Not for generaldistrib ution; prepublicatiorprint of materialto appeain J. KoreaninformationScienceSociety 1

Molecular Computing with Artificial Neurons

Michael Conrad and Klaus-Peter Zauner
Departmenbf ComputerScience
WayneStateUniversity
Detroit, Ml 48202,U.S.A.
e-mail: biocomputing@cs.ayne.edu

Abstract—Today’s computers are built up from a
minimal setof standard pattern recognition opera-
tions. Logic gates,such as NAND, are common ex-
amples. Biomolecular materials offer an alternative
approach,both in terms of variety and contextsensi-
tivity. Enzymes,the basic switching elementsin bio-

logical cells,are notable for their ability to discrimi-

nate specificmoleculesin a complexbackground and

to do soin amanner that is sensitve to particular mi-

lieu featuresand indiffer ent to others. The enzyme,
in effect, is a powerful context sensitive pattern rec-
ognizer We describe a tabletop pattern processor
that in a rough way can be analogizedto a neuron

whoseinput-output behavior is controlled by enzy-
matic dynamics.

Keywords artificial neural networks, patternrecogni-
tion, biological information processingenzymekinet-
ics, signalprocessing

1 Neuronal Pattern Processing

In 1904 a schoolteacherfound that he was able to
successfullyteachhis horse,Clever Hans, elementary
mathematicslf he asled Hansfor the sumof two dig-
its, the horsewould tap out the correctresult. It turned
out, however, thatthe horsewasnotdoingarithmetic.It
usedminute involuntary reactionsof its teacherno de-
cidewhento stoptapping(O’Gradyetal. 1997,p.612).
At thetime, the summaryjudgmentwasthat Hanswas
not at all clever. But justtry to programa computerno
perceve andlearnhow to utilize subtlechangesn ex-
pressionFromtheviewpoint of todays computertech-
nology addingthe digits seemdrivial comparedo the
patternrecognitionproblemthe horsechoseto solve.

Theeloguencevith which biologicalorganismshan-
dle patternprocessingaskscan be tracedto molecu-
lar patternrecognitioncapabilitiesof macromolecules

(Conradl1992).Proteinsareparticularlyversatilein this
respect. Proteincatalysts,or enzymes are capableof
discriminatingand actingon specificmolecularshapes
in a comple milieu and doing so in a mannerthatis
selectvely sensitve to the milieu context.

Towhatextentdoegthisintrinsic capabilityof macro-
moleculegpercolateup into the perception-actiomapa-
bilities of a Clever Hans?Thequestiorclearlyhasmuch
to do with the capabilitiesof neurons.Is the neurona
mere summatorof its inputs, reactingonly to an aver
agefield, or is it itself a powerful molecularcomputer?
Oneof the greatpioneersof neuralcomputing,Warren
McCulloch,madea commentpertinentto this point:

“For our purposeof proving thatarealner
vous systemcould computeary numberthat
a Turing machinecould computewith a fixed
lengthof tape it waspossibleo treattheneuron
as a simple thresholdelement. Unfortunately
this misledmary into thetrapof supposinghat
thresholdogic wasall onecouldobtainin hard-
wareor software. Thisis false. A realneuron,
or Cranes neuristor cancertainlycomputeary
Boolian [sic] function of its inputs—tosaythe
least!” (McCulloch1965,pp. 393,394)

To this it is perhapsworth addingthatin the cerebral
cortex of the mouse,for example,the averagenumber
of synapseginputs)perneuronis 8000(Schiz 1995). 1t
is awkwardevento think of Booleanlogic in thefaceof
suchhigh connectiity.

We cannoteanotheit of history connectedvith the
perceptrorconceptof Rosenblat{1962). This concept
indeedusedan essentiallythresholdneuron.Rosenblatt
foundasimple,effective learningalgorithmfor a single
layer perceptron. The ideawas severely criticized by
Minsky andPapert(1969). The singlelayer perceptron
could not be usedto discriminatelinearly inseparable
patterns.The exclusive-or (XOR) operationis the sim-
plestexample. Multilayer perceptronganof coursedo
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thisjob, ascanlaboratoryrats(Griffith etal. 1968).But
thenthe definitelearningalgorithmusedby Rosenblatt
no longer applied. Evolutionary methodsof learning
could be emplo/ed. However, for variousreasonghe
computersciencecommunityat the time was not pre-
paredto acceptself-oiganizingsystemsand evolution-
ary methods Handcraftechpproachesverethe orderof
theday Neuralnetsandevolutionaryapproachebadto
sit onthesidelinesuntil relatively recently

