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ABSTRACT

Public sequence databases contain information on the
sequence, structure and function of proteins. Genome
sequencing projects have led to a rapid increase in
protein sequence information, but reliable, experimentally
verified, information on protein function lags a long way
behind. To address this deficit, functional annotation in
protein databases is often inferred by sequence similarity
to homologous, annotated proteins, with the attendant
possibility of error. Now, the functional annotation in
these homologous proteins may itself have been acquired
through sequence similarity to yet other proteins, and it is
generally not possible to determine how the functional an-
notation of any given protein has been acquired. Thus the
possibility of chains of misannotation arises, a process we
term ‘error percolation’. With some simple assumptions,
we develop a dynamical probabilistic model for these
misannotation chains. By exploring the consequences
of the model for annotation quality it is evident that this
iterative approach leads to a systematic deterioration of
database quality.

Contact: WRG: wally.gilks@mrc-bsu.cam.ac.uk;

BA and CAO: audit@ebi.ac.uk; ouzounis@ebi.ac.uk

INTRODUCTION

such as various algorithms and databases, with different
capabilities—as well as manual operations from a variety
of users with different degrees of expertise. This complex,
ambiguous process of computational analysis of biological
information is unavoidably error-prone (Bork and Koonin,
1998).

In particular, the process of similarity-based sequence
annotation has been systematically studied to some extent
(des Jardinst al., 1997; Shah and Hunter, 1997) and
certain sources of error have been identified (Bork and
Koonin, 1998): these range from simple typographi-
cal mistakes (Kyrpides and Ouzounis, 1998) or mere
omissions (Kyrpidest al., 2000) to the delineation of
complex multi-domain protein architectures (Smith and
Zhang, 1997) or the annotation of less well characterized
protein families (lyeret al., 2001). On a genome-wide
scale the amount of errors of this type may actually pro-
liferate (Devos and Valencia, 2001). Therefore, reliable
similarity-based sequence annotation is crucial during
the analysis of multiple genomes, which involves the
automatic database-driven annotation of hundreds of
thousands of genes (lliopoulesal., 2000).

Here, we study for the first time how errors in sequence
annotation propagate in public databases. In many cases
the results of erroneous analyzes are included in sequence

The computational analysis of genome sequences involvefatabases, which at the same time form the primary source
the identification of gene structure, the translation of DNAof information. This iterative process might lead to the
into protein sequences and finally the annotation of genegropagation of these errors in function assignment for
and proteins (Tsoka and Ouzounis, 2000). Annotation ca@n unknown number of gene or protein sequences (Karp,
be defined as the step during which functional assignmerk998). . .

is performed for genes or proteins, usually based on their [N Principle, these erroneous assignments might poten-
similarity to previously characterized sequences in publict'a”y corrupt the full information content of the database

databases (Borét al., 1998).

All the above steps involve the use of computer system
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(Karp, 1998): we thus define this peculiar operation in
bioinformatics as ‘error percolation’, an analogy to a

Yluid substance flowing through a porous medium. In

the context of genome analysis, erroneous assignments
have been described as ‘false positive’ descriptions with
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respect to biological function (Kyrpides and Ouzounis, class A class B
1999). There is only a rather limited literature on this class C
subject, representing either case studies with cautionary
statements (Pallegt al., 1999) or more systematic studies
that address the problem of function assignment b
sequence similarity (Brenner, 1999; Wilsenal., 2000;
Devos and Valencia, 2001; Hegyi and Gerstein, 2001).
We approach this issue by developing a probabilistic
model that captures the principal properties of the erro
percolation process in protein sequence databases al
attempts to identify the key factors that affect database
quality.

