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Rogier De Langhe & Matthias Greiff

1. Introduction

Social epistemology is characterized by a recogmiof the social dimension of knowledge
acquisition. Allegedly, there used to be a timeimafividual geniuses reading the book of
nature. Alas, no more. Contemporary science hasnagated to such an extent that no
scientist, however genial or productive, can colltevidence on his own. Scientists have
started to specialise, depending increasingly Hieirtevidence on each other rather than the
world. In thisdistribution of labourin science, scientists can do no other thatrust each
other’'stestimony Science has become a network and the scientestslyrits nodes. As such,
our main focus is the network and not the nodeke¥Aquestion that arises once a cognitive
effort becomes social is the extent to which tlpecgalisation should be pursued. Helen
Longino characterised this question of the divisadrlabour as the question whether and
when to pursue research that calls a community @asiss into question or to pursue
research that extends the models and theories upbich a community agrees.”
Communities of epistemic agents need to find aagetbalance between specialisation and
diversity. An important focus for our model is tetect the mechanism by which this balance
is generated. Knowledge of and control over sualeahanism could provide us with a key
instrument for institutional design.

The model we propose does not intend to prescrhm vational sciencehouldlook like, but
tries to grasp the dynamics of actual scientifiactice. We believe that understanding the
present state of affairs is likely to be conductgeattaining the state of affairs which is
prescribed by more ideal models. As such, our mskelld fit with episodes in the history of
science. The epitome of such a historicist appréasdihomas Kuhn'’s ‘Structure of scientific
revolutions’. This approach does not focus on haaividual beliefs are formed and
supported, but how these beliefs add up to entineds of thought, ‘paradigms’ or ‘research
programs’ and their interaction. This works throughsocial epistemology. An assumption
from classical epistemology which has come under ifhn social epistemology is that of
epistemic individualism. Knowledge acquisition idiatributed effort in which agents need to
rely on testimony from others. “By accepting eatheos' testimony, individual researchers
are united into a team that may have what no iddal member of the team has: sufficient
evidence to justify their mutual conclusion.” (Hatd 1991, 6) This brings the institutional
environment (which constitutes the interactions egistemic agents) to bear on the
conclusions reached. Hence, also this instituti@mafironment and its history becomes part
of the domain of study by epistemologists. Hencehallenge for our social epistemology
model of scientific activity is to meet Philip Minski’s concern thatA relevant congenital
tic of the American philosophy profession (althouigimust be conceded, not its alone) is a
demonstrated unwillingness to regard science asiatorically changing entity, not just in
the realm of epistemic “values” but also in terraf actual _socialstructures.” (Mirowski
2004 , 285, our emphasis)



The importance attributed to social and historfaators, the theory-ladenness of data and the
idea of incommensurability tends to estrange imfrthose scholars interested in devising
ideal accounts of science. It leads to a numbgruatzles: Why do scientists sometimes not
update their belief upon receiving evidence thatflads with their beliefs? Why does
research tend to cluster? If dissent is irratiomddy is disagreement a persistent feature of
science? On the one hand, dissensus seems to b@resent. Whether it is quantum
mechanics, international relations theory or indegdn forest management, diversity and
dissensus is ubiquitous across the spectrum asdiemces. Even highly formalized sciences
such as logic and mathematics are divided intoewdfit schools of thought, debating
fundamental issues such as the acceptability dfaicekinds of inconsistencies or the
existence of numbers. Others argue that there evangrowing body of scientific results on
which a consensus formed; it seems only a mattéima until all dissent has disappeared.
“The positive argument for [convergent] realisnthat it is the only philosophy that doesn't
make the success of science a miracle” (Putham,1P3)5 The model should explain this
succes, both of results and of number of adopBarsLarry Laudan (1981) compiled a long
list of once successful theories which are nowctilid by the scientific community; and why
would it be different this time around? In otherrd® we want a model which can both
explain the success of science and pessimistic-metetion. Our model has to account for
three things: the existence of dissensus, the emeegof consensus and the dissolution of
that consensus. This is a tough challenge, as Lawglan himself noted: “[S]tudents of the
development of science, whether sociologists orlopbphers, have alternately been
preoccupied with explaining consensus in sciencevitin highlighting disagreement and
divergence. [...] neither approach has shown itselidgve the explanatory resources to deal
with both.” (Laudan 1984, 2)

