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1 IntroductionAlzheimer's disease (AD) is characterized by progressive deterioration of the patient's cog-nitive and social capabilities. Recent investigations have shown that in addition to thetraditionally described plaques and tangles found in the AD brain, this disease is character-ized by considerable synaptic pathology. There is signi�cant synaptic loss in various corticalregions, termed synaptic deletion, accompanied by synaptic compensation, an increase ofthe synaptic size re
ecting a functional compensatory increase of synaptic e�cacy [Bertoni-Freddari et al., 1990, DeKosky and Sche�, 1990, Sche� et al., 1993]. The combined outcomeof these counteracting synaptic degenerative and compensatory processes can be evaluatedby measuring the total synaptic area per unit volume (TSA), which is initially preservedbut decreases as the disease progresses. The TSA has been shown to strongly correlatewith the cognitive function of AD patients [DeKosky and Sche�, 1990, Terry et al., 1991,Masliah et al., 1994, Masliah and Terry, 1994], pointing to the important role that patho-logical synaptic changes play in the cognitive deterioration of AD patients. In this paper,we further develop our previous studies of the functional e�ects of these synaptic changes,and discuss their relation to more traditional neuropathological markers of AD.Since memory deterioration is a clinical hallmark of AD, it is natural to investigate thee�ects of synaptic deletion and compensation on the performance of an associative memoryneural model. Motivated by the �ndings of synaptic pathology in AD, we previously studied[Horn et al., 1993, Ruppin and Reggia, 1995] ways of modifying the remaining synapses ofan associative memory network undergoing synaptic deletion, such that its performance willbe maintained as much as possible. To this end, we used a biologically-motivated variantof a Hop�eld-like attractor neural network [Tsodyks and Feigel'man, 1988]: M memorypatterns are stored in an N -neuron network via a Hebbian synaptic matrix, forming �xedpoints of the network dynamics. The synaptic e�cacy Jij between the jth (presynaptic)neuron and the ith (postsynaptic) neuron in this network isJij = 1N NX�=1(��i � p)(��j � p) ; (1)where ��i are (0,1) binary variables representing the stored memories and p is the activitylevel of each memory. The updating rule for the state Vi of the ith neuron is given byVi(t+ 1) = �0@ NXj 6=i JijVj(t)� T1A ; (2)1



where � is the step function and T , the threshold, is set to its optimal value T = 12p(1 �p)(1 � 2p). In the intact network, when memory retrieval is modeled by presenting aninput cue which is su�ciently similar to one of the memory patterns, the network 
ows toa stable state identical with that memory. Performance of the network is de�ned by theaverage recall of all memories. The latter is measured by the overlap m�, which denotesthe similarity between the �nal state V the network converges to and the memory pattern�� that is cued in each trial (see [Horn et al., 1993]).Synaptic deletion has been carried out by randomly removing a fraction d of all synapticweights, such that a fraction w = 1�d of the synapses remains. Synaptic compensation wasmodeled by multiplying all remaining synaptic weights by a common factor c. Varying c asa function of d speci�es a compensation strategy. Correlating synaptic size with synapticstrength, we have interpreted TSA in the model as proportional to c �w. In this frameworkwe have previously shown that maintaining the premorbid levels of TSA (that is, employingc = 1=w) constitutes an optimal compensation strategy, which maximally preserves perfor-mance as synapses are deleted. However, such uniform, global strategies su�er from twofundamental drawbacks:1. They can only work when neurons in the network undergo a similar, uniform, processof synaptic deletion. Otherwise, it is advantageous for the di�erent neurons, which un-dergo di�erent levels of synaptic deletion, to develop their own suitable compensationfactors.2. While global compensation mechanisms may be carried out in biological networks viathe actions of neuromodulators, their biological realization remains problematic, sinceit requires the explicit knowledge of the ongoing level of synaptic deletion in the wholenetwork.In this paper we present a solution to these problems by showing that synaptic compen-sation can be performed successfully by localmechanisms: a fraction di of the input synapsesto each neuron i are deleted, and are compensated for by a factor ci which each neuronadjusts individually. This is equivalent to performing the replacement Jij ! ciwijJij wherewij is either 0 or 1, and wi = 1�di =Pj wij=N . Our method is based on the neuron's post-synaptic potential hi, and does not require the explicit knowledge of either global or locallevels of synaptic deletion. The local compensatory factor ci develops dynamically so as to2



