € 0 corresponds to the e and false positives based on similarity:
original HSSP-curven = 5 to the official HSSP database

releases; curve plotted in Figure 3). Once Schneider and Sander p(n = n + 420 - L0336 - (1+ e7t/2009 )
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Twilight zone of protein sequence alignments

>

The family alignments were taken from the HSSP database
(Schneideeet al,, 1997) with a cut-off at: HSSP-curve 10%
(n = 10 in egn 1), i.e. for alignments longer than 80 residues,
35% pairwise sequence identity was required. All protein pairs
(A,B) in the twilight zone were investigated for whi¢i(A,B)
was larger than zero. Note, the concept of sequence-space-
hopping explored here is being used in everyday sequence
analysis. The novel idea introduced by others (Abagyan and
Batalov, 1997; Neuwalet al, 1997; Parket al, 1997) was
NOT to use sequence-space-hopping, but to use it for reducing
X d false positives in large-scale sequence analysis. Here, | simply
e RN Y2 applied this concept was applied to the large data set explored,
' and investigated its usefulness in dependence on various
parameters.

More-similar-than-identical rule

A simple rule-of-thumb was explored: accept hits only if the
level of sequence similarity was higher than the level of
sequence identity. This rule may appear to be non-selective in
that similarity would always be larger than identity; however,
0 0 RS U B U BAU IR BT SR S for the given definition of similarity (using the McLachlan

: metric), this was not the case.

— T
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Results
Number of false positives exploded in twilight zone

In contrast to 1990, when Sander and Schneider (1991)
compiled their data, now protein pairs of dissimilar structure
were detected above the 30% cut-off (Figure 2A). And these
were not exceptions: at a level of 32% (HSSP-cutiver%,
i.e.n = 7 in eqgn 1), the number of false positives already
equalled that of homologues. For the original HSSP-curve the
number of false positives was 20-fold higher than the number
i ’ ' of true pairs. The transition from 20 to 30% sequence identity
e WV S R B was highly non-linear for true, and false positives (logarithmic
0 50 100 150 200 250 scales in Figure 2): the number of true pairs rose by a factor
Number of residues aligned of 5, that of false pairs by a factor of 200 (Figure 2B). Thus,

. - o . below the region of significant pairwise sequence identity
Fig. 4. Pairwise sequence similarity versus alignment lengi).Qorrectly ~34%) th lati f fal iti loded. H
detected structural homologue8) (false positives. Open circles, original ( 0) € popu a '9” Of Talse posiuves exploded. Howevet,
HSSP-curve (Sander and Schneider, 1991) (egn 1); filled triangles, new ~ @ls0 the vast majority of homologues had less than 30%
curve proposed here (eqn 3). sequence identity.

Functional shape of original HSSP-curve adequate

where L gave the number of residues aligned between twadrhe functional shape of the original HSSP-curve proved to be
proteins; pS defined cut-off for the percentage of residue basically correct (Figure 3, grey line with triangles). However,
similarity over thel aligned residues; and described the the larger data set analysed here revealed several problems in
distance in percentage points from the curme=( 0 plotted detail (Figure 3B). (i) A threshold of 25% was not reasonable
in Figure 4). for an alignment length below 150-200 residues. (ii) Above
Sequence-space-hopping an alignment length of about 100 residues, the derivative of

. . .. the curve separating true and false positives should be lower
Suppose proteingy, and By were less than 25% identical;
famly As guen : & &) such tha i protens n (120 1 enhsbelon £ | atenvted (0 one hece propiens
the family A are more than 25% identical #,); analogously y 9 P 9 P

family B is given by: B, By..., B.}. Although A, and By (egn 2; Figure 3, grey line with dotted circles). The particular

differed by more than 75%, it may well be true that both Werefuncuonal form guaranteed an approximate saturation for long