A MODEL OF ERROR PERCOLATION
Fig. 1. lllustrating error percolation. Each bag represents a protein

Functional classes of protein sequences class. Each point within a bag represents a protein of that class.
Suppose there exist non-overlapping functional classes Points close together are similar in terms of sequence. The shape
of protein in nature. In principal, these functional classesnd shading of each point representsaitsotated class:® ~ (a);
might represent any classification scheme. @etdenote O ~ (b); [J ~ (c). Arrows indicate the copying of annotation from
the set of all protein sequences in nature belonging to clasme protein to another, resulting in a misannotation. Thus chains
i, fori = 1,...,n. Let 7j denote the probability that of misannotation can arise, extending across dissimilar classes, as
a sequence, randomly drawn from nature, belong€ito illustrated for the set of annotations marked.y

Thusr; represents the relative size of class

M atching sequences random from nature. That ig; is theno-match probability

For two sequences andd, let c ~ d denote the event

that sequence matches sequenal according to some
standard sequence comparison algorithm, such as BLA hen
(Altschul et al., 1990). We assume that ~ d implies

thatd ~ c, i.e. the results of a sequence comparison are n

symmetrical. Lett % d denote the event thatdoes not no=1- Z”J’Mij- ®)
matchd. For a given sequence e i, let ujj denote the i=1

probability thatd ~ ¢, whered is a sequence drawn at

random fromQj. That iS,,LLij is the conditionalmatch Annotated database of known sequences

probability Consider a database of all protein sequences known at time
uij = prob(c~d|c, ce i, deQj). (1) U LetA; denote the subset of this database comprising
all sequences which have been annotated. We define
We assume that; is constant over alt € Qj, sothat annotation as the assignment of a sequence to a functional
WHij = [Lji- class. LetN; denote the size ofl;. For now, we assume
We consider also a related probability. For a giventhat one new sequence, drawn at random from nature,
sequencec € j, let gj denote the probability that is annotated and then added .ty per unit time. That
d € Qj, whered is a sequence drawn at random fromis, we assumeN; = t, i.e. we use database size as a
all those sequences in nature that matcfihat is,qj is  time coordinate. We also assume that annotations are not

ni = prob(d #c|c, ce Q). 4)

the conditionaktlass probability updated, having been entered inth. We relax these
assumptions in the sectiori®eannotation and Model
Gj = prob(d € @j |c, ce i, c~d).  (2) exploration and consequences.

Thus, at timet, A; will contain t annotated protein

Then by Bayes' theorem, sequences. Lat; 1 denote a sequence, drawn randomly

- TTj i from nature, to be added td; at timet 4 1. Write
4j = ZE—l Tk 3) Ci+1 ~ Q to denote the annotation that, 1 is attributed
B to Q. We rmow describe a mechanism by which this
soZ?zl gij = 1. attribution is made. This mechanism is not intended to

For a given sequence € i, let i denote the describe precisely how annotations are acquired in the real
probability thatd »# c, where sequencd is drawn at world. Rather, through its random element, we loosely
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represent the variety of ways in which annotations might The above assumption on the unbiasednesglofis

be determined in practice. not exact, as a consequence of our requirement that
Up to timete, we assume that all sequences have beerJT{t(ctH) #+ ¢. It can be shown that

annotated on the basis of biochemical experiment data. -

We will refer to such annotations asxperimental. For prob(M;(Ci+1) = ¢) = nit, (8)

all imest > te, we assume thati,;_is annotatecby

matching, as follows. First, a subseMi(cii1) € A again assuming unbiasedness4af A more exact theory

awiding this assumption would entail considerable addi-
denotes all sequencas e A; such thatd ~ c. If tional comple>'<|ty. However, the assumption may be adg-
~ guate for our limited purposes, provided that the probabil-

Mi(C+1) = ¢, whereg denotes the empty Seti1 IS i (@) is not large. Indeed, Equation (8) suggests that, for
not inlcuded inA; and a fresh sequenag, is drawn Ig‘ée)t, this progability wiII’beqsmaII. (8) sugg '

from nature, the process being repeated as necessary until'is convenient to rewrite Equation (7) in matrix form.