keep the membrane potential and neural activity at their original, premorbid levels. Theproposed neuronal activity-dependent compensation modi�es all the synapses of the neu-ron concomittantly, in a similar manner, and thus di�ers fundamentally from conventionalHebbian synaptic activity-dependent modi�cation paradigms like long-term potentiationand long-term depression which modify each synapse individually. Our proposal is thatwhile synaptic activity-dependent modi�cation plays a central role in memory storage andlearning, neuronal-level synaptic modi�cations serve to maintain the functional integrity ofmemory retrieval in the network.Several biological mechanisms may take part in neural-level synaptic modi�cations thatself-regulate neuronal activity (see [van Ooyen, 1994] for an extensive review). These includereceptor up-regulation and down-regulation [Turrigiano et al., 1994], activity-dependent reg-ulation of membranal ion channels [Armstrong and Montminy, 1993, Abbott et al., 1994],and activity-dependent structural changes that reversibly enhance or suppress neuritic out-growth [Mattson and Kater, 1989, Schilling et al., 1991, Grumbacher-Reinert and Nicholls,1992]. Interestingly, while neurotransmitters application may act in isolation on individualdendrites, membrane depolarization simultaneously regulates the size of all growth conesand neurites of a given neuron [Stuart and Sakmann, 1994]. Taken together, these �ndingstestify that there exist feedback mechanisms that act on the neuronal level, possibly viathe expression of immediate early genes [Morgan and Curran, 1991], to ensure the home-ostasis of neuronal activity. These mechanisms act on a slow time scale and are activealso in the normal adult brain. These biological data have recently triggered the compu-tational study of feedback regulation of neuronal dynamics [Abbott and LeMasson, 1993,LeMasson et al., 1993], and activity-dependent network development [van Ooyen and vanPelt, 1994].In this paper, we extend the study of neuronal activity regulation to investigate therole of local compensation mechanisms in the pathogenesis of AD. We raise the possibilitythat synaptic compensatory mechanisms, that in normal aging succeed in preserving aconsiderable level of cognitive functioning, are disrupted in AD. To study this further,we concentrate on synaptic weight modi�cation, where each weight is taken to representthe functional e�cacy of the synapse, i.e., its size and the activity of related receptorsand ion channels 1. In the next Section, we present local compensation algorithms in two1From a strict computational point of view, the synaptic modi�cations we study are equivalent to varia-tions in the �ring threshold of each neuron. 3



classes of associative memory models. First, in the framework of the Tsodyks-Feigelman(TF) model where we have previously studied global strategies, and then in the frameworkof the Willshaw model [Willshaw et al., 1969]. These models are representatives of twofundamentally di�erent classes of associative networks, di�ering in the characteristics ofthe neurons' mean post-synaptic potential and the level of competitiveness in the network.This distinction has important biological rami�cations, but as the pertaining experimentaldata are currently insu�cient to decide which class is biologically more plausible, we studylocal synaptic compensation in both frameworks. Computer simulations, and their possibleclinical implications, are presented in Section 3. The synaptic changes are obviously onlypart of a complex and interrelated set of neuropathological changes that take place in AD.In Section 4 we brie
y discuss these alterations and their relations to the synaptic processeswe model. Finally, in the last Section we summarize our results and their relevance tounderstanding the pathogenesis and progression of Alzheimer's disease.2 Locally-driven Synaptic Compensation2.1 The Tsodyks Feigel'man ModelOur local compensation method aims at maintaining the premorbid pro�le of the postsy-naptic potential. In our previous work [Horn et al., 1993] it was shown that this pro�le canbe maintained through TSA conservation, i.e., by using the compensation c = 1=w. Guidedby this �nding, we now set to implement its local compensation version, ci = 1=wi. For thispurpose we employ the di�erential equationdcidt = �ci (1� ŵici) ; (3)where � is a rate parameter and ŵi is a �eld-dependent estimate of the local connectivity wi.This equation is then transformed to a di�erence equation which is used in the simulationsci(t+�t) = ci(t) + �ci(t) (1� ŵici(t)) ; (4)where � = ��t.We are looking for an estimate ŵi that depends only on information which is availableto the single neuron. We propose using moments of the neuronal input �eld (post-synapticpotential) hi, after averaging over a set of retrieval trials, and comparing them with theirvalues in the normal, premorbid state. From a biological perspective, such knowledge and4