Thereis anotheway out of the XOR limitation. The
neuron,as notedby McCulloch, neednot be a simple
thresholdelement. We will shav herethat individual
enzymescan be usedto performthe XOR operation.
Neuronsandotherbiological cells containthousandef
interlinked enzymes.Our assumptioris thatthe oppor
tunity seekingprocessof evolution usestheseenzyme
networks to implementcomple information process-
ing functionsat the cellular level. We have developed
a tabletopprototype,a crudeartificial neuronof sorts,
thatmalesit possibleto investigatehow suchmolecular
patternrecognizergouldbeutilizedin adevice context.
Concevably the patternrecognitionvirtuosity of natural
biologicalcellsis basedon similar operatve principles.

2 EnzymeBasics

Enzymesare proteinsthat act as highly specific cata-
lysts capableof discriminatingparticularsubstratesn
a complex chemicalbackground. The catalytic func-
tion performedis controlledby the enzymes shape—
its 3-D spatial structure(Friedrich 1984). This struc-
tureis largely determinedoy aminoacid sequenceT he
structureis not rigid; it undegoesconsiderablecon-
formationalmotion, i.e., rotation aroundatomic bonds
(Frauenfelderet al. 1988; Yon et al. 1998). Which
subsetof conformationalktatess favoredis a function
of anenzymes$ physiochemicaérvironment. Catalytic
actwity is critically dependentn conformationalstate
andthereforeprovidesa sensitve andconvenientprobe
for conformationchange.The intricate conformational
dynamicsof the enzymefusessignalsfrom its physio-
chemicalmilieu and modulatescatalytic activity. The
enzymads in effectanimplementatiorof a functionthat
mapsnumerousselectedvariablespresentedis physio-
chemicalcontet into outputcommunicatecscatalytic
actuity.

The cell, asnotedearlier containsthousandof en-
zymes. In single celled organisms,such as amoeba
or parameciumall the information processings me-
diatedby theinternalmoleculametwork. Chemicalsig-
nals from the environmentare communicatedhrough
the cell membraneegitherdirectly or by triggeringthe
releaseof internal chemicalsthroughinteractionwith
membraneeceptorgseeFig. 1).  The signalsinflu-
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Figure 1: Conformational signal processing in bi-
ological cells. Impinging chemical signals directly
or indirectly affect the internal milieu of the cell.
The conformational dynamics of proteins and other
macromolecules is selectively sensitive to these
milieu features. These nonlinear dynamics in ef-
fect process the milieu influences to yield internal
or external cellular actions.

encethe conformationaldynamicsof specificenzymes
in thesenetworks, leadingto cascadesf reactionghat
eventually culminatein the action of the cell. In neu-
rons,for example,transmitterampinging on the exter-
nal membranemay be transducedo cyclic nucleotide
moleculeswithin the neuronthat sene assecondmes-
sengers. Thesecan affect target proteinson DNA, on
the variousinternal fibrous structuresof the cell (the
cytoskeleton)or on the membrane.The tamget proteins
thenactivate effector proteins;for example,membrane
channelproteinsthat control the nene impulse(Liber-
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manetal. 1975).

Thecellin Fig. 1 is schematicallypicturedasa kind
of mixing chamber In fact the interior of the cells of
higherorganismds highly structuredwith mary fibers
andmembranouterfaces.Thefibers,asnotedabore,
are referredto asthe cytoskeleton, sincethey arere-
sponsibldor maintainingthe structureof thecell. They
are sometimeghoughtof as micro-muscle sincethey
contritute significantly to cellular motionsand to the
movementof materialswithin the cell. Somelines of
evidencesuggesthatthe cytosleletal fibersalsoactas
a kind of micronenous systemwithin cells and neu-
ronsthatsenesto coordinaténternalactvities (like the
highly choreographegdroces®f cell division) andplau-
sibly to mediatemoresubtleforms of signalprocessing
pertinentto the cell’'s capability of integrating external
signalsin spaceandtime (Matsumotoand Sakail979;
Libermanetal. 1985;Hamerof 1987).

