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appropriate eCommerce features. Mechanisms for achieving this are described in the next two 
sections.  

  
Figure 4: Two examples of concepts presented at the workshop referred to in figure 1 concerning the 

use of smart textiles and related concepts, left inset: ”adaptive, self fitting clothing according 
to downloaded style instructions”. Right inset: “strength or power amplification in gloves” 

5. Opinion formation and new product concept selection 
Buying behaviour and ensuring the visibility of new consumer products like those based on smart 
textiles, which are not covering self-explanatory basic needs of people, can be in part traced back to 
opinion formation process within social networks. Opinion formation evolves alongside trust formation. 
Trust between clients is an important ingredient for building recommender systems based on past 
client scores (Schebesch et al. (2010a)) effectively contributes to tilting buying behaviour.  
 
For simplicity assume that the only observable may be network structure and whether the group of 
people behind the network has reached a solution (a “consensus”). Then we can use a rather simple 
dynamic opinion formation model, which can also be considered as a paradigm for modelling the for-
mation of conventions and of standards, by using a procedure of message exchange between agents 
in social (client community, etc.) environments. Dynamic opinion formation can also be related to the 
modelling of negotiation processes, see Baronchelli et al. (2007). In the present context opinion for-
mation is proposed to model the emergence of sub-networks in client populations or extended virtual 
enterprises including producers, which are composed of persons evolving similar opinions e.g. about 
buying or producing. 
 
Models for dynamic opinion formation may use bounded confidence, basically to restrict interaction 
within groups of culturally similar partners - a concept used to describe the emergence of commu-
nication in networks. The full mathematical consequences of such models are not known as of today 
(Blondel et al. (2008)), but there are insights by means of numerical experiments:  
 Basically, out of many initial options, consensus emerges.  
 However, for certain parameter ranges, the dynamics typically exhibit opinion polarization, i.e. 

convergence towards two or many opinions.  
 Another typical feature are phase transitions: for some critical parameters abrupt changes occur 

in behavioural type, for instance the sudden transition from consensus to polarization.  
The basic dynamics of opinion formation are well described by Krause’s consensus formation model 
(Krause (2000), Blondel et al. (2008)), which simply states: First assume that 0>n  agents 

ni ,...,1=  are connected via a topology which is inducing a neighborhood. These agents are evolving 
their respective opinion 0),( >tiX  over discrete time Tt ,...,1,0=  by updating for every agent 

ni ,...,1=  the following (purely deterministic) difference equation: 
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where the index )(ik  is running over the neigborhood of every agent i  and where ” |.| ” denotes the 
number of respective neighbors. The index set )}({ ik  is computed by finding all the  
 

},||),(),(:||{ wtiXtkXk <−   for a given  .0>w  
 
Here ||.||  stands for a distance function, which simply measures the absolute difference between opi-
nions or opinion values of agents k  and .i  By convention, the n starting opinions are sorted, i.e. with 

>−> )0,1()0,( nXnX … > 0)0,1( >X . Owing to the agent-dependent dynamic index set )}({ ik  
the dynamic process )}(.,{ tX  is adaptable to every interconnection topology evolving over time in 
the agent’s relational network. Adaptation is steered by setting w>0 for the size of the neighbourhood. 
Simulations show that the overall dynamical properties of opinion formation are more complicated 
then perhaps guessed from their simple equations. 
 
In simulations performed by Blondel et al. (2008), large numbers of agents with different opinions 
generically evolve into a small number of different opinions and do not depend on the initial opinion 
distribution. In figure 5 opinion formation simultaneously evolves the interconnection network between 
agents. Dense networks (having large neighbourhoods) tend to produce less final opinions and their 
final connectivity matrices - as the one shown in figure 5 (C) - tend to differ less from initial matrices - 
as shown in figure 5 (A). In practice, client or innovation networks are expected to be formed by 
sparsely coupled individuals (like those of figure 5) or even to be formed by individuals which are 
members in many different networks (see Ahn et al. (2009)).  
  (A)     (B)     (C) 

   
Figure 5: Simulated opinion formation with 40 individuals representing 40 different starting opinions 

for a small neighborhood using w=0.047, i.e. within a sparse social network: (A) network 
matrix for t=1, (B) emergence of seven final opinions at t=10, and (C) network matrix for 
t=10. Individuals located within a cube share the opinion in t=10.  