computational algorithms may be pre-wired in the neuronal regulatory mechanisms reviewedin the previous Section, which are responsible for homeostasis of neural activity.There are two possible measurements of the �eld hi, either under conditions of randomnoise input or through a set of trials of memory retrieval from the existing repertoire ofmemories 2. In the Tsodyks-Feigelman model, the �rst moment of the �eld vanishes, hhii =0, both for random inputs and memories. So we turn to the second moment, which can becalculated for random noise initial conditions in the premorbid stateDhi2(wi)E = ci2ŵi Dhi2(wi = 1)E � ci2ŵi DRi2E : (5)When using a set of memories instead of random noise we obtain a di�erent expressionwhich separates into signal and noise terms with di�erent power dependence on deletionDhi2(wi)E = ci2ŵ2i DSi2E + ci2ŵi DRi2E : (6)Here hSi2i is the signal term in the premorbid state (w = 1) and hRi2i is the same noiseterm as in (5). Given these two equations one can solve for ŵi either by using noise alone, orby using trials of memory retrieval and relying on the separate knowledge of the premorbidmagnitude of the signal and noise terms.To perform local synaptic compensation in our simulations, we proceed in small stepsof deletion �d. At each deletion step the network is presented with all (slightly corrupted)memories and allowed to converge to its �xed points. By averaging the �eld strengths mea-sured over all memory retrieval trials, we calculate ŵi via equation (6). Thereafter, synapticcompensation via algorithm (4) is applied. The resulting performance is evaluated by pre-senting all memory cues again. As demonstrated in Figure 1, dynamic local compensationvia algorithm (6) works as well or even better than the local TSA-conserving compensationci = 1=wi.2One may speculate that the biological realization of such �eld measurements occurs during dreaming.
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superior to the TSA-conserving strategy (ci = 1=wi) as changes in the level of activity of thenetwork occur; the high-activity spurious stable states which emerge as deletion proceedsare suppressed by using compensation values that are lesser than those dictated by a TSA-conserving algorithm (which is of course insensitive to the level of activity in the network),resulting in better performance.
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Figure 2: Performance versus deletion for a network that runs the local Willshaw-compensation algorithm (8). The result, presented by a solid line, is compared with theperformance of local TSA conservation (ci = 1=wi, dashed curve) and no compensation(ci = 1, dot-dashed curve) methods. The simulation parameters were N = 1500;M =75; p = 0:05; � = 0:1;�d= 0:009.This simple and e�cient algorithm is used in the next section to study the e�ect ofsynaptic deletion and compensation rates on network performance, and its relevance to ADprogression.3 Results and Clinical Relevance3.1 Compensation Rates and AD ProgressionIn this Section we will discuss results of simulations of a Willshaw network of N = 1500neurons in which M = 75 randomly-generated memory patterns with activity p = 0:05are stored with T = 0:8. In every simulation run, a sequence of synaptic deletion andcompensation steps is executed, and the performance of the network is traced as deletionprogresses. In each simulation step (considered as one time unit) a fraction �d of theremaining synapses is deleted. Synaptic compensation is performed via the discretizedversion of algorithm (8) by averaging the local �eld following the presentation of the storedmemories. 7



We �rst study the network's performance at various compensation rates � , as presentedin Figure 3a. The performance level is better maintained if the compensation rate is high.As reviewed in [Horn et al., 1993], young and very old AD patients su�er from rapidclinical deterioration characterized by a sharp decline, while the majority of AD patientshave a more gradual pattern of decline. These clinical patterns may arise because very oldpatients have almost no compensation resources (that is, corresponding to low compensationrates illustrated in the leftmost curve in Figure 3a), and young patients still have potentsynaptic compensation mechanisms (the rightmost curve). Interestingly, studies of reactivesynaptogenesis following experimental hippocampal dea�erentation lesions in rodents showindeed that the rate of compensatory synaptogenesis decreases as a function of age [Cotmanand Anderson, 1988, Cotman and Anderson, 1989]. The dependence of performance oncompensation rate � for a given deletion level d is demonstrated in Figure 3b; while theperformance levels obtained in early stages (d = 0:4) are almost similar for a broad rangeof � values, a more pronounced � dependence is observed as deletion proceeds (d = 0:8).(a) (b)
