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Secondary structure prediction of all-helical proteins in two states

Burkhburd Rost and Chris Sander
Proacin Deslgn Group, EMBL, L-6%Y) Heidelberg, Germuny

Can secondary structure prediction be Impraved by prediction
rules that forus on a particular structural class of profeins?
To help answer this questlon, we have assessed the accuracy
of prediction for all-helical proteins, using fwo conceptually
different methods and two levels of description. An overall
two-slate single-resldiw securncy of - 80% can be obtained
by a newral network, no matter whether it & trained on two
stales (hellx pnd non-helix) or first teatned on three stutes
(hetix, strand and loop) and then cvaluated on two states. For
four test proteins, thly is similar to the accuracy obtained with
inductive loglc programming, We vonclude that on the bevel
of secondary structure, there is no practical advantage in
tralniog on twe states, especially given the added margin of
error in Identifying the structural class of u proteln. In the
further development of these methods, It i increasingly
important to focus on aspects of seeondary structure that gid
in the construction of a correct 3D model, such as the correct
placement of segments.

Key words: allhelical proteins/logic programming/secondary
structure prediction

Introduilon

Classiveully, the problem of sccondury structure prediction Is
formulated in terms of three states: helix, strand and I
(Nagano, 1973, Chou and Fasman, 1974; Lim, 1974: Garnier
et al.. 1978). Tt has been argued that more aceurate predictions
are possible within a particulsr siructural class (Taylor amd
Thomton, 1984; King and Stemnbery, 1990; Kneller of of., 1990
Hayward and Collins, 1992, Prosnell er of., 1992), using methods
specificelly derived for, e g the class of all-helical proteins. This
idea leads to o two-step procedure: first identify & protein as all-
helical, then predict where the helices and loops are located., In
this vein, & recent repert of 80 5% sccuracy for predicling the
tws states, helix and non-helix, is paricular]y creiving (Muggleton
#f al., 1992). The method uses inductive logic programming, a
machine learning method that extracts tules from & training et
of 12 all-helical proteins and then is tested on four rwn-
hamologous all-helical prowing, To learn more about the passible
practical advantages of this type of method, we have tompared
the results of Muggleton, King and Sternberg Muggleton of of.
1992) referred to hers as MKS, with two neural network systems,
evaluated on the same test of Four proteins.

The first neework systern, dubbed helix net’ (a newral network
trained explicitly 1o predict the secondary structure of all-helival
proteins in two states), allows a direct comparisan of methodology
by using the same training set of 12 proteing, in terms of the
same two states, helix and non-helix. Tt is different in that it uses
4 newral metwork in training, rather than inductive logic
programming and multiple sequence alignments as input, rather
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than single sequences. The helix net achieves B2.7% two-state
accuracy (b} on the four test proteins.

The second network system, profile neural nerwark predic-
tion from HeiDelberg (PHD: a system of neural networks
predicting secondary slruvture in three stutes available for fully
EUtoMatic use), provides 4 comparison of daa representation by
training on the three helix states, helix, slrand apd loop (rather
than an two slates), on g much larger dotabase of 130 proteins
{rather than un £2 proteins) and with multifold cross-validation
uf results, Le. on multiple pairs of raining und test sels {rather
than only u single pair}. The PHD nert achieves 81.2% accuracy
(€] on the four Leyt proteins when evaluated a5 1o jts ebility to
predict helix/non-helix,

These test data shed sume light on the following issues: ) does
the inductive logic programming method presented by MKS yield
the best prediction for ali-helical proteins? (i) is there an
advantzage in uslng two-state predictions rather than three-state
predictions? (iii) con B0% sccuracy of twoe-state prediction be
expectad in fufure practice? (iv} is it reasonable o compare
methods scoring as high as 80% un the basis of single-residue
scoresT After discussion of these issues, we make some practical
recommendations.