The tabletopdevice to be describeds a highly ab-
stractedrersionof thiscomplecintracellularprocessing.
Threebasicelementsnterinto this abstractionMacro
signalsmustbe transducedo aform thataffectstheac-
tivity of an enzymeor a collection of enzymes. The
action of the enzymemustnot be confinedto an aver
aging processthat could be performedby a transistor
(e.g.,OR, AND, NAND). If this were the caseall of
the powerful shape-basekcognitionactivity of theen-
zymewould belost. Programmabilityshouldnot beim-
posedsincethis requireseachcomponento have acon-
text independentescriptionthat would vitiate the dis-
tinctive advantageof enzyme-driencomputing namely
the possibility of utilizing the vastnumberof potential
interactionsn multiple waysfor multiple purposesThe
key to the power of the systemis self-oiganizing dy-
namicsat the level of the enzymeand at the level of
macromoleculanetworks. If the systemcould be pro-
grammedprescriptiely, like adigital machine thenall
thepower of this self-olganizationwvould have to besup-
pressedSelf-oganizingsystemsafterall have amind of
their own. Evolutionaryadaptve approachearecalled
for (Conrad1985;1990).

3 The Tabletop Neuron

We constructeda tabletopprototypethat usesthe en-
zyme malate dehydrogenas@VIDH) to classify input

signalpatternsMDH occursin awide varietyof species
including the microbialworld andin plants. In our ex-

perimentsave usedmitochondrialMDH from pig heart,
a homodimerwith each monomerconsistingof 314
aminoacids(Gleasoretal. 1994).

MDH catalyzesthe oxidation of malateto oxalac-
etateby reducingthe oxidizedform (NAD ) of nicoti-
namideadeninalinucleotidgNAD) to thereducedorm
NADH.

MDH
L-malate+ NADT & oxalacetate- NADH + H*

NADH differs significantlyfrom NAD™ in its absorp-
tion of ultraviolet light. This propertyof the reaction
productmakesit convenientto monitor the actvity of
malatedehydrogenasky spectrophotometrimethods.

For high pH the equilibrium of the reactionis onthe
right side. Thetime courseof thereactionis affectedby
the sensitvity of the enzymeto chemicalcontet, i.e.,
the milieu in which the reactiontakes place. The mi-
lieu is composedrom a numberof fixed components,
suchasthe substratesaand pH buffer, plus the compo-
nentsrepresentinghe signals.In the experimentgo be
describednere MgCly was usedas the signaling sub-
stance Similar effectscanalsobe achievedwith CaCl,
but the methodis not restrictedto ionsor to ary definite
numberof signalcarriers.

Thedeviceitselfis schematicallyllustratedin Fig. 2.
Signalsare injectedinto a mixing chamberin two 1
ml portions,takenin arny of four possiblecombinations
from thetwo signalingsolutions.Solutionsrepresenting
0 andl containsubstratén thesamequantity but the 1-
solutionin additioncontainssignalingions. The quan-
tity of MgCl, representing 1-signalis chosenso that
theabsorbanceesultingfrom a singledoseof signaling
substancés maximally separatedrom the absorbance
produceckitherby a doubledoseor no dose(whichever
is closer). Thereactionmixture (afluid phasetraveling
in an air-filled tubing, Fig. 3) is pumpedto the spec-
trophotometer The accumulationof NADH senes as
outputsignal. After processings completedhe system
is clearedfor thenext input patternby pumpingdistilled
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Figure 2: Flow system used in the XOR experi-
ments. Signals are injected from any two of four sy-
ringes (S1 to S4). The 1-syringes (S1 and S2) are
filled from reservoir R1 that contains signal sub-
stance (Mg?*t) plus substrate. R2, the reservoir
for the 0-syringes (S3 and S4), contains substrate
in the same concentration as R1 but no signaling
substance. Signals are injected through valves (la-
beled by V) into the mixing chamber. Enzyme so-
lution (MDH and NAD™ in buffer) is stored in the
thermally isolated reservoir R3. The reaction is ini-
tiated by injecting this solution, using syringe S5,
into the mixing chamber. The reaction mixture is
drawn by a peristaltic pump into a flow cuvette in-
stalled in the spectrophotometer. The absorbance
of the product NADH at 339 nm serves as output
signal. Reservoir R4 contains distilled water which
is used to wash the system clean after the input
pattern is processed. T valves (T1 to T6) are used
to switch from processing to clearing. Tubes la-
beled atm (atmosphere) are air in/outlets.

waterthroughit. Theoutputsignalis sentto acomputer
If thesignalis above a singleprescribedhresholdevel
a 1 is displayed,otherwisea 0. Sereraltrials arerun
to calibratethe threshold. When the reactionmixture
reacheghe cuwette the absorbancéncreases.This in-
creaseis usedto trigger a countdevn to a subsequent
absorptionmeasurementhat decidesthe output. The
actualimplementatioris picturedin Fig. 4.
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Figure 3: Two phase transport utilized in the table-
top implementation. The reaction medium (fluid
phase) travels in air-filled (gas-phase) tubing from
the mixing chamber to the detector.