Mi(ei+1) # ¢. Second, a sequenag’ is uniformly | et p(t) denote ther x n matrix whose(i, k)th element is

selected fromM;(ci+1), and its annotation is copied to p_(t)_ Similarly, let P(t) and Q, denote then x n matrices
. . % 1k ) n

sequence 1. That is, we sety41 ~» Q if d* ~~ Q. f df 50 anda . Let I d te th identit

Third, ¢t41 is added toA; to form At1. This process of orrp_e Tr}?mpi% z;l)n Gik- L€t In denote then x nidentity

annotationby matching, described here, simply amounts matrix. Then (7) becomes

to the familiar operation of copying descriptions from a Pt +1) = QP(1). 9)

selected homologous annotated protein, if available.

is compiled, where, for any given sequenceM;(c)

o ] ] From definition (6), we have
Probabilities of misannotation .
Annotations may be inaccurate, i.e. we may havg ~ Bt 1) = tP(H) + P(t+1)
Qk when in factc11 € i, wherei # k. We are t+1
particularly concerned with the potential for inaccurate - . :
annotations to percolate through the database, via thf(!;\om which, using (9), we obtain
copying mechanism described above and illustrated in - - 1 _
Figure 1. Pt+1D)-PO=-—7 1 (In—=Qn) P).  (10)

Let pi(tk) denote the probability thak; ~~ Qk, given

thatciy1 € Q. That is, pi(i) is theannotation probability

(correct ifi = k and incorrect if # k)

It is evident that the rate of change in mean annotation
probabilities is inversely proportional to database size.

t Continuous-time approximation
pi(k) = prob(Cr+1 ~ Q| Ct+1, Crt+1 € Qi) . Equation (10) is set in discrete time. Its continuous-time
approximation is

Let ﬁ-(t) denote the average of such probabilities up to time -
=t Fik dP(t)y 1

—~ = —Z(lp— QnP(t 11
t ot t( n—QnP®), (11)
Bl = % Z py. (6) and the continuous-time version of (9) is
s=1 —
P) = QnP(), (12)
(t+1) i in whi : - -
To calculatep;, ", we must consider the ways inwhich \yhere t > .. The general solution to differential
the annotationci1; ~» Qg can arise. For each = Equation (11) can be written, for> te,
1,...,n, this annotation may arise because it happens
that the selected sequenad;, belongs toQ;j but has _ n T B
been attributed to clas®y. Note that the model does not P) = Z RMOY iy ¢V, Plte),  (13)
discriminate between different causes of misannotation, i=1

i.e. wij encompasses all p_ossible errors._Assuming, folyhere Rt) = Ni/N, = t/te, the relative size of the
all' s < t, thatAs is approximately an unbiased random qatanase at time A; and i are theith eigenvalue and
sample from nature, it can be easily shown thatt ferte, right normalized eigenvector of matri@,; and

n n
1 = - -
P = . (7) Vo= @i (14)
=1 i=1
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Note thati; = 1andv; = 1n/4/n, wherelp, is the vector ~ continuous-time approximation derived from (16) is
of lengthn having all elements equal to 1. Thus the first -
term of the summations in (13) and (14}is1, /n, which dP® _ _ 1— mPt EM P
. n =—( mP®) + nFe,

does not depend on time, dt n

Equation (13) shows that mformatlon_on d|ffer_ent as-\yhich can be solved to give, fore (., ts,
pects of classification (represented by different eigenvec-
tors) will be lost at different rates. For example, it may be Bty = Q,P. + (P(t) — QnPe) e A-nt-t)  (17)
that the ability to correctly assign sequences from a partic-
ular set of classes will be lost more rapidly than for otherusing (3). The formula suggests rapid (exponential) con-
classes. Overall, we see that information loss is charactevergence toward€), P.. However, the element of approx-
ized by up to(n — 1) distinct rates of decay, + A;, the imation in (17) renders it inapplicable for largeNever-
actual number of distinct rates depending on the structurtheless, it is useful for assessing the impact of occasional
of Qn. Below we consider two possible forms fQr,. bursts of reannotation activity, which is the most that is

As Q) is a stochastic matrix, we have tHat| < 1for likely to be achieved during the current phase of database
all i. If the strict inequalityr; < 1 were to hold for each expansion.

i > 1, Equation (13) would imply that It is possible to continue the simulation for the post-
L reannotation period, > ts, simply by using Equation (13)
B(t) —> ﬁlnllvn_l B(te) (15) again, but withte replaced byts.