Tabde 1. Acouracy f three differen; prediciion methods evalusted iy the
ticr stalew, hbelical (H or o) and men-helical (LY

Mumber ol remduss Aciuracy
Pred Pred Sum & wba % pred
H L
MEKS
Cbw H 160 5 212 T4 L)
O L M 175 143 27 =
Sum 154 2 418 8.5
Helix e
ha H 162 1% 21§ kl B
Obs L r) 184 211 7 B
Obs H + L 1839 230 413 .+ A
PHD
Obs H 132 k! 03 65 ™
Obe L 7 b’ 1l % 4
Qs H + L 139 ] 414 Bi.2

Acturacy s derived from the pumber of residuss predicted in stfuchor §
fprod) and cbserved in structure § foba). For example, for MES, cut of 217
Tesidues observed a5 belical, 160 residues are predicied as H and 57 e
predicied m L. Accuracy Iy expreasod 2s the corroely prodicizd fmetion of
Tesihues observed (% obs) or peedicied (% pred] in & purticular stake, gven
In sapurate rows fur H, L o all resbdues (H + L. MKS refers
Muggleton. King and Stemberg (Muggleton £t al., 1992), helix net 1o the
proflle oetwiwh trained on |2 proteing 10 discngulsh the two sates H oand L
and PHD 1o a profile nefwork trained on 130 peteing (o disunguich three
#atcs, H. E amd L of secomdury strovwes. ALl thete methods have s two-
sate areuracy {2 fust above B0% evaluated vo the fiwr test prowins of
MKS.
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256L_A, 156b_A

goguence | ADLEDNMETLNDNLEV]ERADMAADVEDALTEMEALALDAQKATPPE.LEDK SFDSPEMKDFREGFDILVGO TDDALE LAM |

TSsP I **HHHHHHHHHAHHHHHKh hhHHHHHKREHAHHHHEKL ey *HHHHHHHHHHHHHE HHHHHEHH KD |
MEE 1 HHHHKHHHEHH HHHHHEKHHHHHHHAHKH HHHHHHH HAEHHH HHAHHH |
helix nat| HHHHHHHHEHHHHKHHREHHHHHEHHEHHEHHHHHBERBE HH HHH HHEBHHHHHEHKHH |
FHD | HHEHHHH HHHHHHHHHHEHHHHHHEHER HHHHHHHHH HHHHHHH |

--------- 1, . e e 2 -

gegquence |ESHVEEAQAAAESLETTRHAYHQEYR |
DEsE | H HHEHHHHH HHEHKHHHKHHHhRh
MES | KKHHHHHHHE HHHHE -

helix net|HH HHHERHHHEHHHHHHHHHEAH |

FHD i HMHHHHHHHHHH HH |
4bp2, 1bp2
P N 2. i K P T - Y I

Feguanca | ALWOFNOMIKCKI PSCEPLLDFNY GOy e LGS T PV DLORCCYTHDNC Y EQRKE L DS CEVLYDNPY THY S Y SCSHN |

Lssp I HERHHHHHHHA HHHH BHHHHHEHHHHHHHKEH HEH * . 0 [
MES | HHHHH HHHHHRHHEHMHEHHHNHY HHHHH Hl
nelix net| HHHEHHHH HHBRH HHHHBRHH HH |
PHD | HHHHHHHHAR HHHHH I

......... | I R TR vivaad IR L I R T R . |

saquence [EITCSSENNACEAF TCNCDRNAAICTSKYEYNKEHENLDKENS |

DSSP | HHHHHHHHHHHHEHHEHE GoG GGG |
MES } HHH HEEHHHHHHHYHHHHHEH |
helix netf HHHHHHHHHH HHA B
FHD ! HHHHAHHHHHK I
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All-helicnl proedan In 1wo siates

sequence |EDFEVLFENEGCVACHAL DTEMVGEPAYE DV AARFAGOACAEAELAGR T KNG S 0OVWGE IFMPENAVSDLEADTLAKWVLSOK |

D3sk | HHHHHAH 006 HHHHHHHH
MES | HHHHH
helix net) RHKHHHEEH HHHHHKHHA
FHL | HHHHH HHHHHHHEH
Fpap_A
......... O T

HHHHHHHHHHH HHRHHHHHHHHE |
HHHHHHHHHHEHHHHAH HHHHHHHHHHHEHH |
HHHHHHHHE HHHHHHHHHHEKHH |
HHHHHAHHKHRH HHRHHHHHHHHEHE |
el P L TR ]