6. Trust-based cascaded opinion formation 
Using the general features of opinion formations outlined in section 5 a very robust producer-con-
sumer opinion formation process is presented, which polarizes opinions from a potentially large list of 
starting options. As with future applications of smart textiles from section 4, such product options do 
not interrelate at early time steps of opinion formation. As time evolves, we assume that trust 
increases between agents, albeit with different rates in different contexts. For simplicity, dynamic ef-
fects of forgetting and unlearning are neglected. As in section 5 we start out with an opinion formation 
process 0),( >tiX  over discrete time ,,...,1,0 Tt =  which we term opinion formation of consumers. 
Next, we adjoin a second process ,0),( >tiY called opinion formation of producers, which functions 
according to the same dynamic equations as process X . For simplicity we assume a unidirectional 
dependence ),(YX  which reflects a trust increase with those consumers which form opinions in the 
vicinity of those evolved by the producers. The difference to the basic process described in section 5 
is how we determine the dynamic neigborhood of every agent. The index set )}({ ik  of every 
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consumer XNi ,...,2,1=  is now computed using a trust-based radius 0),( >tiW  (instead of constant 
radius 0>w ), which partially depends on the match with the opinions evolved by the producers 

YNj ,...,2,1= and which evolves over time according to 
 

( )∑
=

<−++=+
YN

j
XYXYX WtjYtiXuWWtiWtiW

1
||),(),(||),()1,( , with ,0)0,(1 >>> iW  

 
with (.)u  the unit function, which returns 1 if the argument is true and 0  otherwise, and with the 

parameters selected to be 5.0=XW  and .075.0=XYW  The index set )}({ jh  of every producer j  is 
updated by a trust-based radius ,0),( >tjV  which simply increases with time, namely 
  

YVtjVtjV +=+ ),()1,( , with ,0)0,(1 >>> jV  and with parameter .5.1=YV   
 
If YX NN > as assumed in the sequel, the starting opinions of the producers )}0,({ jY are a true 

subset of the starting opinions of the consumers )},0,({ iX  reflecting more focused information of the 
producers. Figure 6 depicts an example of a cascaded opinion formation process, where the out-
come of the consumer opinions (right plot) depends on the outcome of the faster opinion formation 
process of the producers. Nine opinions converge to an opinion representing a product solution with 
lower creativity and six to a high creativity solution (left plot). On the consumer side (rhs plot), all opi-
nions tend towards nearby located high creativity solutions. 

  

Figure 6: An opinion formation process with a starting number of opinions of producers 15=YN  

(some are place in close vicinity to others) and a starting number 50=XN  of consumer 
opinions, consumer opinions are converging towards “creative” solutions represented by 
higher ranking opinions on the scale. Less creative solutions (9 on the producers side) are 
abandoned 

Figure 7 depicts a process with the same consumer starting opinions and the same parameters for 
both processes, but with more starting opinions on the producer side. Two converging producer 
opinions occur with slightly less original opinions (11 out of 30, or 36%) now representing the more 
creative solution. The consumers retain two distant extreme opinions (originating from 11 and 13 
starting opinions, respectively), while a slight majority of different initial opinions tend towards opinions 
representing medium creativity. In a distant future the opinions will eventually fuse into some in-
termediate opinion value, somewhat below of that of the final opinion of the process from figure 6.  
 
Generically, the qualitative properties of this cascaded opinion formation process are very stable with 
regard to changes in the parameters and also with regard to smaller changes of initial opinion distri-
bution of both processes. Next a process similar to trust-based opinion formation is applied to the 
interactions between innovating firms with sustainability investment.  
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Figure 7: An opinion formation process with the same parameters as that of figure 6 except an in-

creased number of starting opinions of producers .30=YN  

7. Neighbourhood interactions between innovating firms  
Suppose that in a sector there exist 50=N  (say) innovating firms as described in section 3. The first 
questions arises as to whether there is an order according to which to sort - or at least a criterion by 
which to group these firms at time step .0=k  For some more interesting grouping (relating to 
technology and the role of firms in a network, etc.) the simple model of section 3 does not process 
enough information. In order to enable some diversity in the model dynamics, we sort firms by their 
initial sustainability commitment shares, )0(ih , which we assume to increase linearly in ,,...,2,1 Ni =  

assuming values in the interval [ ]H,0 , with .1<H  Other state variables also defined in section 3 are 

initialized to the same value for all firms, e.g. all starting budgets are equal: ).0(...)0(1 NQQ ==  
 
As in the case of dynamic opinion formation from section 5 and 6 interacting firms are modelled by 
using neighbourhoods ),(kUi  which indicate for every firm },...,1{ Ni∈  the set of those firms, which 
are sufficiently similar in order to allow for easy technology imitation. We compute such 
neighbourhoods at every time step k and for every firm i by 
 

},|)()(|,:{)( DkhkhijjkU jii <−≠∀=  for every ,,...,2,1 Ni =  and every ,1,...,2,1 −= Kk  
 
and by using upper bound HD < for the distances of the firms within a respective neighbourhood. 
While the shares Hkhi ≤≤ )(0  may be seen as a proxy for sustainability commitment, the neigh-

bourhood size implied by HD < may be seen as a proxy for the degree of clusterization in the sense 
of facilitating access to knowledge within larger communities of firms. The dynamics of the interaction 
between the innovating firms as described in section 3 is assumed to be governed by the following: 
 If there is no innovation event (see section 3) at time step k in firm i, then this firm is searching for 

another firm j* within neighbourhood )(kUi  from which to imitate. Such a firm j* may or may not 
be found in period k. 