One of the most influential accounts concerningdistribution of labour is science is ‘The
division of cognitive labour’ by Philip Kitcher(199. Our model aims to extend this line of
thought. The basic problem of that paper is theal®d “CO-IR-discrepancy”: the mismatch
between a scientist’s individual rationality (IR)cathe ideal balance between specialisation
and diversity, the community optimum (CO). If sdists were all to pursue the same path,
namely that which is best supported by the avalavidence, then there is no diversity and
the community optimum is unlikely to be reachedhvted that, as Kitcher assumes, full
specialisation is undesirable. Kitcher solves tlserépancy by introducing social and other
factors, such as greed and stubbornness, whickesaaholarly attention and thus bring
diversity into the scientific community. He therfaemulates rationality from pursuing the
problem-solving method which intrinsically has thest prospects of success irrespective of
what others in the community are doing to choosmgelong to a community in which the
chances of being the first to discover the coramswer are maximized. The latter case takes
into account the distribution of research efforeatly present in the research community:
prospective individual returndecreaseas the number of scientists following a certaithpa
rises. As a consequence, it becomes rational ferindividual to pursue diversity, thus
solving the CO-IR discrepancy.

We believe that Kitcher has made a valuable camiobh in framing the problem and
presenting a solution, but claim that his resulésehonly limited scope. Kitcher only
considers the case of choice between two reseagtonts in search of a definite, true answer.
The result is the modelling of a scientific commyras a closed system, with a definite
ending point and decreasing marginal returns asetigpoint nears (Kitcher 1990, p.12,
footnote 8). Kitcher calls this an innocent simphiy assumption; understandably, because
this way of simplifying is standard practice in ossical economics. We think, for a number
of reasons listed below, that the model will notrbbust in the face of concretization of its



idealizations. This robustness is neverthelessmbst importance, because if the scope of the
model cannot be broadened to actual scientificarebe where well-defined puzzles and
ready-made evidence are often not in store, théch&i’'s model is too weak to extend its
conclusions to the division of cognitive labousirientific communities.

1) The development of a theory or research progmanmgnan open-ended process. Its
boundaries are not set and there is not a poimheth it can be said to be fully developed and
confirmed. Kitcher simplifies the problem as a deobetween two problem solving methods
of which one and only one will bring the solutidrhis is not an idealisation but an entirely
different ball-game.

2) The literature learns that the applicabilityt@fms like ‘truth’ and ‘solution’ is problematic

in the context of research programmes. Yet it es¢hvery concepts which smuggle in the
decreasing returns in Kitcher's model because tage decreasing marginal returns as the
endpoint nears. Leaving these concepts out meansané take decreasing returns for
granted anymore.

3) Kitcher's system sees a research community astaf individuals, each individually
possessing the ability to come up with the entilet®n of the problem. In reality however,
as described at length in the social epistemoldgyature, knowledge is distributed and no
individual is capable of developing an entire reslegrogram from scratch (everybody is,
with Newton, “standing on the shoulders of giant$iidividual scientists have to trust each
other, hence the problematiquete$timonyThis leads us to model scientific communities as
networks, where it's the network and not the ndtlas count. A crucial feature of networks is
that they exhibit increasing returns: scientificmgounities, similar to networks like the
internet, increase exponentially in strength eveng a node is added to the network. As such,
the addition of one scientist to a scientific conmityt doesn’t decrease the other scientists’
prospects of success (as in Kitcher) but increaseptospect of success for the community
exponentially. In brief, Kitcher's model does napkin why scientists try to persuade each
other. With decreasing returns to adoption, itas national for a scientist to get other people
to join the path he is pursuing.

4) Information is characterized by falling margimalsts (increasing returns to scale means
falling marginal costs) because once a unit of rmfation is produced (an idea, a book, a

score,...) it can be distributed at virtually nsttdAs such, the more people use it the cheaper
it becomes and marginal costs keep on falling indefy.