ssquance | TFEYVOWRGRGAVTPVENOOSCOACHAFSAVTIESTIKT RTGHLMOY SEQELL DO DRRSYGUNOS Y PHSALOLYVADYGT |

al:3] o |

HHHHHHHHHHHEHHEHRH HHHHKHBH HHHHHHHEHEHEH |

MES | HHHHEHHHHAHHHHHEHHHHH HHEHHHH HHHH HHEHHHRHEH |

helix net| HHHH HHHEHHHHHH HHHHHHHKHH BHHHHHH 1

EHD 1 HHAHH HHHHEH HHHEHHHHHHE |
BT S T E ) ' S Bl P B

aadilence HYRNTYRYEGWQRYCRSRERCDY AAKTD |
DasSE | ' GiSG |
M¥s | |
helix net| H |

FHD | |

Fig. 1. Prodictions of fiar s prikeine, The predictions come From three methads: the techine leaming tulen of Muggleton, King and Sternberg (MES}
Muggleron edal., 1992, the network rained en belics] prowins with [enly) single eross-validatlon theliz ne and e notwork truimed to predict three stk
(ulin. strund and Ioop) on 130 noo-sindar peoteins (PHDY wnd multiple sroma-validation on seven diffcrend pairs of Iraining/wn weis. The aond row gives
the shaerved strwlure Bs extected from the I coordinates by DSSP: M, belix; . loop; G, 3, helin (evalusied e as non-heliy). For teo proleins, belix
et and/or FHD ke 5 slighily differcnd butonkogue than MKS: cymehinme 2565 _ A instemd of cytochronye 136b, & and phosphalipas: 4bpd iruiesd of
phuspholipaee [bp2. The small differences are indicated by the Elbowing symbols: * means e the other soucture has an H, h thal the other one has o Inap

and . ther there ix an insertion In the soquence.

Inductive kngic programming versus neural network
approaches

Comparable perfornunce Is achisved with either the nules derived
from the inductive logic program Golem [used by Muggleton
et al. {1992)] using single sequences as inpul or with the
puremcters derived from a neural network system using profiles
of evolutionary inforreation as inpur. The overall sccuracy on
the four wst proteins is 0, = 80.5% for Golemn and 82.7% for
helix net (Tahle I, Figure 1), It is difficult (o gssess the relative
metits of the two approaches, as they use different inputs. The
Prolog-coded rules resulting from inductive [ogic programming
may lead to new physical insight into protein structure forrnation
{(King & af., 1992}, but the same might be true for nerworks

(Brunak, 1991). Thus, whether inductive logic programming has
& concepial advantage ot disadvantage telative o neurs) nets
in protein siructure prediction or vice versa, remains an open
QuEsticd,

Tworstute prediction versua three-state prodiction

{Ince the structaral type of & protein has been determined as all-
helical, e.g. by CD spectroscopy, secondary structure prediction
can be reduced to the simpler task of predicting the Tocation of
the secondary structure segments, rather than the type (helix or
stramcl}t and the lecation. The rales of such nvo-state predictions
from sequences should be simpler and easier 1o learn. Does this
hold up in practice?
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Table . Evaluason of predictivn saracy In wems of the two saes. helix
{or) und non-hells (L), for g random methesd (RAN) and Tor a ocursd
nerworl; methd (PFHI) applied to different =43 of proteing

%®obs % ped

N M @ 0, O O, B Cen, Com
RAN 12162 o 5.5 M o4 24 b5 -008 -009
FHD on 22 EF FA I Ty & B W a2 055 058
PHID on six a6 M2 F7OW O M LR B 2
FHD an four 114 4 f.2 &5 6 9 M 045 065
PHD an IL4 131 87.7 85 # RE B& 0,75 035