Figure 4: Laboratory setup used to implement the arti-
ficial neuron.

4 Enzymatic Pattern Classification

The XOR operationrequiresa device to sayyes(give a
1 output)in responseo binary signalinputs01 and10
andto sayno (give a 0 output)to 00 and 11 input pat-
terns.Theoperationis linearlyinseparablegorrespond-
ingto thefactthatthepatterngo beplacedn theyesand
no cateyoriescannotbe separatedby a singlethreshold
(in contrastto NAND, AND and OR operations).An
elementwhoseresponsds linear apartfrom a single
thresholdcannotperformthe XOR, sinceit would be
necessarfor it to fire whenthestrengthof thecombined
input exceedsa lower thresholdandnot fire whenit ex-
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ceedsa higherthreshold.If theresponsef the element
is nonlinear(strictly speakingnonmonotonic}henit is
possibleto eliminatethe needfor the higherthreshold
andthereforeto convert thelinearly inseparablgattern
recognitionproblemto alinearly separablgroblem.

An enzymeto satisfythisrequirementmustincrease
its actvity in responséo onedoseof the signalingsub-
stancebut decreaseét in responseo two doses. We
found that MDH satisfiesthe requirementwith respect
to MgCl, usedas a signaling substance. Thus when
MDH is usedasthe enzymein the mixing chambertthe
deviceyieldsa 0 outputwhentheinputis 00,a 1 output
whentheinputis 10or 01,anda0 outputwhentheinput
is11.

Fig. 5 illustratesa seriesof 42 XOR tests,with the
trigger setfor an averagel0 secondresponse. The
thresholdwassetbasedon the first measuremertf the
threedistinguishablénput patterngsince0lis thesame
as10). Only oneinput patternwasincorrectly classi-
fied. It is possibleto choosea thresholdthat separates
the casegnoresecurely(but all settingswould leave at
leastonefailurein this series).Ten secondss nearthe
limit of thedevicein its presenform, duein partto the
type of pumpandspectrophotometamploed. There-
actionthatdrivesthedeviceis theonly fundamentalim-
iting factor This canbe spedup by increasinghe con-
centrationof enzymeor by warmingthe reactionfluid.
Theimportantpointis thatMDH senesasa transform
that corverts a linearly inseparablgatternrecognition
taskinto alinearly separabl®ne.

5 Temporal Signal Processing

The XOR operatiorwasimplementedy takingasnap-
shotof the responsef our tabletopneuronat a partic-
ular pointin time asoutputvalue. The chemicallyen-
codedsignalswere presentat the startof the reaction.
The courseof thereactionwasdeterminedy theinitial
reactionconditions. Reducingthe amountof enzyme
slows the reactiondown. Its progresscanthenconve-
niently be followed andis shavn in Fig. 6 for various
amountsof MgCl,. As canbe seenfrom the crossing
curnvesin Fig. 6, achangan MgCl, concentratiorhasa
gualitative effect on the courseof thereaction.

To utilize thephenomenologic@nzymebehaior we

A

10 HH T

0.8 1
0.6
0.4

0.2

1or0 1 Inputa
0 0 1 1 Inputb

Figure 5: Pattern grouping with MDH as illustrated
by XOR task. The three distinguishable input pat-
terns are grouped into two output categories de-
pending on whether the amount of product formed
is above or below the threshold (T). The time when
measurements used for classification are taken is
controlled by a trigger mechanism. The times fall
between 9 and 11 seconds after start of the reac-
tion, with two exceptions. The last measurement in
the 00 and also the 11 pattern sets were triggered
early, leading to low absorbance values (denoted
by A). The 10 second absorbance values recorded
were below the threshold and hence would still
have been correctly classified. A 0-signal is rep-
resented by 1 ml of 7.1 mM malate and 112 mM
glycine. A 1-signal is represented by 1 ml of 190
mM MgCl,, 7.1 mM malate, and 112 mM glycine.
Both signal solutions are adjusted to pH 10.5 with
NaOH. Two ml of input signal solution constitute an
input pattern. The reaction is initiated when this
combines with 1 ml of MDH-NAD™ solution (5.3
mM NAD™ in MOPS buffer adjusted to pH 7.4 with
NaOH).