We propose a model which has as its starting ghmfproposition that scientific knowledge

is characterized by increasing returns, while Ketth model assumes decreasing returns to
adoption. The difference between assuming incrgasistead of decreasing returns is not
trivial; indeed it has profound effects on the tesg system. As will be shown, this makes it
an entirely different ball-game. The purpose of wersion is to make a model that is more
robust in the face of de-idealization than Kitckeahd as such can be extended to bear on the
problem of division of labour in science.

2. Increasing returnsto adoption

In response to the shortcoming of Kitcher’'s propadentified in the previous section, we
want to suggest a dynamic model characterised tngasing returns to adoption. For this
purpose we draw on a series of papers by Brianu@rtimitially designed for problems of

technology adoption in network industries, in whiod proposes a formal way of capturing
the dynamics of systems exhibiting such increasggrns to adoption. In his opinion, many
increasing-return problems fit a general nonlin@abability schema. Using Arthur’s work as



a starting point, the following analogy betweeneace and network industries is then
proposed. Let's say a scientific discipline is lkeéable to which scientists add contributions,
and the probability that a given scientist will aaldontribution (say, a paper) to a certain pile
(or ‘network’ or ‘cluster’) on the table depends thre share this pile of contributions in the
total number of contributions on all the piles tayion the table. This introduces increasing
returns to adoption, because the more people botitrg to a pile, the bigger the odds that a
new contributor will contribute to that pile.

This is a specific response to what Goldman (20043 coined the ‘novice/2-experts
problem®. Although responses to this problem differ, wedial Hardwig (1985, 1991), who
holds that laymen are basicalblind when having to choose between experts. Precisely
because he is a novice, the novice has not yet apgrenergy in getting to know the field, so
he can not rely on his knowledge of the differesttworks, he cannot assess the reliability of
different experts and he has no oversight of tkeipline which would enable him to compare
the available evidence for different networks okm@w which network has the most adopters.
Instead, what we propose is simply that the prdivglof the novice to contribute to network
x is equal to the share wfin the discipline. This can be interpreted as thatnovice is likely

to adopt to those networks to which his peers adaptl the odds that those peers will be
members of network is equal to the share g&fin the discipline. So what is taken out of the
equation here are the irrealistic assumptions whicjuire agents to have perfect oversight
over the discipline or some prior knowledge abasitcontents (which would make novices
not so novice after all). In a novice-expert sitoat the novice is ‘blind’ because no prior
investments in extensive training and special cdenm®e have yet been made, the novice
faces huge costs in order to assess diverging sldmthis situation, the most rational way to
proceed is to take the way of least costs, i.evithgaon the closest available experts (such as
teachers). At this point, iloes not mattewhether the choice is right or wrong (i.e. the
expert’s views are true or false), because fonthace the expense is simply too high. This is
an essential feature of our approach: the most fitapbis not doing it right but doing the
same. The rational tradeoff to be made here isd@fepcompatibility because of the premium
networks attribute to it (‘network externalities’Engaging in a certain amount of
specialisation (i.e. make a choice, even if oneasfully convinced; pursuit without belief)
will quickly outperform the option of suspendinglgment and getting to know all available
angles and weigh their respective body of evidemweuding acquiring the information
necessary to weigh this information accurately.ning to that cluster which happens to be
the cheapest one available at the time of entrigrims of previously acquired skills, topics of
interest, etc. is the rational thing to do, becatisallows them to spend time using the
methods they master best, answering the questieysthemselves deem most relevant,... The
point is that it doesn't really matter which cluste chosen, as long as a choice is made. A
choice (and the resulting specialisation) is neededrder to develop a certain programme
thoroughly, devise the best arguments for it, campewith critical tests and eventually
perhaps even allowing others to falsify it in théufe.

Once this initial choice is made, the next choinendich cluster to contribute to no longer
simply depends on the share of the cluster in theigdine. Every contribution counts as an
investments in acquiring specific training and sglecompetence. Through the lens of her
contributions, the scientist will learn more abdle available evidence and arguments. In
principle, once a scholar is in the field he caange the cluster he contributes to with every
contribution he makes. This might lead the novic@s$sess that his initial choice of cluster

1 “The novice/2-experts problem is whether a laypersan justifiably choose one putative expert asemo
credible or trustworthy than the other with resgedhe question at hand, and what might be th&tepic basis
for such a choice?’ (Goldman 2001, p. 92)



was not such a good one after all. However, assinvent progresses, sunk costs rise and the
rational option for a scientist at this point ist mimply to switch approach every time he
regrets his previous choice(s), e.g. because ofjminfronted with evidence conflicting with
his views, but to weigh this against sunk costsséeh the choice which cluster to contribute
to is path-dependent. Furthermore, although nduskely anymore, the relative share of the
cluster still matters. Larger clusters mean moretrdautions have been made, resulting in
better quality of the arguments and evidence predln it. As such the positive feedback
mechanism keeps on operating once a scholar eifidld.