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fairly gradual manner. Thus, when local compensation is employed, a single compensationmechanism can give rise to a variety of clinically observed patterns of degradation.3.2 Memory VacillationsSimilar simulations performed within the framework of the TF model yield qualitativelysimilar results. However, there are two important di�erences: First of all, in the TF modelperformance degradation is homogeneous, that is, all memories have similar retrieval acu-ity. In the Willshaw model, the retrieval of some memories may decline while others arepreserved. Furthermore, while in the TF model once a memory pattern vanishes it is lostforever, in the Willshaw model memory patterns which are lost may later be adequatelyretrieved due to ongoing compensation. Figure 4 traces the temporal evolution of individualoverlaps of four memory patterns in a Willshaw network during deletion and compensation.While some patterns may vanish forever (left uppermost �gure), the retrieval of others mayvacillate (right uppermost and left lower �gures), and some may even have late revival (rightlowermost �gure). These results demonstrate that computational studies of brain patholo-gies may potentially enable us to learn more about the working of the intact brain; in thisexample, the TF model and the Willshaw model give rise to inherently di�erent patternsof individual memory decline as AD (and normal aging) progresses. A detailed prospectivepsychological study of individual long-term memory retrieval is called for 3.3An intuitive insight into the di�erent behaviors of the TF and Willshaw models may be obtained bynoting that in the Willshaw model all foreground neurons belonging to a given memory (those that should�re) have similar input �elds, and hence tend to be activated together. In the TF model, on the otherhand, the distribution of input �elds of such foreground neurons is broad, hence memory patterns can stillbe partially retrieved even if some foreground neurons become quiescent.
9
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will generally cause a faster avalanche of the disease, once it starts to take place, andsigni�cant neural death. A qualitatively similar e�ect may be seen with low versus highcompensation rates. Since the primary factor responsible for cortical atrophy in AD is likelyto be neural degeneration (synapses occupy a very small fraction of the cortical volume[Bourgeois and Rakic, 1993]), the �nding that the extent of neural damage depends on thepathological pathway may shed some light on the broad range of cortical atrophy levelsobserved in AD patients, su�ering from similar levels of cognitive deterioration [Wippoldet al., 1991, Murphy et al., 1993].(a) (b)
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Figure 5: Performance versus time with (a) a low viability threshold (V T = 0:2) and (b) ahigh viability threshold (V T = 0:5). � = 0:02 and the rest of the simulation parameters areas in Figure 7. The bottom �gures trace the fraction of dead neurons as a function of time.Neuronal damage is traced until complete performance collapse (the patient's `death'), i.e.,zero overlap. 11



4 Plaques, Tangles and Synaptic PathologyIn addition to the neurodegenration of the association and limbic cortices, the two mainneuropathological alterations that accompany the progression of AD are neuritic plaques(composed mainly of degenerating neurites and amyloid) and neuro�brillary tangles (com-posed mainly of microtubule associated tau protein) [Terry et al., 1994]. Recent experimen-tal observations o�er new insights regarding the relationship between plaques and tanglesand synaptic alterations in AD:� Amyloid Plaques: The extracellular deposition of amyloidogenic plaques is likely toplay an important role in neural and synaptic degeneration (see [Masliah and Terry,1994] and [Masliah, 1995] for a review). However, the existence of widespread neuriticdystrophy that is not directly associated with amyloid deposits [Selkoe, 1994], and theobservation that plaque and tangle formation can only partially account for synapticpathology, suggest that there is an additional, primary, synaptic pathogenic processin AD [Masliah and Terry, 1994, Masliah, 1995]. This process may result from thedysfunction of several synaptic proteins, including impaired amyloid precursor protein[Roch et al., 1994, Masliah, 1995]. It remains to be determined if these synaptic regu-lation abnormalities manifest themselves primarily in enhanced synaptic degenerationor in attenuated rates of synaptic regeneration and compensation.� Tangles: The main common underlying pathology for a wide variety of neuropil ab-normalities in AD is the accumulation of the microtubule-associated protein Tau inneuro�brillary tangles [Perry et al., 1991, McKee et al., 1991]. Neuronal-level synap-tic compensation, involving early gene expression and protein transcription, probablyrequires intact cellular transport systems. Hence, disrupted microtubule systems maylead to de�cient synaptic compensation. While neuro�brillary pathology is likely tocontribute to dementia in AD [Arrigada et al., 1992, Samuel et al., 1994], there isa subgroup of AD patients which show little neuro�brillary pathology and yet maysu�er from considerable cognitive deterioration [Terry et al., 1987]. If indeed dam-aged synaptic compensation arises from neuro�brillary pathology, then the dementiain these no-tangles subgroup is predicted to arise primarily from excessive synapticpruning (i.e., markedly reduced synaptic density which may be observed in morphome-tric studies) in face of maintained TSA (which can be measured both by morphometric12