ast — oo. Each row of (15) is identical, demonstrating A SIMPLE MODEL OF MATCH PROBABILITIES

that, eventually, the database would contain no informal” the sectionMatching sequences we assumed homo-
tion whatsoever on correct protein classification. Alterna9€neity within each functional class (the match probabil-
tively, if ;i = 1 for somei > 1, then some aspect of 'Y 4ij iS the same for all pairs of proteins frofi, ©2)).
classification would not degenerate with time. For exam/1€r€ We also assume symmetry between protein classes,

ple, if the classe$<; ) were partitioned into sets, and if SO thatri = 1/n for each class, and

the sequence-matching tool never matched two sequences 5, =]
from different class sets, then the ability to classify cor- uij = ’ , (18)
rectly into sets would remain at its level P(te). €, i #]
REANNOTATION where § and ¢ are parameters to be determinetl.

. . represents the match probability between two proteins

To this point, we have assumed that annotated sequencg longing to same functional class whereass the
|a_1|re not reannqtated in the light of subseq_uent datar‘natch probability between two proteins originating from

ere we.con5|d§r a scheme fo_r reannotatlon,_ base(ﬁlifferent classes. These assumptions impose the following
on matching against recent experimental annotations Yiructures on the matrix of conditional match probabilities
general corrections. - . Qn and the no-match probabilities:

Suppose that all new sequences,arriving during a
given time intervalt; , ts], have experimental annotations, T
and are not subject to the usual annotation by matching. Qn = ndn {(5 —€)ln+ 61nln} (19)
Let Pe denote the matrix of experimental annotation o _1_4d (20)
probabilities. ThusP(t) = Pe fort e (t, ts]. Further- == n

more, suppose the annotation of each such sequeiice \yhered, = ¢ + (§ — €)/n. With the above form foQn,

copied to all matching sequences already in the databasgcan be shown that eigenvalugs = Az = ... = Ap =
thereby reannotating them. Stating this more formally, ay _ ¢ /g, and eigenvectorg,, s, . . ., o are such that
each timet e (i, ts], all sequencesl € M;(ci+1) are
reannotated ad ~~ Qy, wherek is such thati ;1 ~» Q. n.. -7 1 T
To simplify the analysis, we assume that= 1/n and 2_vivi =lIn——Inlps.
n; = n for eachi. Then it can be shown that, provided =2
(s —r)/sis small, approximately, ThereforeV,, = I, and Equations (12) and (13) become
Bit+1) = nP) + ~MnPe. (16)  p) = {El 17 4 Rt~ (Q N 1T>} Bt
n - n n-+n n n n+n e
whereMj, is then x n matrix whose elements aygj. A (21)
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Fig. 2. The decay in the proportion of correctly classified proteins in
the databaseR; (t), with increasing database sizR(t), according

to (22). Each curve represents the decay for a particular value of
assumingn = 1000 classes with experimental misclassification rate

Fig. 3. Da_tabase sizeR(t), as afunction of«, for each of several
values ofR;j (t), under the conditions described in Figure 2.

p=0. (1) The Tribes protein family database, accessible
through the Web[Enright et al.., in preparation].
1 1 Tribes classifies the 308879 proteins into 48045
P(t) = {_1n11 + Rt <|n _ _1n1;>} P(te), families. The largest family contains 2775 proteins,
n n 100 families contain more than 100 proteins and
(22) 30 139 families consist of only one member.
fort > te and wherex = €/dy is the exponent of error ~ (2) The full all-against-all BLAST analysis results,
percolation. stored in a database calleé8${M. These represent
Now P(te) = Pe, WherePe is the matrix of experimental 21 934 887 BLAST hits with arE-value smaller
annotation probabilities (sé@eannotation). If we assume than 107>, filtered for compositionally biased region
that P, has a form similar to that of),, i.e. the rate using CAST.
of experimental error between two functional classes is a We consider theTribesfamiliesF; to be the functional
constant, then classes®j. We assume that BLAST is our sequence
0. 1 matching tool. For two proteing; and p2 and given an
Pe=(1—p)ln+ 1nlp. (23)  E-value cutoff < 107°), it can be established, usi®jM,

