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KNOWN THREE-DIMENSIONAL STRUC-
TURES' (currently about 1000} are
hopelessly outnumbered by known pro-
tein sequences {currently about 26 000,
and the gap is widening. The day when
the sequences of 100000 protalns will
be known s not far off. 3o how can we
clase this sequence-structure gap? The
probiem 15 not a difficult one when we
discover that a new sequence is hom-
plogous to a protein of known tertlary
structure, as “modeling by homelogy' 1s
a well developed art. But for about Hve
out of six new protein sequences, there
i5 no detectable homologous structyre
in current databanks’. In these cases,
we are In the same positlon that proteln
biochemists have faced for at least 20
years: predict protein structure from
the amino acld sequence ax best you
can - uotil one day in the distant foture
your colleague down the hall solves the
structure experimentally by X-ray crys-
tallography or NMR spectroscopy.

Classlcal approaches with up to 83-55%
BCCURACY

In 1ts classlcal and slmplest incar-
natlon, the prediction problem is posed
as that of predicting whether each resl-
due In the protein formse part of an o-
helix (o). a frstrand () or a loop, ie.
predicting secondary structure, A var-
iety of methods have been brought b
bear ¢n this problem, using statistical
information®™"", physico-chemical proper-
tles™B  gequence patterns™®, multk
lavered artificial neural networks!'
and/or Incorporating evolutionary n-
formatlon from sequence famities®Y,
We have compiled dala on several of
the prediction methods in use over the
last ten years (see Box 1}, The average
per-residue accuracy on test cases ol
kmown structure has hovered near
62-62% with values of 65-56% reported
In some cases.

A per-tesidye count is oot the ooly
means of assessing the accuracy of a
particular predictlon method, In certain
cases, the number of x-helices and B
strands, or thelr placement, may be
mare important (see Box 2. However,
any evaluation of the accuracy of a pre-
diction method can be llawed i in-
adequate controls {(cross-valldations)
are not included (see Box 1)

Blind 1ests are a slmpie trick that
avoids any doubts about croggvali-

B. Rost, R. Schneldar and C. Sander are at
EMBL, Meyerhofsirasse 1, 59 Haldelberg,
Garmany.
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Progress in protein structure

prediction?

Burkharg Rost, Reirhard Sch

gider and Chris Sander

Prediction of protein secondary structure is an old problem and progress
has been slow. Recently, spectacular success has been claimed in the
blind predictien of the catabytic subunit of the cAMP-dependent pratein
kinase, When predictions in this and other test cases are assessed criti-
cally, sorme claims of prediction success tum out to be exaggerated, ut 3
kernei of real progress remains: protein structure prediction can be
improved substentiaily when a family of refated sequences is available.
Enough so that molecular biologists equipped with a new amino acid
sequence and & multiple sequence alignment in hand may be tempted to

test the new prediction methods.

dation contrels. Crystallographers ar
NME spectroscopists who are about to
selve a structure clreualate the protein
sequence to predictors; the predictions
are then compared to the experimental
result. The first blind test of this type
was organized by G. £ Schulz on adenyl-
ate kinase in 1977%,

Deun ex machina?

Sudden excitement was generated
recently when Behner and Gerlofi®
claimed very high accuracy for the pre-
dictlon of a protein In a blind rest™
They had raken an aligned set ol se
quences for catalytic subunits of pro-
tein kinases {3rc homologues) and pre-
dicted the secondary structure. Soon
thersafter, knighton et of™ solved the
crystal structure of the catalytic sub-
unit of the cAMP-dependent proteln
nase, The cystallographers' Judgernent
was that the prediction was “remark-
ably accurate, particulazly for the small
lobe' and the predictors’ own assess-
ment was ‘the predictive power ol the
method developed in Ziirich is far better
than any that have preceded It', being
based on ‘a revolution In our under-
standing of the evolutlon of proteins
and an important breakthrough in tech-
nology for organizing and analysing
protein sequence data’.