and immunohistochemical techniques).� Plaques and tangles may not only cause synaptic pathology, but, in turn, synapticalterations may enhance plaque and tangle formation, yielding a `vicious cycle' ofneural damage and death; abberant `compensatory' synaptic sprouting may enhanceneuro degeneration [Masliah et al., 1991, Cotman et al., 1991] and plaque formation[Masliah et al., 1992]. The functional e�ects of sprouting on network performance isan important and interesting topic for future computational studies; interestingly, pre-vious investigations in associative neural models have shown that increased synapticnoise may have bene�cial as well as adverse e�ects [Horn and Ruppin, 1995].In summary, synaptic pathology may either be a direct result of an underlying moleculardefect a�ecting synapses, or a secondary result of neural loss, and plaque and tangle for-mation. Given the current state of knowledge of the mechanisms underlying AD pathology,this issue is an open question, and our model is still not rich enough to address it. Thedevelopment of combined neural/metabolic models to study the interplay between synapticalterations and more conventional markers of AD pathology is called for. Such models mayshed further light on the relative signi�cance of the two routes to dementia delineated inthis work.5 SummaryWe have shown that synaptic compensation, a process which appears to play an importantrole in attenuating the progression of AD, can be achieved in a stable manner via local,activity-driven mechanisms. The biologically motivated mechanisms introduced in thispaper act to maintain neuronal homeostasis. Within our model, the variation of a singleparameter, the compensation rate, describes the di�erent progression rates of cognitivedeterioration observed in AD.Our work points to the possible important role of synaptic compensation failure in theprogression of Alzheimer's disease. This failure probably re
ects a breakdown of regula-tory mechanisms that play part in maintaining the functional integrity of the aging, non-demented, brain [Buell and Coleman, 1979, Flood and Coleman, 1986, Bertoni-Freddari etal., 1988, Bertoni-Freddari et al., 1990].We have based our compensation model on the observation of increased synapses in the13



aged and demented brains. Considerable support to the functional signi�cance of structuralsynaptic compensatory changes has been furnished by electrophysiological studies in theaging rodent hippocampus (see [Barnes, 1994] for a review), indicating that older rats havefewer, but structurally larger and functionally stronger synapses. Recently, it was alsoshown that the infusion of nerve growth factor in aged rats causes a signi�cant increase inthe TSA per unit volume of cortex, which is correlated with improved cognitive performance[Chen et al., 1995]. This gives further support to the main mechanism which we propose.We have discussed the existence of two pathological routes of damage in AD, `synaptic'and `neural' ones. Severe cognitive deterioration may occur via either route, but the neuralroute leads to considerably more cortical atrophy than the synaptic route, while causingsimilar levels of cognitive deterioration. We hypothesize that the pro�le of pathologicalroutes taken in a speci�c AD patient depends on the distribution of his neuronal viabilitythresholds.In addition to the development of combined neural/metabolic models, our work can beextended in the future in a few directions. We have studied so far global and local synap-tic compensation methods. Other intermediary synaptic compensation methods may beof interest. The utilization of higher moments of the neuron's input �eld may enable therealization of more e�cient synaptic compensation regimes, that can counteract the patho-logical e�ects of non-uniform, biased, synaptic deletion. We may even envisage the possibil-ity of using compensation algorithms as applications to the generation of `self-maintaining'associative memory network chips.Finally we wish to reiterate the point made in the Introduction: Our key idea is theexistence of a neuronal activity-dependent compensation mechanism. This di�ers fromHebbian synaptic modi�cation which plays a central role in memory storage and learning.Our proposal is that neuronal-level synaptic modi�cations serve to maintain the functionalintegrity of memory retrieval in the network. Both processes are therefore needed for theproper functioning of the brain.
14
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