: ; : A alignments. For alignments shorter than 11 residues eqgn 2
g!lngIfe(;lhticS) tge tshaem(?ai,iqu‘iggise’nléee.-égztczrh(S)?)f;ﬁg’. '?ief;rs tyielded values above 100%. However, this was acceptable as
I : A~ 00% identity for fragments of 10-11 residues doesimpl
simply extending both familieA andB to become: f, A,..., ity for Irag o ) Ply )
A, By By.... B} (Figure 1). Technically, | described this stru~ctural similarity (Cerpat al, 1996; Minor and Kim, 1996;
situation by compiling a simple matritd(A,B) that contained Motﬂ)?ofz anlql Serra?o, 1996). Tht?] nev2\/5((:)urve_ dsaturated around
the number of overlapping proteins (i.e. those contained botﬁ ° .or alighments ovc?r rTlore an r.es-l u.es.
in family A and B) between all proteins in the test set (792 Defining a curve for pairwise sequence similarity
chains) and all proteins in the search set (5646 chains). F&Compiling sequence identity neglects the physico-chemical
example,H(A,B) = 5 implied that test proteiA and search nature of amino acids. Any multiple sequence alignment
proteinB had five identical proteins in their family alignments. illustrates that, for example, the feature hydrophobicity is more
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Fig. 5. Accuracy and sensitivity for detecting homologues in the twilight zone. How to choose the cut-off line for automatic database searches? The graphs
A-D illustrate the pros and cons of particular choices. Given are the cumulative numbers of correctly detected homologues (trueA)ositidesf, false

positives B), as well as, the cumulative percentages of all correctly detected homologues (true pdSitiexl of all homologues that were missed (false
negativesD) in dependence of the cut-off distance from the thresholds defined in eqn 1-3 (paramé&taesholds: (1) HSSP-curve (eqn 1), (2) new curve

for sequence identity (egn 2), (3) new curve for sequence similarity, (4) subset of proteins for which similarity is larger than identity (grey line in D: false
negatives for this subset), (5) simple cut-off according to sequence identity disregarding alignment length (as often used in practice). Note: counts of true
positives for the simple sequence identity cut-off (no alignment length) did not even fall into the interval displayed.

conserved than is the residue type. For the million proteircut-off according to mere sequence identity (ignoring alignment
pairs investigated here, this was reflected in a shift of thdength), accuracy dropped below 10% at levels of 30% sequence
scatter plot towards lower percentages (Figure 4). In particulaidentity (Figure 5C). Thus, detection accuracy rose almost
for longer alignments false positives fall below 15% pairwise10-fold by the new curves.

sequence similarity. This prompted the introduction of ajmproving detection accuracy by expert rule

threshold specifically for sequence similarity (eqn 3 in ; P
Lo . ; . Experts often apply rules-of-thumb to visually distinguish true
Methods; Figure 4, grey line with dotted circles). The curve_ g false positives. However, many of such simple rules

surpassed 100% for alignments shorter than 12 residues a % : A . .

; a peared not valid for automatic implementation. In particular,
0,

saturated at about 10% for alignments over more than 50 e distributions of the number and length of insertions did

residues. . o not, on average, differ between false and true positives (data
Better detection of homologues in twilight zone by new not shown). Detection accuracy improved marginally by apply-
curves ing the following rules: (i) compile the distance for the

The new curves for length-dependent cut-offs in sequencsimilarity scoren® (eqn 3), and the identity scom (egn 2),
identity (egn 2) and similarity (eqn 3) resulted in clearly lower average over both ff + n')/2), and accept pairs when this
false positive rates (higher accuracy) than the original HSSPaverage is above some threshaold(ii) take pairs whenever
curve (Figure 5B and C). This was paid for by a lower numbeteither identity or similarity surpassed the respective threshold
of true positives detected (lower coverage; Figure 5A). At the(eithernSU n' > n); (iii) take pairs if both values where above

n = 0 (egn 1-3), the old curve yielded about twofold more a given cut-off U n' > n). In contrast, detection accuracy
true positives, but more than 20-fold more false positivedncreased significantly by applying the ‘more-similar-than-
compared to the new curves for identity and similarity. Furtherdidentical’ rule: accept hits found in a database search only if
more, at any level of true positives detected, the number opercentage similarity is larger than percentage identity. This
false positives was smaller for the new curves (eqn 2—-3) thanonstraint resulted in>98% detection accuracy at= 0 cut-

for the original HSSP-curve (eqn 1; Figure 7). When applying off levels (eqn 2-3), while 2—4-fold less true positives were
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Percentage sequence identity/similarity