In both episodes, as a total laymen and in growonige an expert himselfransaction costs
such as limited information, limited cognitive atids and limited oversight weigh heavily on
what is rational for the scientist to do. Thesestsve to be taken into account. They are not
simply ‘noise’ but constitute an essential reason dngaging in science in a networked
fashion in the first place. They cannot be ideaiasvay without also dispensing with the
distributed nature of scientific practice. Henagmaring them would render our results unfit
for social epistemology. However, and tragicalllgis implies thatrationality will not
necessarily be truth-tropic, not on the individlealel nor at the aggregate level. Although
there is a lot of room for evidence in our modatianal agents in a network will not only be
driven by evidence, but also by network exterregitiAs such we believe that, for a formal
model in social epistemology, network externalitbemstitute an essential part of scientific
practice. Lone experts, without any form of epistedependence, will simply not be able to
come even close to the level of sophistication mpadssible by dividing labour among
scientists. The social dimension of knowledge isamby restrictive but also constitutive.

Networks are built around a certatandard This can be a shared language, protocol, ... To
apply this to scientific communities, a standard ba taken to mean a shared core of basic
concepts and theoretical assumptions, resemblireg vdn be seen as the ‘core’ of a research
programme. Scientific contributions forplustersaround these standards. The study of a
scientist working within a certain research programand the research programme itself
could then be approached in the same way as a ¢emyser adopting to an operating system
(e.g. Apple, Windows,...). This is the analogy usedapply Arthur's formalism to the
problem of the distribution of labour in science.what follows we elaborate on his formal
characterization of technology adoption under iasmeg returns in order to extend his
analysis to the dynamics of scientific practicevaiant of this approach can be found in
Zamorra-Bonilla (1999).

3. Themodsd
Let us consider a population Nfepistemic agents. There ardifferent clusters. LeP be a
JXN matrix, its n-th column p,being agentn’s (a priori or intrinsic) preferences for all
clusters. There is &1 vectorE, its j-th element being the available ewdence for ch;stWe
normalizeE and denote the vector of relative available ewideby E= (El, EZ, E ;). Let
there be a vectdC being of length\, its n-th elemenic,>0 being the weight agentassigns
to relative available evidence. For the moment msgsthatc,=c, that isc, is the same for all
agents. As mentioned above, knowledge acquisisan distributed effort where agents have
to rely on each others’ testimony. A large value afieans that an agent has high trust in her
fellows’ work and places much weight on compatibil\We interpretc as a proxy for trust,
telling us how much weight each agent puts on emdeproduced by colleagues. Let the
likelihoods of pursuifor each agent be given by equgtion (2).

7, = P, + cE (2)



We define the following decision rule: Make a cdmition to the cluster with the highest
likelihood of pursuit (i.e. the largest elementrgy.

The model evolves by all agents making a contrdvuteach period. At the end of each
periods evidence is updated. By making contrib@itm a cluster evidence increases. The
process is self-reinforcing. Contributions to astdu increase the available evidence which in
turn makes it more likely that agents will contitiétio the same cluster next period.

In making his decision to which cluster to conttéa scientist looks at the available evidence.
By evidence we understand the accumulated knowledthe form of journals, textbooks and
the like. Evidence is produced by scientists makaagtributions. We assume that all
contributions produce evidence for just one singlester. The quality of contributions is
assumed to be homogeneous. Using these assumptoasgoid the task of having to judge
the quality of contributions. We can measure evigeas the weighted sum of contributions,
where evidence produced within a period equalsnimaber of contributions within this
particular period. The evidence for clustgrat timet is given byE;(t) whereK;(t) is the
number of contributions to clustein periodt andd 0 [0,1) .