needto decideon anencodingfor the signalpatterngo
be processed A simple encodingschemerepresentsa
1-signalarriving on a signalline by a fixed amountof
onesubstancanda 0-signalby theabsencef this sub-
stance Suchanencodingallows for theimplementation
of commutatve operationgxz o y = y o ) only, since
a changein the order of the operandswill not leadto
a changein the chemicalmilieu. Therefore2-bit input
patternswill give rise to 3 possiblemilieu stateshere
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Figure 6. Measured absorbance change over
time for various Mgt concentrations. The re-
action medium contained 4.8 mM L-malic acid,
1.8 mM NADT, and 13.2 mM MOPS (3-[N-
morpholino]propanesulfonic acid, used to buffer
the enzyme (porcine heart mitochondrial MDH)
and NAD™ solutions) and was buffered by 92 mM
glycine adjusted to pH 10 with NaOH. The protocol
was derived from the assay described by Englard
and Siegel (1969).

calleda for a 00-input,b for either01- or 10-input,and
¢ for 11-input. If operationsareto beimplementedhat
arenot commutatie, a larger numberof signalingsub-
stancesould be used. It is thenpossibleto encodethe
signalline togethemwith the signal,i.e., the stateof the
line.

With the signalencodingdecidedupon,the possible
milieu conditionsat the startof the reactionareknown.
Differencesn the startingmilieu aremappeddy there-
actioninto differentabsorbancesalues. From the ab-
sorbancemeasurementm Fig. 6 it is possibleto cal-
culatehow thereactiongroupstheinput signalpatterns.
Thetime developmenbf thegroupingis shavnin Fig. 7
asdistancesamongthe responseso the 3 possiblemi-
lieu states. For implementinga desiredinput-output
map the minimum differencein the responseto sig-
nal patternsthat needto be differentiatedis important,
since this distancecorrespondgo the signal strength.
Fig. 8 shavs the signal strengthfor the XOR opera-
tion. The signalstrengthgor particularclassifications
changewith the progresof the reaction. Signalsarriv-
ing atdifferenttimeswill thereforemeetdifferentstates
of the reactionmediumand accordinglyaffect the re-
actiondifferently Enzymecontrolleddevicescould be
usedin this way to integratesignalsin spaceandtime,

r(b)-r(a)

r(b)-r(c)

r(c)-r(a)

500 1000 1500 2000 2500 3000 3500 4000t [s]

Figure 7. Absorbance difference (aA) in response
(r) to the three possible milieu states that can result
from 2-bit input patterns (e = 00, b = 01 or 10, ¢ =
11). The curves are computed from data in Fig.
6, assuming a 1-signal is represented by 66.7 mM

in analogyto the spatiotemporaprocessingperformed
by naturalbiologicalcells.
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Figure 8: Time development of XOR signal
strength. The signal strength (as) is given by r(b) -
Max( r(a), r(c)); cf. Fig. 7 for notation. The increase
in noise for longer reaction times is associated with
the high absorbance values at those times. The
curve is calculated assuming the same signal en-
coding as in Fig. 7.

Note thatthe time axesin thefiguresdiscussedere
arerelative to the reactionspeed. To implementpat-
ternclassificatiorit is possibleto runthereactionsmuch
faster(aswasdonein the experimentdiscussedn sec-
tion4). However, ahighreactionspeeds notconvenient
for studyingthetime courseof thereaction.
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6 Toward Molecular Co-processors

Our prototypecould be migratedto a more practical
device using microfluidics (Hadd et al. 1997; Unger
et al. 2000) and optoelectronic§Zaunerand Conrad
1997). Suchlab-on-a-chipmodulescould be adapted
for desiredfunction by varying the coding of the in-
puts and tuning the reactionmilieu (asin the tabletop
experimentsabove), choosingthe reactionparameters
usedfor readout(Kesslerl994), varying and combin-
ing enzymes,or modifying enzymesthrough directed
evolution (Beaudryand Joyce 1992; Gaoetal. 1997).
The additionof moretypesof signalingsubstanceand
coupling to other enzymaticreactionsshouldincrease
the compl«ity of the patternsthat can be processed.
MDH is frequentlyusedasan indicatorreactionin as-
saysand thereforeprotocolsfor linking to other en-
zymesareavailable(cf. WilliamsonandCorkey 1969).
Our expectationis thatthecomputationatapabilitiesof
mary enzymescould usefully be investigatedusingthe
methodologyoutlinedhere.