Accuracy versus coverage for BLAST and full dynamic
programming
The balance between accuracy (percentage of true pairs)
and coverage (percentage of all true pairs) enables choosing
automatic thresholds according to a particular purpose of a
database search. It also permits comparing different methods
" (the higher the values, the better). (i) As expected, the
C commonly used simple level of sequence identity (disregarding
—o—old: Hij)21 | - alignment length) proved, again, an extremely bad choice.
—@—ide: H(i,j)21 - (ii) Surprisingly, the fast database searching method BLAST

>

100

o ide: H(ij)>5 | performed relatively well in comparison to the full dynamic
A ide: H(ij)>10 programming (Figure 7A). (iii) Both BLASTP version 2
- and PSI-BLAST were almost as good as the full dynamic

Cumulative percentage of true pairs

50 ¥

-10 5 0 5 programming with the previously defined HSSP-threshold
B Distance from threshold (Sander and Schneider, 1991). (iv) Best performance was
200 . 8 10* achieved by the new threshold for similarity (eqn 3). (v) How-
L alltrue pairs 4

ever, the raw alignment score performed almost as well.
(vi) BLASTP (Altschulet al, 1990) performed rather similarly

to the more elaborate and more recent PSI-BLAST (Altschul
et al, 1997) (and for ‘high’ accuracy even slightly better,
Figure 7A inset; note: given that standard parameters were
chosen, this was not surprising). The corresponding thresholds
were given in Figure 5B for the dynamic programming, and
in Figure 7B for the PSI-BLAST probabilities.

— Many false negatives at reasonable cut-off values

10 N 0 5 The number of false negatives is often of interest, i.e. the
Distancefrom thrshold number of proteins that belong to a structure family but were
Fig. 6. Improving accuracy by sequence-space-hopping. Distances were N0t detected above a given cut-off. For the data sets used here,
compiled according to the old curve (egn 1, ‘old’), and to the new curve forthe cumulative percentage of false negatives was extremely
identity (eqn 2, ‘ide’). Corresponding levels of sequence identity shown on high for all reasonable cut-off levels (Figure 5D). The vast

top. The cumulative percentages of true positives detected at a given cut-o o . . . .
distance were compiled for three different hopping strategies: hits were fi[najomy of all pairs of proteins with similar structure populate

(no hoping)

150

100

50

Cumulative number of all true pairs

Cumulative number of hopping pairs

accepted if, at least, one (H(A,B3 1), five (H(A,B) = 5) or 10 (H(A,B) = the midnight zone belovy 10% sequence identity (Rost, 1997).
10) proteins were common between two protein families (Methods). Thus, the extremely high false negative rates proved that
(A) Cumulative percentage of true positives (false positives00 — true); methods aligning two proteins merely based on the pairwise

(B) cumulative number of true positives. The comparison of the true levels of sequence h0m0|ogy clearly fail to find the gold mine
positives reached by intermediate sequences and all true positives (grey Iine]c d b h d th Id | hat failed
in B, note: same as in Figure 2) showed that: (i) less than 1/1000 of the tru® aFa ase searches (an that o _er analyses that failed to
positives were reached by intermediate sequences; (i) the number of pairs describe this effect were based on biased data sets).

reached by intermediate sequences did not explode in the twilight zone Thresholds for practical use

(scale on the left covers two orders of magnitude, that on the right only ] e i o )
one). Numbers for true and false negatives would not make sense for this For simplicity the functions (eqn 1-3) were explicitly provided

analysis: as we don’t know all proteins, we cannot conclude that two in tables (ROSt, 1998)_ At levels af = 0 (eqn 1_3) the

families are unrelated only because we don't find a link between them. cumulative number of true positives were (Figure 5): HSSP-
curve (egn 1), 12%; new identity curve (egn 2), 56%; new
similarity curve (eqn 3), 73%. In order to achieve levels of

. . _ 99% correct hitan percentage points have to be added to the
found at t_hls level (Flgure 5A _and C). Hence, applied aS gyryves, wheren was HSSP-curven = 8; new identity curve,
conservative cut-off in automatic database searches, this rujg — 5; new similarity curve,m = 12. For comparison,
proved rather powerful. applying the ‘more-similar-than-identical’ rule yielded levels
Improving detection accuracy by sequence-space-hopping above 99% down ton = —1.