E (1) =K,(t)+dK,(t-1)+ dej(t—2)+...:idtKT_t (2)

N
The number of contributions to clusfein periodt are given byK (t) =Zanj wherean=1 if
n=1
j Oarcmaxn,, and O else.
ko{1,2,..9}

The basic model is a nonlinear Polya process Viighprobability that a new contribution is
made to a specific cluster being a function of ¢batributions already made to that cluster.
As previous choices matter and increase the prbtyathiat a contribution will be made to a
cluster, this process is path-dependent and eghplositive feedback. We are interested in the
structure that emerges during this process, whestrbcture we understand the proportion of
agents working within each cluster. As has beenvahoy Arthur, Ermoliev, and Kaniovski
(1983, 1984, 1987), the structure, which in our elad a vector of proportions, tends to a
limit random vector. Our model reaches a stabléepaitf E..1=E;. Since our agents face the
same evidence each period, they make the sameechaah period and the distribution of
agents across clusters stays constant.

Knowing that a stable pattern emerges our nexttmuress concerned with the size of the
clusters. Do all clusters have rougly the same esizdoes one cluster become dominant?
Assuming that preferences are drawn from a [0, ifptm distribution, it is clear that far=0

all clusters are roughly equal in size. In thisigiton agents only care about their intrinsic
preferences, there is no premium on compatibility {rust) and hence there is no positive
feedback. Since preferences are uniformly disteduwll clusters are of roughly equal size.
However, as soon as>0 increasing returns kick in. Clusters with highdmrnce attract more
contributions and grow up to a certain point. Tikigisualized in figure 1, showing three runs
of a simulation withN=100 agents and)=5 clusters. The figure depicts the size of each
cluster, measured as the share of agents contgowti the cluster, on the vertical axes
(formally: KjT(t)). The horizontal axes measures time.

2 By using the sum of contributions as a proxy fadence it would also be possible to relate the ehtal
scientometric data.
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We see that the second and third simulations stemsitivity to initial fluctuations. Due to
the initial fluctuations a cluster gets selected atarts growing faster than the other clusters.
After about 100 time periods a stable structurergee at which the size of the dominant
cluster (and all other clusters) stays constantlaye cluster can be understood as the
existence of high consensus and low disagreemembuoh specialisation and low diversity.
The maximum size of the dominant cluster increag#sc, where if ¢ increases above some
threshold the dominant cluster gets 100%, i.e.ether absolutely no disagreement (no
diversity) within the particular school of thought.

The resulting process exhibits several featureArdfur's increasing returns model (Arthur
1989). We cannot predict in advance which clustédrget dominant, but we can predict that
one single cluster will get dominant; in Arthuresrhs the process wedictable The process

is nonergodic since small differences at the beginning (theritigtion of preferences and
initial evidence) are not averaged out over timstdad, they are responsible for selecting the
dominant cluster. Having reached a stable statsigeof all clusters stays constant, and the
dominant clusters stays dominant. Consequently,ptibeess ignflexible i.e. there is no
change from within the system.

In order to make the model more interesting aadistic we add some refinements. First, we
introduce heterogeneity of agents. Agents are bgégreous in how they react to available
evidence, that is they differ in theg-parameter. Some agents have a high value, of
indicating that they are followers rather than maoks, who have a low value @f. Some
agents are mavericks, and some are quite consexydiut most agents are somewhere
inbetween. We reflect this fact by drawingfrom a normal distribution with megn and
standard deviatioa.

As a second modification we introduce sunk costgems have invested a lot of time and
money getting to know the methods used within tluster. For them, it is not possible to
appropriate the benefits from that investment éytlswitch to another cluster. The longer an
agent has worked within a cluster, the less likghe is to change since her standing,
reputation and accomplishments all depend on thedmess of the cluster. Ligt denote the
number of contributions agentmade to clusterand letp,, =p,,(1+ tjn)l’” wheren>1lis a

parameter that reflects the responsiveness to sasis. Letp, be the column vector with
elements(pin, Pon..... Pin). Now the elements of the matB=(p1, 2. pn) are not fixed but
change as agents make their contributions. Thelyhkeds of pursuit are given by
7T, =p,+Cc,E. In the literature this is known as ,hardening pafsitions* where as time
passes agents put more weight on their own opiarzhless weight on the opinion of others
(e.g. p. 4, Hegselmann and Krause 2002). It caml@sunderstood as a process of dissonance
reduction where agents adjust their preferencemrder to reduce the discrepancy between
their preferences and choices.