These claims should be heard with
caution. Success In this case does not
necessarily guarantee future success,
The Zirich method is carred out
by hand using a combination of com-
puter methods and human Intuitlon,
making rigorous testing with large num-

bers of proteins {as shown In Box 1}
impossibie. The actual parresidue pre-
diction success of Benner ef of for
the cAMP.dependent protein kinase is
63%, which is not particatarly impress-
fre, At least one lully automatlc method
does significantly better on this test
case (70% for single residues i a blind
test™).

Blind tests

Howewver, blind tests are an excellent
way of testing all prediction methods.
Just In time For this revlew, the results
of a secand blind test became available:
prediction and true structure of the Sre-
homology (SHY) domaln of protein
kinases were published backto-back®®,
The result? Benner ef af. achieve a per-
resldue accuracy of about 53% and pre-
dict the location and type of four of five
fstrands (B0%) correctly, using thedr
compuler-plus-intuition  method. The
tully automatic profile network method
achieves a much higher 70% for single
resldues and also 80% lor segment lo-
catlon.

These exerclses in structure predic-
tion set the stage, At the current rate of
the arder of 100 new experimental pro-
teln structure determinations per year,
many more blind tests will became
possible Il crystallographers and NMR
ipectroscopists make known that they
are about to sclve a new structure. The
new generatlon of metheds can then be
tested in the toughest possible way, At
the end of 1593 we should know much
better to what extent real progress has
been made (*see footnote on p. 123).

B 1493, Elsevier Schence Publishers, (UK D968—(004,53,506.00
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| Box L How dMferentt ascondary strueturs prediction methods compare when tested on many proteing

Mutaarin of pradiction securscy! pir-reidon seores
| & simple and classical way fo measune acturacy of setondary structure predicticn is 1o compare tha experirmanital and predicted secondary :
- Strugture, residue by residue. Nommally this is done for the three states: e-heliv, Bstrang and loop. Quna MEaSUrEs the overall accuragy and

Qe Quauang. the accuracy for hefices and strands.
=

number of correctly predictad residyes
total numiber of ragidyes
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nurviber of cormectly predicted residues in helices !strandss

et s .
el el nuimber of esidues observed n helices tstrands

! ) ﬂ Q[Dli.l 655

60

Prediction accuracy {5%)

T J T

Lt [ - f 9 Uiy LA
-] ia [y iy [= LA
LUl Ly LErr e b rbtlelirinrt
ROE sy

28
R N B R 2 & §
Memmgﬁagaégéiég mg;m

- The graphs above show the peresidee geeuracy for nine selected methads. The CCUraly measures are nol sthctly comparable, as diferent
databases and different crossvalidabion methads are used, The methods RDB" {2lso known as GOR|, 583 €. Sander and W, Kahsch, unput- |

lished), GOR™ {known as GORII, ALEY. SIMT and PHD (Ref. 35 ang B, Rost and C. Sander, submitted) were tested on a data set of abou! :

| 150 protein chains with sgma 30 000 residues. The values for COMY and Salzberg(922 were taken from the literature. as ware lhose for |
the muft-layered reural networks of Hotley(897°, MacniB2y, and Zhargi92,*. A randomly assigned prediction would, far example, weld a

 value of 36.3% tor 2 ypical data bank protein wih 32% a, 21% B. 47% loop, The G, 80d Q. Aocuiaties wene not svailable for all meth
wds. Note: Helley did not cross validate the predictions, Salzberg, Maclin, and Zhang have Incomplete cross-validation, as iherg is sgnificant |

| SeUEnce homology belween some of the proteing used W derive the mathod and those used For testing its Derformance. Such homelogies |
are @ probanle cause for overophimistic expectations of pertormance. Some proteing are predicted lass atcurately than the database average :
and same mare acturately, For example, the PHD metnad has an average O, of 63.7% (recently increased to 70.8%, B, Rost and ©, Sandar, '
unpublishad) but accuragy for indwidual proteins varles between 45 and 5% with a slandard deviation of 9,7%.