whetherp; matchesp, (p1 ~ p2) or not (p1 < p2). Note
where the probability of experimental errpiis a parame-  this relationship is not necessarily symmetricah (~
ter to be determined. Finally, Equations (21) and (22) bep, #  p» ~ p1) and contains self-comparisons as
come well as multiple entries for a given pair of proteins.
1 1 The match probabilities and the derivative quantities
P(t) = =1n1] + (1 — p)R()* (Qn — —1n1I> (24) are measured by simple counting procedures. We exclude
n n self-matches and consider at most one match per protein
pair but we do not symmetrify the relationship.

S5 _ 1 T —o 1 T

PU) = ﬁlnln +Ad-pRO (I” B ﬁlnln) - (25) Estimations using one family only

R tati The ab it be int ted i We denote the protein database size with and the
eannotation € above resulls can be integrated Ny, mper of protein families with. For a given familyd;,

Equation (17) to give annotation probabilities during a

. . we define:
reannotation period; , ts]. () N the family si
i) N the family size;

ESTIMATION OF ANNOTATION PARAMETERS (i) TN; the number of possible true matchesitM (i.e.
In order to estimate annotation parameters we analyze ~ Maximum number of true positives):

a database of protein families, which contains com- TN = Ni(N; — 1); (26)
plete genome sequences and SWISS-PROT, as well as

computed pairwise similarity relationships. Thttp://maine.ebi.ac.uk:8000/services/tribes/
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(i) FN; the number of possible false matches (i.e.
maximum number of false positives):
FN; = 2Nij (N — N;); 27)

(iv) TM; the actual true match count &M,

(v) FM; the actual false match count.

Then straightforward calculations lead to the parameter

estimations for familyd; :

The probabilitys; that two proteins, belonging t;,
match each other is estimated by:

~ TM;
Si =

B TM;

TNy Ni(Nj—1)° (28)

The probabilitye; that two proteins, one belonging to
F; and one not belonging t8;, match each other is
estimated by :

FM; . FM;
FNi  2Ni(N = N;)’

o~

€ =

(29)

assuming ¢imple mode) that familiesFj; are all
equivalent.

The probability n; that a protein from3; does

Estimations using more than one family

The previous calculations can easily be generalized in
order to use the information in a subset of familigs}; ¢y

or in the complete databasg£ [1...n]). We only have

to sum counts over the set of family indexgsn analogy

to Equations (28) to (31):

~ ZJTMi
§g= — =9 T 32
T (NN D) (32)
~ Zj FM;

= . , 33
T 2T (NI(N = N) (33)
R > (TMi + 3FM))

—1- , 34
1 (N=—D3,N (34)

2555 (Ni(N = ND) X5 (TME + 3FMi)|

As for Equation (30), Equation (34) can be obtained
noticing:ng = Y 4 %7’7}

MODEL EXPLORATION AND
CONSEQUENCES

In the present work, we have analyzed for the first time
the effect of the iterative strategy for computational
protein sequence annotation. We have developed a
probabilistic framework to address this issue and, using
a mntinuous-time approximation, have computed an
analytical solution (13) expressed in terms of eigenvalues

not match another protein (selected at random) is;ng eigenvectors of the class probability matri@,

estimated by:

T™; + 3FM;
Ni(N—-1) °

n = (30)
whereN; (N — 1) is the number of possible matches

for a protein belonging t&; and% scales the number

of false matches (overall false matches are counted
twice). The equation can also be recovered noticing:

1— 7 = g [(Ni = D& + (N = NDG]-

Using Equations (29) and (30), the resulting family
exponent of error percolatios; is:

~

&  N-1 FM;
1= 2N —N)TM; + 3FM;

o~

aj =

(31)

i.e. as the ratio between the probability of false
match and the probability of match. (We consider this

approach rather than the alternative formula: =
€i /dni Wheredn = €; + (8; — €;)/n, because the latter

Here, we definedatabase quality as the proportion of
sequences correctly assigned to their true functional
class, corresponding to the diagonal terms of maRix
Also, we defineannotation quality as the probability of
correctly assigning a sequence to its true functional class,
corresponding to the diagonal terms of matRx Two
important results arise from these calculations:

(i) In general, the quality of the database decays as
a power law of the (relative) database size. This
is natural, given that the quality of annotation of
an incoming protein is less than the quality of the

database (Equation (6), assumiry) Py,

hence the decrease in database qualﬂ&*(l) <

p;,’, Equation (7).