Third, our agents do not live forever. Each petioeir age increases by one unit. Once they
have reached a certain age, randomly drawn fromifarm [50,100] distribution they die and
get replaced by a new agent with age drawn fronmifoum [20,50] distribution. The new
agent faces the novice/expert problem, on whichermoll be said below.

Now let us clarify our computational model. The ariging model ontology is sparse, the
model consists ol agents (indexed by subscripto N) andJ clusters (indexed by subscript
1 to J). The state of agemt is fully specified by the tupléa,,t,,C,), wherea, denotes age,
tr=(t1n, on,.... tin), @andc, is the agent’s c-factor, as explained above. Tth8csstate of our
community of epistemic agents is fully specifiedtbg tupleS and the vectoE.

S={(an,th,Cn):1<n<N}

E’:(El, Ez,..., E])

The evolution of the state of our scientific comnynS; - S11, is determined by simple rules
which are repeatedly applied each period.
Step 1. If an agent reaches his maximum age he dies asde@aced by a young agent. The
young agent is assumed to be at the start of meercavithout having detailed knowledge
about the available evidence. He faces the nowpef¢ problem which is modeled as a
standard Polya process. The probability that thengoagent makes his first contribution to
clusterj is given byE;.
Step 2a: With a small probability the agent makes a contribution to a randomly ain@set
existing) cluster. CalkE the probability of mutation. Highee means that agents are more
likley to try something new.
Step 2b: With probability (1€) the agent makes a contribution to the clustevhich she has
the highest likelyhood of pursuit.
Step 3: Evidence is updated according to equation (2).
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We did some comparative dynamics with the simutatiad figure 2 shows simulation runs
for varyingn (from top to bottom) and varying (from left to right)®> With increasing) the

simulation shows more fluctuations and clusterg dtaminant for a shorter period of time. If
we increase, pn increases slower as agents make their contribitibhis is a consequence

% If not indicated otherwise, parameters are sélimsvs: N=100, J=5, d=0.8=0.025, initial preferences are
drawn from a [0,1] uniform distribution, values foare drawn from a Gaussian distribution with mgamd
standard deviatioa=0.1. The simulation code is avaible from the arghgon request.



of sunk costs increasing slower. Diffgrences infeeences are smaller, preferences are
smaller relative to trust times evidenag E ), and agents are more likely to change clusters.
Figure 2 (from left to right) shows what happenwa& changel. Remember that determines
how strong agents react to available evidence. Rhenfigure we see that if we incregséhe
dominant cluster gets larger, indicating a positeationship betweep and the size of the
dominant cluster. For large values|ofa single cluster gets a dominant position at 8290
.Mutating“ agents prevent the cluster from gettihg§0%. Since it is very likely that the
cluster stays dominant we call thisqaasi lock-in* Our findings can be summarized as
follows:

(2) If there is high trust (larg@) more weight is put on evidence. As agents putemor
weight on evidence larger clusters emerge, i.eretli® consensus among a larger
group of agents. Scientists are more likely to &lise.

(2) If agents are more hard-wired (lowgr preferenceg, increase faster and agents are
more conservative. This implies that older agenis @ relatively low weight on
evidence and are less likely to change clustersod® of consensus among large
groups of agents are shorter, i.e. large clustexrakdown faster. Scientists are more
likely to diversify.

(3) For large values gfi we get a quasi lock-in. This means that one alugtés selected
and grows up to about 80-90%, i.e. there is conseasnong the vast majority of
agents. More general, the size of the largestealustreases witlp. Due to positive
feedback effects large clusters are likely to &age, and the probability of the largest
cluster breaking down being inversely related scsize.