RAN: alipnments of proein pairs with 5 - 10% puiredse sequence simdarity
aver b aligrnent ketigth of tote than 80 resldoes were chosen W fmidom
foom an ali-agains-all sequence comparison of a represenfative set of
prisekny of known sinuctune (Habohm e af,, 19923, Thus, these pair ame
very likely o be disgsimitar in wheir 3-D streciure. In each pair, dw acrsehurs
af the ssoond prodsin wes taken io be e prediction for the flrat, an
‘ignorent’ or ‘rendom’ procedure. For o states, the accuracy of the
random prediction i &y = 54.5%, not S30% . For comperison: for throe
sutes, modom acouracy s £y = 35.2%. nol 33.3% 10, =23, Q) =47 of
ocbecrved or of predicted).

PHDO! tesull fow 4 crdss-valdodon 125t when the network wiss iramed 10
distinguish three sures and spplicd to classify ino belixnon-helia (Ros and
Zander, 199%). The chouing werz as follows.

O 2% (given in POB onde; number of monidues in brackets) 256k &
(1063, 4bp2 (1181, Lo (B2}, 2ocy__A (127, Zcln {143}, depy (108},

Goln (4313, Zeyp 1293), Sepi (1000, Teca (136), I _B (148,

Thenz A (114), dick (75), 1158 (164), 2104 (1523, 2hlb {149,

Ied_ X (B, Slyz (129), Tpmb_ A& {153, ladh _A (1460 2unv__P (LW,
Jwtp__R (104); an & Lenl (197, Thid 65T, poul 6731 Lrop (36),

ecp {348), Jzta (1% on 4: I56h__A (1063, dbp2 (10B), 35]c (K],
Spap__A (108 oo IL-4: iruerleukin 4 a5 given explivity in Figure 2
[Redhicld e o, 19%2; Smith e o, 19920,

N, number of maidues in e dare sen M, bumber of prowing i e daa
mel

s, G, Gy, percentages of correcdly predcied residuss for mwo states and
for helix and koop, |

Corr,, corm . Mathcws (1975) cormelation cocHiciems.

Somewhat surptisingly, the two nedral networks, one trained
on Iwo states (braining set, 12 all-helical proteins) and one on
(hree states (training set, 130 proteins of different types), give
approximately the same two-state aceuracy on the four test
proteiny; £, = B2.7% for helix net, &, = 81.2% fur PHD
(Table I, Figure 1). We draw the preliminary conclusion that
there is little or oo advantage in using a method crained on two
structural states, even when a protein is known to be all-helical,
The conclusion is preliminary for rwo teasons: the test et of
four proteins used by MES is very smull and two-state prediction
for strand/non-sitand was not considered hers.

The balance shifts in favour of using three-state prediciions,
when one mkes inte gecount the additional problem of determining
whether a protein is all-helical or not. This is mue singe two
misclassificalions oul of 24 proteins have already decreased the
accuracy (data oot shown). CI3 spectrescopy or prediction
methods may occasionally falsely classify some proleins (Deleape
and Roux, 1987; Curtis er al., (991; Muskal and Kim, 1992,
Zhang and Chou, 1992; Rost and Sander, 1993b). S0 we see
the following tremd: the improvement in prediction accuracy
achieved by taining neural networks on all-helical proteins is
&0 marginal that it is offset by any error in classifying a proten
as, e.g. all-helical. S0, on balance, a an-itep prediction of
secondary saucture is probably preferable to a two-step procedure
of first predicting the stractural class und subsequently using 4
class-specific method. For statistical prediction methods the situa-
Lion appears to be similar (T.Garier, personal communication),