 However, if such a firm is found, that is, if )}(:)()(min{arg* kUjkckcj iij ∈<=  then set 

)()( * kckc ji =  and also ).()( * khkh ji =  Hence, technology of firm j* is imitated now by firm i and 
the behavioural imitation is to switch to the sustainability commitment of the apparently more 
successful firm j*.  

 In some of the model simulations, a most simple adaptable sustainability commitment, i.e. 
),()1()()1( * khkhkh jii λλ −+=+  with values ,9.0=λ  and 0.5 is being used. 
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 In addition, a N×N trust matrix T is updated. At k=0 we initialize ,0=ijT  for all i,j, and 

,1** += ijij TT  that is, firm j* being the source of imitation receives a “unit of trust” from firm i. Note 
that, in general, the emerging T will not be symmetrical. 

Proceeding to the simulation of the innovating firms two neighbourhood sizes with D=0.055 and 
D=0.15 are used. All firms are initialized identically, except for sustainability investment 
share ,0)0( ≥ih which ranges from 0)0(1 =h  to .45.0)0( == HhN  While the time points of 
innovation events expressed by successive unit cost reduction are generated by independent random 
draws (see section 3), the effective use of an innovation depends on whether its unit costs are 
eventually inferior to unit costs of technologies already adopted by imitation. Hence, following an 
imitation event, all successively decreasing own unit costs, which are larger than the unit costs just 
adopted, are also replaced. Figures 8 and 9 contain the results for the two neighbourhood sizes D. 

 
Figure 8: Run with adaptive sustainability commitment using 9.0=λ  and smaller neighbourhoods 

Figure 8 display the budget evolution over firms and time (upper lhs), the innovation curve averaged 
over all firms (red, upper rhs) which in part evolves parallel to the theoretical power law (green), the 
adaptation of sustainability investment shares over time (lower lhs) and the trust matrix at final time 
step k=100 (lower rhs), where different colours stand for different trust levels which have been formed 
between firms equalling the number of times a firm being a source of imitation to other firms.  
 
Replacing the smaller with the somewhat bigger neighbourhoods (i.e. looking at the difference 
between the runs displayed in figure 8 and figure 9) leads to observing that sustainability investment 
shares focus much stronger, which in turn leads to a more uniform budget evolution over firms but 
also to a more involved trust block formation, which tends to form two bands and many distinct sub-
blocks. The innovation curve still remains close to the theoretical power law curve but exhibits re-
gimes (horizontal sections) where nothing seems to be learned with increasing cumulated production.  

8. Conclusion and outlook 
Starting from general considerations about innovation, knowledge, learning and social feedback me-
chanisms, the paper develops a concept for integrating innovating firms and sustainability investment 
into a stylized dynamic model which is similar to opinion formation processes used in order to model 
polarization of consumer and producer decisions concerning the adoption of new products. In both 
cases neighbourhoods induced by similarities of innovating firms and opinions about new product 
proposals respectively are driving the dynamics of the models. In the case of innovating firms, a trust 
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score matrix is recording actual imitation events which lead to behavioural and technological niches. 
Some interesting emerging model behaviour is found when neighbourhood size is increased. In the 
case of new product choice, a cascaded opinion formation process model combines opinion formation 
of customers and producers. Here too, a form of trust formation is used in order to adapt the neigh-
bourhoods for opinion formation over time.  

 
Figure 9: Run with same parameters as in figure 8 but with bigger neighbourhood radius of D=0.15 
In future work, such cascaded opinion formation will be related to recommender-like systems, which 
are able to identify hub-consumers from large client data bases or client networks in order to boost 
opinion convergence and eventually sales. In this context, IC formation may be expressed by the very 
fact that producers and consumers collectively learn to prefer products which embody high levels of 
creativity. The various communities of producers and consumers are increasingly interrelated. At a 
general level we therefore argue in favour of using some mechanism for trust generation and also for 
learning of how to treat sustainability issues and also of how to identify complementarities in products 
and technologies possibly all by means of appropriate e-Cooperation platforms.  
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