In particular, there could be a component (cor-
responding to eigenvalues equal to 1, see Equa-
tion (13)) of the classification that will remain

unaffected by error percolation.

=

(ii)

An important conclusion is that we cannot usually expect

is sensitive to the assumption that all families have th@o gain information by increasing the database size

same size.)

with sequences annotated by homology. On the contrary,
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in Figure 3, which might be used to determine how large a
database can become before database quality deteriorates
below a minimum acceptable level. For each of several
settings for the minimum allowable proportion of correctly
classified proteinsB;; (t), Figure 3 plots a curve relating

the maximum database sizR(t), to the decay exponent

.
We observe a substantial impact of the exponent of
percolatione on database quality and achievable size,
shown in Figures 2 and 3 respectively. To gain some idea
of a value fora that might be applicable in practice, we
perform an estimation of the parameters for the simple
model using the complef&ibes protein family database
(see Estimations using more than one family). The
results of the estimations, as a function of the BLAST
value cutoff used to establish the matching relationships
from SIM, are presented in Figure 4a—d. The optimal value
for the exponentr is agpt = 6.2 103, corresponding

to an E-value cutoff of E = 10750 and a true match
probability of § >~ 5%. Such a small value af would

Fig. 4. Paameter estimation for the simple model of match penalize small families of proteins, as it would lead

probabilities as a function of the BLASE-value cutoff E used
to establish the matching relationship with SIM (degimation
of annotation parameters). The complete Tribes family database |
was used i.e. estimations were obtained with Equations (32—-35) an
J = [1...n7] wherent = 48045 is the total number of Tribe

families.

to underpredictions, i.e. leaving uncharacterized many
proteins that have annotated homologues in the database.
practice, there is a tradeoff between the quality of
e annotation (no overpredictions) and the number of
annotated, characterized proteins (no underpredictions).
For the smallerE-value cutoffs in Figure 4a—d, the false
match probability settles around.§ 10~/ and the overall

the model suggests that ultimately complete loss off@ich probability - is of the order of 10%. Injecting
information will take place (Equation (15)). What this this latter value into Equation (8) along with a database

work implies is that homology-based annotations shoukf

izet = 50 000 which corresponds to the database sizes

be performed using the experimental annotation only. Thid? 1995 (Figure 5), we get an upper estimate for the
has not been common practice in the field, even thougRroPability that an incoming protein would not have any
preference for curated databases over sequence archiv@gtch in the database after 1995, pidhy = ¢) < 0.7%.
has been given. For example GeneQuiz embodies sucHis justifiesa posteriori the assumption of unbiasedness
rules (Andradest al., 1999). To achieve this in practice, Of As made inProbabilities of misannotation.
keeping track of the origin of each annotation would be TO estimate the maximum acceptable database size
sufficient (Karp, 1998). at a given quality level, we choose thHevalue cutoff