Hopping in sequence space proved successful in discardin )
false positives. Already the minimal constraint to accept a paif-onclusions
if at least one protein was common between the two sequend®apid transition from trivial to needle-in-haystack problem

families yielded levels of around 80% accuracy even downThe twilight zone of sequence pair alignments (20-35%
to cut-off levels corresponding to 20% sequence identitypairwise sequence identity) was characterized by two non-
(Figure 6A, compared with<20% accuracy for the normal |inear transitions. (i) The number of homologues (true positives)
thresholds Figure 5C). Accuracy increased further when morgpse by a factor of about eight (Figure 2A). | obtained a
proteins were required to be common to both familiessimilar result from analysing the first four entire genomes
(Figure 6A). However, sequence space hopping was possib[®ost, 1997) which indicated that this result was general, rather
for only relatively few protein pairs (Figure 6B). Furthermore, than database dependent. (i) The number of false positives
the improvement in accuracy was less clear using sequencesse by a factor of 5000 (Figure 2B). Hence, separating true
space-hopping than by applying the ‘more-similar-than-identand false positives switched from a trivial task (above 35%)
ical’ rule (Figure 5). to the problem of finding needles in a haystack (20-30%).

91



B.Rost

—O— Asimilarity == blast2 it is obvious that we expect to find more pairs for lower levels
—&—Aidmiy  ——psi-blast of sequence identity based on mere statistics, the particular
TV HSSTenve = e = % identity transition in the twilight zone seems not to be evident. However,
e . . . .

this analysis did not provide answers to whether or not the
observed explosion may reflect structural (Chung and Subbiah,
1996) and/or functional constraints.

Poor distinction between true and false positives by
sequence identity, alone

Even journals such as Cell, or EMBO provide an ample source
for the following fallacy: ‘these two fragments of 16 residues
adopt similar structures as they have more than 10 similar
residues’. Thus, one of the most important messages of this
analysis might be the repetition of a point made by others
(Sander and Schneider, 1991): high levels of sequence similar-
ity or identity donot ascertain structural similarity (Figure 5).
VPR IR e Instead, the levels of significant sequence identity and similarity

LB L L depend on the alignment length (Figures 3 and 4), or the
10 20 30 40 30 60 respective raw score of the alignment methods.

Acaiacy

A 100

80

60

Coverag

40

20

Better distinction by new curves for sequence identity and
similarity

The length-dependent cut-off for significant sequence identity
pioneered by Sander and Schneider (1991) needed refinement
in several ways to account for the findings from a 1000-fold
larger data set: (i) shift towards higher values for shorter
alignments; (ii) saturation for alignments longer than 150
residues; (iii) definition of new curve for levels of sequence
similarity. These tasks were solved by introducing threshold
curves for significant sequence identity (eqn 2), and for
—O— aceuracy 01 1 10 100 1000 10 10° significant sequence similarity (eqn 3). The precise definition
S coverage Probability score of PSI-BLAST of the two thresholds was entirely empirical. However, the
Fig. 7. Accuracy versus coverage for various methods and thresholds essential functional dependency of the curves was kept similar
Agcuracy was éllefined as the cgmulative percentage of true positives (actua0 what would be expected from pure statlstlcal considerations.
true/all actual), coverage as the percentage of true positives that were Ithough not true for all problems (Nielseet al., 1996), on
detected at a given threshold (actual true/all trua). Thresholds and average, sequence similarity was marginally more successful
methods showedhidentity, new threshold for length-dependent sequence  than identity in distinguishing true and false positives. The
o s ot onns”  eW curves improved accuracy at a given coverage (Figure 5
(1991; gqn Ci),%i(;ientity threshold givrzenpby sequ{znce identity alone, i.e., and 7). Additionally, this analysis supplied detailed Ievels for
disregarding alignment lengthjignment scorescore used for the dynamic expected accuracy and coverage for the curves defined, as
programming optimization MaxHonblast2 BLASTP version 2 (Altschul well as for standard BLAST searches (Figures 5 and 7).
and Gish, 1996)psi-blast BLASTP version 3 (Altschugt al, 1997), run Such estimates may have implications for automatic database