Proper svalustion?
Most prediction methods are derved from the database of known struclures, bul practice varies widely in how cantrels are performed. Tha
, Most common emaes and obtuscations in evaluating prediction methods are:
t1) evaluating the methad an the same proteing that were used to derive the rumencal parameters in the method;
Sy Evaluating the methad anky on one perticular division of the database e braining and test set;
(3} using an unrepresantative or vary small subset of proteina:
(4} evaluating the method on prateins with sigrificant sequence similarity to the proteing used to derive the numerical prarameters;
18] choesing 8 measure of accyuracy that looks paricularly favorable.
| We sought to avold these erors in the profile network method (PH Dl which uses g set of about 150 representative protein chains, purged af
palrelse sequence similarlties, Multipls crossvalidatipn is pertormned by removing & subset (.2, 159 of proten chaing, framing the network on
. the remaining 135 and finaily applying the trained network g the 15 'urkngwn' chaing, If this is done for ten different sels of 15 ¢chaing, then '
I'ane can repor the overall everages, Q.. Q... Qaaeg: WIth Bccuracles that are tenfold srossvalldated’ for all 150 chamng. !
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[ ox 2, Compartson of the sxperimantal and predictad socondary structurey of the catalytic subunit of the cAMP-dependunt protein Kinasa |

Msatiind of padietion bocuracy! par-eegment seore

If the approuirnate pacernent of helices and sliands is more important than a perresidue Count, one Can uss & measure of pear-3agment
accuracy. Making some allowance for emors at the end of segments. we Progose that: an cbsened hedix o strand is counted as corfettly pre- !
dicted if it overlaps with a predicted segment of the same typa for at leest half its langth; an obsarved [oap i counted as comectly wedicted |1
Vat least two residues In il are predicied a5 loop.

Maasures of prachction sccuricy; segmeat lengtis
To predict the fakiing tya of the poteln [allhelicat, (oB)5-bewrel, f-mgender ete.) it is important not only 1o predict Lhe comest placement of
helices and strands, but alse the carrect number of segrments.

R |NmkiarﬂmmmwmMnmt;mmun:umun:r.m'mn
OBB | NNEREFEFRE TIKERE ERFZERFIEHHEHHE  HHMHMHHHEHHHH 1
COH | HREHEHNS EILL HHHHHENHHAHHHMHFHHAHHHHHRHE AR |
I TIZEHITERRNE TIERrE HHAHKHHWHHHHEH |
FHD|  HKEXECEE EEEEEEFE EEREFEHHHEHHHN  HEAHHHHHHGHHE 1

A8 1 PPLVELE Py B WL Ve A KR BHLE N TE R PE R HART P ARS TV e LY o
X

oh%| HRIDHAAHHHMHIHHHERIH +
COM| HHFAAY BMHHHHENY | rim HHMHHHHE
M| ETEEEEEIIE EFRTLXREE  EHHHHHKHHH  BHHHEHHRHH S HRRH AR
BuD| IXEEEXIEER  QERERERK  RHWNHWIGE HHHMHIGIRAHIRHRRHRR |
AL [B21ZRDLEP ENLL LOGGCY EONTLar AN KER B TLOGTPEVLARE | [LSRamnct T |
OBE| EE IR [ ] w HAH  HHRY HH 1
TOMIRHEREA B Wi ENT HHHHHH EEER HHHH HHH |
BT |BEERE EEEF  [ERERIEREER EEREGRETEEEE EE:
FHL| SRmz MR  oRIr CTEE LEKE MKMW HHH
ceeeeeed B I s e,
AR IWRRLGNL [YEMAACY PR FFADOF IO I VER [ VEGRVRE FOHF 25 DLA D LLAKLLG VDL TER |
BEE| {ECLTL HKH HHHHKHHHHHH 1
COH | HHERIDEOHHHK H HHHTHHE HHHHHHHHHEHHGHH |
ETH| BER HHHNMBHHHHEH HIHH R HHH MM HT |
FHE | HHNHIHH AR HA HHAHHHN HHHWHAHHHIEHAMHA HHEH |
A | PONLEMGUNDLENHEWT ATE |
apd | RHKHMN 1
CoMIH KHHHARHHEHHH |
ETH| ERLELEK !
BHE 14 HHHMHMHHEHIHH |