Unfortunately, the comparison of two- and thres-stale
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prediction methods is sometimas confused in the literatre. The
confusion can be avpided by ooting that two-stale prediction
aeeuracy {Gh) by definition always has more impressive values
than three-state accuracy (), for the sarme method (Maxfield
and Scheraga, 1976). This is simply 4 vonsequence of a trade-
off between more refined distinciion of staes and higher
prediction accuracy. For example, evalustion of the PHD
prediction an the four kest proteins vields a lower mean acouracy
on three atates, £ = 7%, than on two states, (O = B1%. The
difference comes, e.g. from counting loop residues predicied as
F-strands as incorrect in (4 and as correct in (. The difference
between (he twao measures is slso obvious from the fact thal the
‘gnorance level” of 4 15 ~35% while that for (4 is ~36%
{these numbers were derived from alipnments of sequences with
dissimilar tertigry structure. Table [T).

Expected prediction accuracy

Previcus two-slale prediclions bave achieved overall aceuracics
of & = 6% (Presnell er &l , 1992), @ = 76% (Maxfield and
Scheraga, 19760 and @y = 79% (Kneller eral., 1990
Although the level reached by all three nvethods described here
iIs several percentage points higher, at & = 80% it is
premature by expect generdlly this level of accuracy in future
applicarions & newly determined protein sequences. The reason
is in the very limited size of the test set used. Experience with
ather prediction methods (Garnier and Levin, 1991; Robsan and
Garnier, 1967} clearty indicates that sceuracy can vary
considerhly between different tesl sets selected from a large
daabase. For cxample, 2 simple mulilayered netwerk was
reported 1o yield @y = 64.3% when wsted on a single set of 15
proteins (Quan and Sejnowski, 1988). A comperable network
reached only a mean of &, = 61.7% when seven different test
sets were selected from the datubase in independene trials (7-fold
cross-validation') (Rost and Sander, 1993b). The difference
berween best and worst tast set was mare than five percentage
poirits. The fluctuation in accuracy is even larger when single
proteins are congidercd: the aceuracy per chain typically ranges
somewhere hetween 40 and 90% . Just s Qian and Sejnowski
(1988} had picked. by chance, a particularly favourable set of
proteins, it (s conceivable that the sei chosen by MKS, wo
eytochromss, papain and phospholipase, yields a higher than
mean prediction score. Indeed this appears to be the case: while
PHIY scored Oy = B1.2% on these Four tesl proteins, it seored
only h = 71.8% on another set of 10 helical proteins (chosen
from the training set of MKS, but propetly cross-validaed, i.e.
without using homologues in wraining).

An analysis of the network systetn when trained in three states
aod applied W a two-state prediction based on 22 all-helical
proteins ¥ields 4 = 759% with an 5D of 82% (using
multiple cross-validation, Table I}, For xix funther chains and
imerleukin-4 (Figure 2}, v recenily predicted (Klein and Delisi,
1986) and experimentally solved (Redfield & af., 1992; Smith
et af., 1992) structure, the predictions wers more securate (Table
Iy, In summary. the 830% level of accurecy is only an
approximate estimate of future performance.

Fundamental limitation of single-resldue accurecy scores

A general limitation in the evaluarion of an accuracy as high gs
BO% is dve 1o the fact that secondary structure ig not wniguely
defined. Although the DS3P method of extraciing stnngs of
secondary structure symbuls from 3-D coordinates has become
A de fucro standard, it is interesting W compare otheér automatic



All-bellcal prodeing (n iwe slibe

Segquence |MHKCDITLOET IKTLNSLTEQI(TLCTELT‘JTDIFM\EKN‘ITEKET?CMWLRQF‘J’SHHH{DTRCI.GATP.QQPHRHKQ |

cheerved | HHHHHHHHHRHHH EEE HHEHHAHAHHEHHHHEH HIHHHHY |

PHD 1 HHHHEHHHAHH EEEEEE HHHEH HAHHHHHHHHH HHHHHHHKH |
......... . T - . -

ascisnce | LIRFLERLDANLMWGLACLNSC PVE EANQSTLENELERLETIMREKY SKOSE |

oheerved |HHHHHHHHHAHH EEE HHHHHHHHYHHHHHA |

FHD | HHHHHHHKHEHEHH HHHHHHHBEHHHHHA |

Fig. 2. Predictinns of an imersting recenily solved structure, ineeukin-4. Prediction of the four-helix umdle inderleukin-d by PHD i thres siates;