with standard parameters. The values for the BLAST methods were based : ;
on the probability scores reported by these algorithms. The BLAST method?eamhes' They also shed |Ight on the comparison between

did not report all pairwise alignments, thus the data set had to be reduced t8€quence allgn_ments an_d threading teChqueS tha_t both (_)r_ﬂy
the subset for which aligned pairs were reported by all three methods make use of pair comparisons (rather than using family specific
(MaxHom, BLASTP2, BLASTP3). Note that whereas the curves for the profiles): already at levels of 25% sequence identity, pair
BLAST mle”;]"ds' as V]f'e" as f‘?.r identity and S.im”alr.iéyfarer:ike'y to hlo'd up. alignments detect only 10-30% true positives. This is below
in general, the curve for the alignment score is valid for the particular : ; ; . :
implementation of the dynamic programming in MaxHom, and for the the level of what t_hreadmg t_(aChmqueS a_Ch'eve In thQ interval
particular choice of parameters (Methods)) Detail of the relation 0-25% sequence identity (Sippl, 1995; Fischer and Eisenberg,

between the BLAST probability (here for psi-blast), and the cumulative 1996; Russelkt al, 1996; Rostet al., 1997).
number of true/false hits, as well as percentage accuracy and coverage.

Cumulativepercentages

Cumulative number of pairs

—h—tre
—— false

Improved accuracy by ‘more-similar-than-identical’ rule and
sequence space hopping

The explosion of false positives shed light on the shape offhe number of false positives was significantly reduced by
sequence space. From 100-35% sequence identity, any residwe techniques (only the first of which was novel to this
exchange resulting in a stable structure maintains structurevork). (i) The ‘more-similar-than-identical’ rule: 95% of all
From 28-35% sequence identity, most residue exchangegsirs for which percentage similarity was larger than percentage
maintain structure. From 20-28% sequence identity, thédentity had similar structures. Thus, this constraint clearly
absolute majority of residue exchanges forming stable strudmproved detection accuracy. The cost was low coverage: for
tures populate different protein families. Is the explosiononly 10% of the structurally similar pairs the percentage
caused by features of structure space? If one generates protaimilarity was larger than percentage identity. This might be
sequences at random (or randomly superposes non-relatedplained by the fact that half of the protein, on average,
proteins), the counts for most of the region above 10%embedded in loop regions, may tolerate residue exchanges that
sequence identity are negligible (Rost, 1997). Thus, althougbo not conserve physico-chemical properties (and thus decrease
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the overall average more than the few to-be-conserved-regiori®997). However, in detail the numbers differed between the
increase it). (i) The usage of ‘multi-links’ (Abagyan and recent analyses. Obviously, the absolute values depended
Batalov, 1997), ‘intermediate sequences’ (Patkal, 1997), crucially on the particular choice of the data set. Abagyan and
‘transitivity’ (Neuwald et al, 1997), or ‘sequence space Batalov (1997) analysed various substitution metrices on a
hopping’: most protein pairs that contained a similar subset oflata set comparable to the one used in this analysis. They
identical proteins in their respective sequence families wereoncluded that raw alignment scores provide better separations
found to have similar structures even at low levels of sequencbetween true and false positives than do length-dependent
homology. Obviously, the validity of transitivity (detection cut-offs for sequence identity and similarity. The difference
accuracy) between protein families (Figure 1) depended obetween their result, and the one shown here may result from
the distance between the families (Figure 6). Interestingly, théhe fact that Abagyan and Batalov (1997) used the optimal
improvement of accuracy hardly depended on the number athoice of all parameters for comparing the raw alignment
proteins required to be common to two families. This suggestedcore to sequence identity and similarity. Brenner and co-
that although the vast majority of protein pairs with 25% workers have analysed the accuracy and coverage for various
sequence identity had dissimilar structures, the ‘islands’ popustatistical scores (Brennet al., 1998). They used a completely
lated by structure families were well separated. Unfortunatelydifferent data set than | did. An approximate comparison of
for the data set explored here, the yield of this analysis wathe two analyses was possible by the reference point of
found to be very low: on average only one in 1000 pairs wasimple identity (ignoring alignment length). It seems that the
reached via intermediate sequences (Figure 6). Furthermorperformance for the best separation method they find (new
sequence-space-hopping resulted in clearly lower coveragEASTA) was comparable to the improved, simple thresholds
accuracy ratios than did the application of the ‘more-similar-defined here (eqn 2-3). Here, the BLAST probability was