We have specified the properties of the matchingE = 107%° as a realistic value used in practice. The
tools, describing them by just two probabilities: a truecorresponding parameter estimates &re= 13%,€ =
match probabilitys and a false match probability 3.2 10°%, and@ = 0.03 (Figure 4). These estimates are
(Equation (18)). Under this simple model, the rate of lossconsistent with an ‘effective’ number of classgsz 1256
of valid classification information is controlled by the (Equation (20)). We do not use the actuafrom Tribes,
exponent of error percolatiom = ¢/d, (Equation (22)). as it contains a high proportion of singleton classes,
Using Equation (20), we can rewritez = ¢/(1 — ). themselves defined by lack of BLAST matches. For the
In a very logical way,x is the ratio between the false two values ofe mentioned abovexpt anda@), if we set
match probability and the overall match probability-1y  the minimum acceptable level of database quality.850
for any given pair of proteins, representing a measure ofe. 5% of annotation error, we get a maximum relative
the discriminating power of the matching tool. Figure 2database size of 5000 ferop: and 5 fora; yet, if we
shows how the proportion of correctly classified proteinsset this minimum acceptable level t®0 these numbers
decays over time. We see that the decay is initially verydramatically decrease to 5 and 1.4 respectively. Following
rapid, but appears to slow down as the database siZeigure 5, relative size can be converted to absolute time:
increases. An alternative view of these data is presentesD00-fold corresponds to 25 years, 5-fold to 5 years
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Fig. 6. The probabilityR;; (t) that the next sequence to arrive at time

*° t will be correctly classified (lower curve); the proporti& (t) of
1990 995 2000 2005 correctly classified prot_elns inthe dgtabasc_a at I!r(ml(_jdle curve);

and Bjj (t) when there is reannotation during time intervgl, ts]

Year (upper curve), plotted against relative database dr¢), on a

logarithmic scale. The linear ‘calendar time’ axis would be relevant
] o to a scenario wherB(t) increases exponentially with calendar time
Fig. 5. Growth of the number of entries in two data banks of e text). All curves correspond to the simple model in section
proteins:e SWISS-PROT anad TrEMBL. (—) corresponds to 5 smple model of match probabilities, settings = 13%, e =

the fit to the TrEMBL data with an exponential modeélt = 3.2 106 n = 1256, ando = 0.01. These values imply = 0.030.
N(19952(Y=1995/7 \ith N(1995 = 45252 and a doubling time ’ ’

v = 1.98 year.

and 1.4-fold to 1 year. In plain terms, given the currentye@r whereas the realistic exponénteads to a decrease
database growth and imposing these levels of desirablY 1% per year. _ _ _
quality, these estimates suggest that the iterative homology Figure 6 also shows the relationship between the quality

based annotation strategy may not be sustainable for mof§ €xisting annotationspP (t), and the quality of new
than a few years. annotations,P(t). Up to time te, the two curves are

For the parameter values corresponding Eevalue identical. Once annotation by matching has commenced at
cutoff E = 1029, the system dynamics are shown in timete, Pij(t) immediately drops, and thereafter remains
Figure 6. Note the use of the logarithmic horizontal scaledt a constant distance beloW(t), as required by
in Figure 6. Currently, protein sequence databases afequations (24) and (25). Also shown on Figure 6 is
growing at an almost exponential rate (Figure 5) thereforéhe effect of a sustained period of reannotation, between
the logarithmic scale ifR(t) might be taken to represent a times t; and ts, according to the protocol described
linear scale in calendar time, as indicated on the figure. Iin Reannotation. We see a rapid improvement in this
this process the doubling time of the protein database interval, during whichBR; (t) increases by 0.03 ang(t)
size is transformed to a half-life /o with respect to increases from 12 to 14, but thereafter a decline parallel
database quality. Far = 1.98 year (Figure 5) and =«  to the original track of descent. WheR(t) = 37 that
(resp.a = aopy), We gett/a ~ 66 year (respr/a ~ is roughly 3 years after the end of the reannotation
320 year). Simply put, it would take decades to centurieperiod (Figure 5)R; (t) returns to the level it was at just
before half of the correct annotations will be corruptedprior to reannotation. In short, by incorporating twice as
by error percolation. These values are large compared tmany experimental annotations as was originally available
the span of calendar time in Figure 6 and consequentlat time te, we get a long-lasting improvement of the
the exponential decrease appears as a straight line. Thufgtabase quality of 3%. However, the experimental effort
we see an almost linear decline in database quality ovaénvolved in such a burst of reannotation would probably
calendar time whose slope can be estimated (8)dryz.  be prohibitive. These results underline our views stated
The optimal values of the exponent of error percolationabove that experimentally derived annotations should be
aopt lead to a decrease of database quality [B2% per  kept separately.
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