H (ar-helin), B fertended S-srundh and Joop ispace). The assigament aof sovondary stucture was wien foen Redficld of af. (1952} and Seruth or ad, (1952,
This prediction illustrates the limitaions of two-male methods. The protein had boon classified as all-helical by CD and the wettiary sructare predicisd on thin
basiu (Curte of ol 19911 Althuugh the ovarall bundle srchiecture can be predictsd This way, the umadl by sroaumtly mportani S-shest {predicted here Ln

part) was mussed.

methads or definitions based on visual definition, as these
generally give different assighments in detail. For example,
Woodcock er al. (1992) report nnly 79% agreement botween
DRSSP and PCURVES assignments, In addition, variation in
secondaty structure segments in differenl crystal forms is non-
negligible and proteins homolagous in 3-D structure rarely have
identical secondary structure slrings. 5o it appears unwise 1o
measure the success of strucure pradiction methods exclusively
on the basis of single-residue accuracy, with 100% as the
tmuisleading) goel. What is needed are measures thue evaluse
whether or not the presence of a helical or strand segment has
been predicted, irrespective of slight shifis in sepment ends
(Taylor. 1984; Taylor and Thornton, 1984; Presnell o af., 1992:
Rost ef al., 1993, B.Rost, R.Scheider and C.Sander, submitied
for publication),

Recomnwndailons for practical use of secondary strocture
predictions

With many new protein sequences coming omt of molecular

biology laboratories these days, a practical puide w struciure

prediction for non-specialists would be useful. The main points
are as follows:

(i) The best way o predict prolein tertiury struciure (and, by
implication, secondary structure) is kx detect a protein in
the dathese of known struciure with sufficient sequence
similarity to imply structural homalogy, e.p =35%
identical residues tver a length of 80 or more residues, with
nol more than three or four gaps {Schneider and Saruder,
091 Only when similarities cannot be found does
secondary structure prediction become meaningful.

{iiy Whenever therz are several atruciyrally homologous
sequences, as detactad by alignment methods, in a family,
it iy advanlugsous to use methods that exploit the informa-
tion contained in the mltiple sequence alignment, as these
penerally give betier results (Zvelebil e al., 1987; Frampton
ot al., 1989; Barton er ., 1991; Niermann amd Kirschner,
1991; Benner ef af., 1992 Musacchio er af., 1992: Rost
and Sander, 1992, Russell ez af | 1992 Barton and Russell,
1993; Benner o af., 1993 Gerloff e af., 1993 Gibson
er ai., 1993; Rost and Sander, 1993a,b}.

(i)} Wheaever o sequence Family has only one member, any of

a much larger number of methods are oseful (we do not
discuss these in detail). The expected accuracy ¢ is
approximately five percentage points lowet when no family
information is available.
tiv) Given knowiedge of the folding type of a prolein, £.p. as
g result of spectroscopic experiment, one can either use a
miethod Lrained on just that struclurl type, e.g. on all-helical
proteins or use a general method and inlerprat the result
within the constraimts for this ype of fold, ey by
interpreting  all predicted A-sirands a8 non-helix.
Surprisingly. the tests reported here on a limited dota set
indicate that either way has approximately the same level
of accuracy: the general three-state network using multi-
sequence alignments s inpat performis approximately as well
as a method exclusively developed for helical proteins,
Tn spile of the current improvements in secondary structure
prediction methods, the principal goal of predicting the overa]l
3-D structare has oot yel been reached (Rost and Sander, 1993b).
It thetsfore becomes crucial 1o evaluate 1-D secondary structure
prediclions aceording Lo their ability to deliver a correct image
of the 3-T structure, €., by segment-based criteria, Tnraduction
of more aspects of tertiary structare into the recent generation
of new prediction methods is sagerly awaited,
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