than-identical’ rule (Figures 5 and 6). found to be a relatively good way to separate true and false
Beginning of the 90's: over-estimation of sequence alignmenPositives (Figure 7A): it was only slightly inferior to the raw
methods dynamic programming alignment score, results for which hold

up exclusively for the particular choice of parameters and the

Until 1996, very few people had taken up the laborious rticular alignment algorithm used.

task of objective large-scale analyses of protein sequen(,%a ' '
comparisons. Partially, because automatic structure comparisdriresholds in practice

methods are fairly recent. The few earlier workers (SandeThe advantages of the length-dependent levels of identity and
and Schneider, 1991; Vogtt al, 1995; Gotoh, 1996) based similarity (eqn 2-3) over other thresholds (Abagyan and
their work on data sets of about 1000 pairs of protein structur@atalov, 1997; Alexandrov and Soloveyev, 1998) was that
alignments. Gotoh (1996) and Voet al. (1995) used the same these thresholds, in principle, are applicable to any alignment,
set (Pascarella and Argos, 1992) for testing different alignmemind may relate more explicitly to structure. Identity and
methods, and a variety of substitution metrices. They focusedimilarity can be compiled easily without having to re-do the
on monitoring the detailed accuracy in terms of number ofentire database search. In practice, this does not always hold
residues correctly aligned. Due to the small data set gbgt. up: (i) different parameters (e.g. the way in which gaps are
(1995) found about 98% true positives at 30% sequenc@reated) may result in different alignments; and (ii) the similar-
identity (ignoring alignment length), and 50% true positivesity values compiled hold for the choice of a particular metric
at 20% sequence identity. For the 1000-fold larger datghere McLachlan). Additionally, the thresholds introduced here
set used here the corresponding values were quite differepfovide independent evidence for the separation, and permitted

(ignoring alignment length): 11% true positives at 30%the application of the successful ‘more-similar-than-identical
sequence identity, and 5% true positives at 20% identityryle.

However, even the more conservative analysis introducing, . .
the importance of alignment length for levels of significantqlvIII the analys'ls hold up for the next 500 Structures?'
sequence identity (Sander and Schneider, 1991) still overlhe results given here based on the largest possible data

estimated the possible levels of sequence identity betwee$et for which structural alignments provided a well-defined
proteins of dissimilar structure. distinction between true and false. One conclusion was that

End of the 90's: database searches do not reach the seven years ago (Sander and Schneider, 1991) the database
gold mine, yet ' was too small to capture the c_ietalls. W|II_th|s galso be true in

' . ) o ! 005? Answers have to remain speculative. (i) Although the
The thresholds for sequence identity and similarity defineqjzianase used in 1990 was 1000-fold smaller than the one
here, as well as those established by others (Abagyan angeq here, some principle findings were verified. (i) Assuming
Batalov, 1997; Brenneet al, 1998) complemented the levels a1 there are only 1000 folds in nature (Chothia, 1992), and
for ‘significance’ provided by BLAST (Altschul and Gish, that these correspond to about 10 000 families, then even the
1996), FASTA (Pearson, 1996) or other statistical analyseg,|| catalogue of all protein sequences would yield a data set
(Bryant and Altschul, 1995) by addressing the question ‘'hoWwsgsentially only 30 times larger than the one Used here (note:

significant is the significance of the respective alignmentne gata set used corresponded to about 300 different folds
method?’. Based on quite different data sets the princip ligned against about 1000 families).

