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hranches and the interaction Paratneters. Analytical
apressions are obtained for the mean-squared end-te-
end distance of one and two different branches, the
sizes of homopolymers and the star itself. The distance
between the centers of mass of two different homo-
polymers ts alse calcilated.

Vassilios Galiatsatos, Ph.D., nstitute of Pofymer Science,
The University of Akron, Akron, OH 44325.3509, n

Neural Networks in
Chemistry

By Burkhard Rost, Ph.Iv. and Garrit Yriend, Ph.D.

The attempts to understand the funictioning of the
brain and to improve computers have profited from
one another since the early days of electronic caleu-
lating, Over the last decade the application of artificlal
neural networks —implemented on computers—has
become popular for varlous pattern recognition tasks.
The basic procedure is that pattémns are presented o
a network that learns to extract inteinsic featares and
to group the patterns into classes, The tetworks not
only perform arbitrarily com plicated distinction tasks,
but aze able, as well, to generalize, i, to perform the
classification for hew patterns, This means that a net-
work, for example, for zip code recegnition not only
learns to distinguish between the hand-written zp
¢odes an those envelopes presented to it for learning,
but It learns as well to distinguish the codes for any
future incoming envelope. This can be achieved, be-
cause the network leamns to extract certaln features
from the letters and learns to relate these features to
the required decision like “this Ls 6500 for Heidelberg”
or not. Typical applicaticns are the recagnition of
faces, speech, handwriting, QSAR analysis, particle
detection In high energy physics, the prediction of
developments in stock exchange martkets, and the
prediction of protein and gene structure. {For a sur-
vey of the properties of neural networks see for ex-
ample the books of Hertz! or Mililer.f or the article
by Cowan.l)

The expression neural network stems from the descrip-
tion of the brain as an organism contalning neurct s
which exchange information by their connections,
the synapses (see Figure 1 (page 25), ar for example,
Amit, ). It has been cbserved that lea ming somehow
Tesults in changes of these connections. The artificial
networks translate necrons itita simple ynits thar
have input and outpur. They are connected by the
juncrions f {similar to the synaphc connections). ,
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Figure I shows the simplest neural net-
work called perceptron. The units on
the left hand recelve an external Lnput.
Typlcally, this Input is a representation
of the patterns to be classified. The
generatlon of the output Is done by a
two step procedure. The First Is that e.5.
for unit i the input iy, is multiplied
with the tunctlon [, that connects this
unit to the output unit on the right
hand side. The cutput unlt adds up the
products of all input units, For the three
unlts shown in Figure 2, this sum is
glven by:

s m fowin ey winy+Jo = ing,

which is known as the ‘Inner product’
of the two vectors J and in (see Figure 2).
The second step is what distinguishes
the nerwork from linear techniques:
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sirn is not used as calculated, but it is
changed to either e.g. O or 1 depending on Hs vale.
The flnal output cut of the netwark thus is given by:

ouf =1, if surn » threshold,
=0, if sum = threshold.

The basic perceptron can be extended by adding units,
andfcr by adding further layers of neerons. These are
called ‘hidden layers', as they receive as input the
cutput of the previous layer and pass thelir output as
input to the next layer. Figure 3 (page 26) shows the
example of a more complicated network that 15 used
for secondary structure prediction.

For the application of networks as a gadget ta classify
patterns, some aspects have to be taken care of:

1. The data {patterns) must be chasen such that it con-
talns the maxlma) ameunt of Information at hand.
The way In which the patterna are coded is cruclal,

2. The capacity of the network should Fit to the amount
of data. The capacity is determined by the number of
connectlons and by the peint at which the tralning
is stapped. ‘Tralning’ refers to the typical procedure
to divide the avallable data Lnte two sefs: one being
used to traln the network (l.e., to extract the eatures
of the data), the other to evaluate the network's per-
formarice on new data (generalization). (This proce-
dure i3 alse known as cross-valldation or jack-knife
test.} If the capacity of the net is beyond the amount
of Informatlon in the data, the network learns the
details being specific for the training data instead of
extracting the tules according ta which the data was
praduced. Thus the net will be good for learned cases
but bad for its typical task being the classification of
fet unknown patterns.