The evolutionary adaptationapproachis called for
dueto the contet sensitve dynamicsof enzymenet-
works. This is incompatiblewith corventional pro-
grammability It might be possibleto eliminatethe con-
text sensitvity, but this would abrogatethe uniquead-
vantageof enzyme-basedomputing(Conrad1988).

We ervision migrating elaboratedsignal processing
modulesto microchip devices that can be integrated
with corventionalelectronicsignalprocessingThe de-
creasdn reactionvolumewould increasespeed.Alter-
native designausingenzymeimmobilizationtechniques
(DuVval et al. 1985)andcouplingto diesfor optoelec-
tronic readoutcouldbeutilized (Whitaker 1969;Michal
etal. 1983).

Thetabletopdevice canbe usedto experimentwith
suchhybrid architectures. Senos intendedfor model
airplanescanbe employed asshaown in Fig 9 to operate
thevalvesandsyringes.

7 Artificial Neuromolecular Ar chitectures

Automation should speedthe developmentof a use-
ful repertoireof biochemicalneurons put this is still a
big task. In the meantimeit is possibleto experiment

Figure 9: Interfacing the artificial enzymatic neuron
with a conventional architecture. Servos from radio
controlled models can be operated through pulse-
width modulation by a digital computer. The servo
on the left side steers a T-valve and the servo on
the right positions a syringe pump.

with simulatedneuromoleculaarchitecturesTheidea
is to useneuronghatdrawv oninternalsignalintegration
mechanism#$o performcomplicatednput-outputtrans-
formsandto combinetheseinto structureghatcanper

form coherentperception-actioriasks. Our group has
developeda seriesof suchmodels(e.g.,Kampfnerand
Conrad1983; Kirby and Conrad1986; Conradet al.

1989; Ugur and Conrad1999). An architecturedevel-

opedwith J.-C.Chenis indicative. This consistof cel-
lular automatomeuronsthat model cytoskeletal signal
processingThe comple internaldynamicsof the neu-
ronsallows for the evolution of a wide variety of input-
outputtransforms.Redundansubnetwerks canevolve
independentlyand the resulting neuronsare then har

vestedandcombinedn differentwaysby a higherlevel

evolutionaryalgorithm. The systemhasbeenappliedto
a variety of problemdomains,including mazenaviga-
tion (ChenandConrad1994),Chinesecharacterclassi-
fication (Chenand Conrad1997),andmostrecentlyto
hepatitisdiagnosigChen2000).

Architecturessuch as the aborve provide important
hints aboutthe adaptve procedureghat would be per
tinentto systemsof real neurons. The simulatedneu-
rons of coursehave much less power than would be
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possiblewith actual biochemicalembodiments. That
usefulfunctionalityis obtainedwith a simulatedsystem
suggestghatreplacingthe simulatedbiochemicalneu-
ronswith actualbiochemicaheuronsvouldyield much
morepowerful computationatapabilities.

8 Directions

Theresultsreportechereappeato haveimplicationsfor
the neurondoctrine. Most technicalneuralcomputing
modelsstill assumeessentiallyrathersimple neurons.
Marny brainmodelstake their cuefrom thesetechnolog-
ical systemsdespitethe evidentcompleity of realneu-
rons. Thefactthata singleenzymetypecantransforma
linearly inseparablgroblemto alinearly separablene
strongly suggestghat real biological neuronshave ca-
pabilitiesthat far exceedthosetypically representedh
currentneurocomputingnodels.

Our working hypothesisis that multi-enzyme ex-
tensionsof the enzyme-dren systemprototypedhere
couldtransformdifficult patterngroupingproblemsnto
formsmanageablby conventionaltechniquesDevices
of thistype couldsene asmolecularco-processorthat
provide novel computationakynegies for digital ma-
chines.In time networks of artificial moleculameurons
maybeevolvedfor awide varietyof specialpurposeap-
plicationsthatarerefractoryto currentlyavailabletech-
nologies. Much remainsto be done,but perhapssome
day it will be possibleto achieze an artificial Clever
Hans.
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