messages were similar: (i) most proteins of similar structure .

were not found by pairwise sequence comparisons at reasonatii@ther more accurate, or more sensitive?

cut-off thresholds; (ii) raw scores from dynamic programmingAn accurate and sensitive distinction between true and false
methods were comparable to the original length-dependenositives is important for automatic database searches. The
cut-off thresholds for sequence identity (Sander and Schneidemew curves introduced here (egn 2-3) proved slightly more
1991); (iii) dynamic programming was only slightly superior sensitive (higher coverage) and more accurate than the previ-
to BLAST searches (Altschul and Gish, 1996; Altsckulal., ously proposed curve (Sander and Schneider, 1991). The
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accuracy increased significantly by applying the ‘more-similar-Gotoh,O. (1996). Mol. Biol, 264, 823-838. _

than-identical’ rule, and by sequence space hopping. Howeveﬁrgg'ﬁ‘\";ﬁ";is'\é'g'_-ggg?”'M' and Eisenberg,D. (198Moc. Natl Acad. Sci.

accuracy was galned atthe ex_pense C_)f Cover"’_‘ge' Wh":_h IS moﬂabohm,u., Scharf,M., Schneider,R. and Sander,C. (1$98jein Sci, 1,

important? Clearly, the evolutionary information contained in 409-417.

multiple alignments is the single most important contributionHolm,L., Ouzounis,C., Sander,C., Tuparev,G. and Vriend,G. (1$98)ein

to improving protein structure prediction in the 90’s (Rost and oSIr%I’Ll’aln%g;ﬁng:b (1998jucleic Acids Res25, 231-234

_Sander, 1996; R.OSt and O Donoghue, 1997). Is the gain bﬂolm:L: and Sanderzc: (199Proteins 28, 72-82. 7 .

mcreaseq dlve_rsny more important than thelloss of accuracyoimes,K.C., Sander,C. and Valencia,A. (1993FB, 3, 53-59.

when using alignments for structure prediction? The answerubbard, T.J.P., Murzin,A.G., Brenner,S.E. and Chothia,C. (199mleic

depends on the particular prediction goal. For example, for ﬁCldr?V%eS-ZjSZEJGd—Z?- (198Aj0c. Natl Acad. Sci. US/BL 1075-1078
it H H H H apscn,W. an anaer,C. c. Natl Acad. Sci. , — .

Zigg?;fry(ihr: g]t‘]t“:t p;gga\l/%nrsﬂge{;g%/ Iai n;gg;e)lmvsﬁretraen;;h% rEemer,C.M.-R., Rooman,M.J. and Wodak,S.J. (19Rg)teins 23, 337-355.

y, - 0 e 0), . ) [uo,Y., Lai,L., Xu,X. and Tang,Y. (1993protein Engng 6, 373—-376.

the prediction of solvent accessibility the opposite is truemaiorov,V.N. and Crippen,G.M. (199Froteing 22, 273-283.

(unpublished). Furthermore, as databases grow coverage ma§nor,D.L.J. and Kim,P.S. (1996)lature 380, 730-734.

be less important than accuracy. Irrespective of individualMufioz,V. and Serrano L. (1996jolding Des, 1, R71-R77.

: : urzin,A.G., Brenner,S.E., Hubbard,T. and Chothia,C. (1985)10l. Biol,
preferences, the sharper the knife cutting between true a 247 536.540.

false positives, the better. This analysis has sharpened th@uwald,AF, Liu,d.S., Lipman,D.J. and Lawrence,C.E. (198Tleic Acids

knife a little, and added new optional tools to it. Res, 25, 1665-1677.
Nielsen,H., Engelbrecht,J., von Heijne,G. and Brunak,S. (1896feins 24,
K led 165-177.
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