L. Most often, it helps to put as much expertise about
3 problem as passible tno the arrangement of the
tetworic's architecture. »
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Contirtiied from page 2%

One example for a successful applicatlon of a multi-
layered netwark 15 the prediction of secondary stmuc-
tuze of proteins which s an important, yet unsolved,
task in rolecular biology. The Information abeut the
three-dimenslonal {tertiary) structure of a proteln s
coded in its one-dimenslonal (primary) structure (see
Anfinsen?). The secondary structure |5 2 reduced de-
scriptlon of the very complicated three-dimensional
{terttary) structure. A segment of amine aclds can be
translated inte a binary vector used as lnput to a lay-
ered network (as shown in Figure 3}, The output of
the net conslsts, for example, of three unlt represent-
Ing the three most important secondary stmcture types
thelix, strand, rest). Thus, the output becomes a pre-
diction of the secondary structure for the sequence
segment ted in, Shifting the segment through varlous

Pproteins of known structure generates a sat of samples,
which can be learned iteratively by the network {see
¢.f., Qlan and Sejnowski” or Zhang e al'®) The per-
formance accuracy of the network reaches up to £9%
{Rost and Sander"). Figure 4 (page 27) shows typical
prediction results for a protein (ebiquiting,

Drug design is to date most often Inltdated by a four
step process:

L. A set of compounds is obtalned by either serendip-
Ity or trial and error, These compounds typlcally have
a common frame, and are often all derived from the
tame lead compound.

2. Biological data like log (LCS0) values or binding
constants Is determined.

1. QQSAR techniques are appiied.
4. New compounds are predicted.

Tn this lead optimlzation process the steps 2-4 are
repeated till an adequate compound is obtained.

Classically QSAR analyyls uses a serles of compounds
with an Important stracture element in common. The
aim {5 to parameterize the physical characteristics of
substituents that differ between the compeunds, and
to correlate these pararneters quantitatively to the ac-
tivity. The largest problem is to parameterize hydro-
Fhobic, electrostatic or sterlc properties of individual
substituents. However, even if these probiems were
to be solved periectly, there Is no guarantee for a suc-
cessful QSAR analysis. The structure activity relation
might be non-linear. On top of that the parameters
might be correlated in a non-linear way, e.g. changes
It ane substituent influence the phiysical properties
of another substitute. The patural ability of neural
nietworks te detect nion-linear data correlation makes
them perfectly suited for analysls of QSAR problems
that suffer from hidden non-linearity.

We will show one example where a non-linearity has
been observed, and we will show how a very simgle
neural network could have been used o find this non-
linearlty. Tipker (Tipker®) analyzed a get of 21 DDT
analogs (Tipker®) with activity against Anopheles
Albinanus. The results of this study made beautifully
clear that the inltial QSAR studies were inadequate
because the parameterization has been kept linear.
Tipker assumed that the bulkiness of one of the groups
had to be described by two parameters (one linear,
one quadratic) to obtain good results. The original
{lingar) QSAR analysis gave a standard deviation be-
tween observed and calculated log (LT50) values of
0.618 (Tipker?). Tipker obtained a standard devlation
of 0.374 by addIng the non-linear term.

We used a novel type of neural network, The archi-
tecture of this extremely simple network is showrn in
Figure 5. Rather than using blt patterns as input, all »
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input is numerical. Training
the network on the foll 21 sequence QIFVETLTGKTITLEVEPSDTIENVRKAKIQDKEG IPP D00
analogs gave 4 standard de- observed TEEEEE  EEEEE HHHHHHHHHHHH =~ HHEE
viation of -0.2. The large predicted EEEEE EEEEEE HEHHNHHA
discrepancy between 0.618
and 0.2 13 a clear indicator sequence RLIFAGKQLEDGRTLSDYNIQKESTLHLVLRLRGG
r"’ﬂ““b";‘ In the origtnal abserved EEE EE HHA EEEEEE

analysis.
& Y predicted EEEHE HA AHAHHHHEH
The question remalns how-
ever, whether the network

]

simply learned the data by
heart, or really extracted the
hidden rates. To check this
a fack-knife test has been
performed. The network
shewn in Figure § has been
trained 21 times using 20 of the analogs. After every
training the 21-st point was predicted. The standard
deviation now became -0.4, clearly worse than 0.2,
bue still comparable with 0.374. Our results indicate
that also Tipkers improved analysis of this dataset is
not yet eotnpletely taking all effects into account.
However, the limited number of analogs (21} prob-
ably precludes furthet itnprovement of the data
analysis,

We have teen two examples of applications of neural
networks. A very elaborate study has led to the best
secondary $tructure prediction method available to
date; whereas an extremely simple network has been
used to detect ‘trouble” in a QSAR analysis.

MNeural networks are not the 'good-for-all’ ultimate
solotion to all problems af mankingd, However, when
uted carefully, and when the results are analyzed critl-
cally, they can be used in fields as rernote as postal
services, protein secondary structure prediction, and
QSAR analysis.

By Burkhard Rost, PLD. and Gerrit Velend, PILD.,
EMBE, Heldeiberg, FRG.
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