4. Conclusion

The simultaneous existence of multiple empiricaliiequate and coherent clusters reflects the
underdeterminatiorof theory by data. This evidence for each clustdr be empirically
adequatebecause contributions to a cluster provide eviddoc that cluster and the core of
the research programme doesn’t come into questiorLékatos). The basic assumptions of
the contributions to a cluster will beoherent(because belonging to a cluster requires
compatibility). This gives all clusters the potahtito grow into a dominant research
programme that will be coherent and empirically qaige and thus provide some kind of
useful knowledge. However, what our model entalshat this success does not guarantee
that the dominant cluster is also thestone. In other words, success does not entail fruth.
Furthermore, the path-dependence that makes thelnstidky such that conflicting new
evidence is not immediately reflected in abandortroéa cluster adds laistorical dimension

to the analysis of science. The importance atteitbun this model to network externalities
reflects an incorporation of ttemcialdimension of knowledge. The clusters describedvevol
without a definite end-point in sight and with ghessibility that dominant clusters might one
day be replaced (cf. pessimistic meta-inductiond. Aich, the pattern resulting from our
model can account for the emergence of consensligh@nsuccess of science, while also
explaining the diversity of views and the possibibf pessimistic meta-induction.

* If we would set the probability of mutation to agg=0) one cluster would lock-in at 100% (for largéues of
K). With e>0 it is still possible but very unlikely that tdeminant cluster breaks down.

> “The usual policy of letting the superior technojogveal itself in the outcome that dominates israpriate

in the constant and diminishing-returns cases.iBtihe increasing returns case laissez-faire giveguarantee
that the ‘superior’ technology (in the long-run sehpwill be the one that survivegArthur 1989, 127)
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Our model does justice to the idea that scientistgational. It is, however, rational to be
social because no scientist, however genial orymigk, can collect all evidence on his own.
This brings them to be nodes in a larger netwotk wiles of its own. Rationality, provided c
is large, leads to the emergence of a broad conser®wever, an important implication of
this model is that the consensus does not neclseartail that the cluster on which a
consensus has developed is alsoritjet one, nor does it imply that this consensus wilt.las
The model has room for rationality, consensus amdess. But individual rationality doesn’t
necessarily carry over to the whole, consensugvemabsolute and success is no guarantee
for truth. However, scientific activityeedsto be mediated through the social in order to
achieve a spectacular gain through specialisationdsstribution of labour. But the dynamics
of networks and the increasing returns by whiclsehscientific networks are characterised
are not truth-tropic. As such, dissensus is anngisggart of any scientific community and
science policy should consider taking on the rdlamditrust agencies. Our model not only
supports these points in principle, but shouldyulgh field-specific estimation of the relevant
parameters and calibrated against historical epsoénable policymakers to assess the
results of policy decisions. It is hoped that thechmanism described can lead to better
institutional design.

In subsequent work we will further refine the basiadel. So far, we have assumed that the c-
factors are all drawn from the same distributionalmore interesting variant of the model
there would be a specific c-distribution for eatister. Meanu and standard deviatianof ¢

will be a specific feature of the cluster, with Inig indicating a high potential for growth.

We can explain how consensus emerges. The breakabtinie dominant cluster is triggered
by mutation. That is, by allowing for mutation weeaable to explain the dissolution of
consensus. (A high probability of mutation could byplained by a large number of
anomalies in the dominant cluster.) Another wagdbsome more interesting dynamics is the
idea ofunification of clustersBy this we mean that two clusters merge togetiterone new
cluster. In the history of science this happeneith Wiewton unifying Galileo and Kepler, or
the neoclassical-Keynesian synthesis. Also, we mantroduce the possibility that clusters
split up and new clusters get born.

Science is a distributed effort. This means thegndists, for a large part of their research, are
building on knowledge they have not acquired firatid but through education, reading and
reports from colleagues. Division of labour enalsleigntists to be extremely more productive.
They can specialise in a certain subfield, focusspecific problems and leave experiments
unperformed. While in classic epistemology the fosaems to lie more with the knowledge a
scientist acquires first-handocial epistemology has the intention of dealing with thes

broader topics of trust and testimony between $istsn While classic epistemology focuses
on the evidence for the truth of p, this paper drattention to the fact that at the moment
when epistemology goes sociaktwork externalitie€ome to have a large influence on the
acceptance of p. The distributed character of kadgé production means that network
externalities have an undeniable role to play & dssessment of knowledge claims. This
paper has constructed a model which illustratedthenatic effects of network externalities

on a community of rational scientists working idistributed fashion.
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