(a) Resulue-hyresidue comparison af saperimentally obsenscd
(08S) and predicted [COM2, ETH?®, PHG (Ref. 35 and B, Rest and
C. Sander, submitted)] structures of tha catalyle subunit of the
cAMPdependent peotein kinase (1opk). 'AA' IS the amino acld
sefuence taken fram Protein Data Bank entry 1cpk (residues 27-
287). Secondery structure: H = ohelix, E = frshest {extended),
blank = loop. Predicted chelices and [strands thal have fnsyf-
fickert guerlap with an observed segment of the same type are
underined. Mote the relatively good prediction of tha location of
segments far the ETH and PHD methods and overprediction of -
hetices for the COM method. (&) Riban view of the domain used in this blind test The Xray

structure of catalytc subunit of the caMP-dependent protein kiness.
Drawn using Malscript*®,
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Evolutionary Imformation ls the key

Meanwhile, there are two Important
lessons. Ome is that several research
groups have now demonstrated that
the use of eyolutionary information adds
significantly to prediction surcess®30335
Maxfield and Scherage were on the
right track when they first used mul-
tpie sequence alignments to reduce
statistical noise in 1%79%, Barton et aof.
demonstrated this when they predicted
the secondary structiure of the SH2 phos-
photyrosine binding deomains and of
annexin with remarkable accuracy®,

What do multiple sequences tell you
that single sequences don't? The se
quence of a single protein encodes sev-
eral lunctional messages, only one ol
which is spatial (secondary and ter-
tiary) structure: other messages tell
about the actlve gite, protein-protein
Interactions, i vivo stability agalnst
degradation, membrane transport and
50 af. In addition, sequences contaln
mutational noise. So when information
lrom an entire family of sequences, all
ol which have the same structure, Is
compounded and filtered, both noise
and systematic error Is reduced. What
remains s a more clearly recognizable
signal for structure [ormation. This
effect Is used proiltably In de rovo pro-
tein design®®, When the effect is
explolted for stricture prediction of
natural sequences, as 1o the prolile net-
work method®, per-residue success is
elevated to an average accuracy of 0%,
cross-validated on mare than 148 pro-
tein chains (see Box 1). But this 15 oniy
the beginnlng. Predictors can exploit
the rapidly growing datalase of protein
sequences and sequence families and
use evolutionary Information in the
form of muttiple sequence alignments
for a renewed attack on tertlary struc-
ture prediction, If the recent jump in
the quallty of secondary structure pre-
diction is any indlcation, you will scon
$ee  more accurate predictions of
aspects of tertiary structure.

To use or not tg use?

In everyday practice, is it worth
attempting to predict the secondary
structure of ¢ach new gene sequence
encountered? This depends on the
question at hand. For example, those
wha plan mutastional experiments to
Identlty functional residuss may find it

*The PHO method Is available for fully automatic
Bilned tmts, Sana thé word 'help’ by sisctronse mail
o PregictProteindEmi-Heidetbarg.de for detailed
InBtructions on hew It miomelcally obtein the pre-
dicted secondary structure Tor your Sequerce,

A great Lme saver to know how to aveid
mutations that simply destroy proteln
structure (eg. a valine or the imerior
surface of a fstrand). Those looking for
DNA-binding motifs may well beneflt
from knowing the location of safely
predicted helices: when an appropriate
cutofl is used, segments can be selected
lor which the expected accuracy is 50%
or better, When caution is used and
exaggerated expectations are circum-
vented, secondary structure predliction
can indeed be a usefyl tool,
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