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ABSTRACT 
 

Expert opinions have been applied to construct fuzzy cognitive maps (FCMs) to support the process of 
strategic planning. FCMs are beneficial tool to represent strategy maps due to their capacity to model 
causal-effect relationships among the key strategy concepts. To overcome the problem of rather subjective 
expert evaluation of the relationships, automatic knowledge acquisition is preferable. Moreover, the causal-
effect relationships evolve dynamically and are context-specific. Here, the knowledge acquisition is 
performed to obtain knowledge on causal strategic concepts. This knowledge is extracted from strategic 
documents. This approach has two major steps. First, latent semantic analysis is employed to obtain an 
interpretable semantic model. Second, collocated causal concepts are used to model relationships among 
strategic concepts. This approach also requires theoretical background literature/domain experts to 
determine the direction of the causalities. The generated FCMs can subsequently be used to simulate the 
effects of strategic management and, thus, provide an effective decision support tool. Several innovation 
strategies of regions for two periods are used as a case study. To verify the proposed approach, it is 
demonstrated that the generated FCMs are consistent with expert opinions and fuzzy ANP method. The 
analysis of the dynamic evolution of the FCMs also shows how strategic priorities change over time. 

Keywords: Fuzzy cognitive map, Business strategy, Textual analysis, Innovation strategy 
 
1. INTRODUCTION  
 

Researchers and practitioners have witnessed 
rapidly growing interest in fuzzy cognitive maps 
(FCMs). This has been largely triggered by the 
ability to utilize expert knowledge in causal 
cognition models, which makes the FCM 
particularly effective for knowledge representation 
and decision support [1]. In fact, the FCM [2] is a 
version of the cognitive map generalized for 
situations where knowledge representation is 
uncertain and imprecise. More specifically, it is 
used when the causality between concepts cannot 
be described precisely owing to high complexity or 
data unavailability. This holds true for many fields 
of application, ranging from traditional ecology and 

environmental management to engineering and 
information systems [3], [4]. In business domain, 
the applications include, among others, the design 
of balanced scorecards [5], performance 
management [6], knowledge management modeling 
[7], supplier selection [8], customer relationship 
management [9], project management [10] or 
production management [11].  

Despite this interest, far too little attention has 
been paid to the utilization of FCMs in strategic 
planning. Indeed, both the concepts and strength of 
causalities remain unclear and context-sensitive in 
business strategies. Moreover, rapidly changing 
environment requires from management to 
continuously adapt their objectives and revise 
strategic plans. The introduction of strategy maps 
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was reported as a great progress for the 
organizational performance measurement systems 
[12]. Strategy maps are used to represent causal-
effect relationships among the key components of 
an organization’s strategy [13]. They can be used 
for describing strategy, thus promoting its 
communication and understanding. The causal-
effect relationships are crucial because strategy 
balances contradictory priorities and it consists of 
simultaneous complementary concepts. However, 
traditional strategy maps suffer from several 
shortcomings [12]. First, static strategy maps do not 
correspond to dynamically changing environment. 
Second, tools with simulation capabilities are 
necessary to calculate the effects of intended 
strategic measures. Finally, predictions of future 
impacts always addresses the issue of uncertainty. 
Moreover, the cause and effect relationships 
themselves are strongly associated with uncertainty 
as more causes can lead to the same effect with 
different levels of influence. FCMs have therefore 
been used to accommodate this fuzziness in the 
causal relationships of strategy maps [12]. Hence, 
FCM was chosen also in this study because it is one 
of the most practical ways to model this uncertainty 
in causal relationships. 

The main issue to be addressed when designing a 
FCM for strategic planning is the choice of 
concepts in the FCM and the quantification of 
causal relationships between these concepts. 
Previous efforts to develop FCMs for strategic 
planning was limited to expert opinions [12]. 
Causal relationships in business and economics 
evolve dynamically; moreover, they are context-
specific. This makes automatic knowledge 
acquisition preferable. To the best of the knowledge 
available, no automatic (or semi-automatic) 
knowledge acquisition has been developed for 
strategic FCMs in previous literature. Here, the 
research approach was based upon a contextual 
analysis of innovation strategy priorities. The 
advantage of this approach is a semi-automatic 
generation of FCMs from the text of innovation 
strategic documents. In the proposed approach, 
content and collocation analyses are used to create 
the structure of FCM and expert knowledge is 
utilized to determine the directions of causal 
relationships between regional innovation strategic 
priorities. It is demonstrated that both strategic 
priorities and causal relationships between them can 
be extracted from strategic documents. In addition, 
FCMs can be utilized to simulate the effects of 
strategic priorities achievement and, thus, support 
strategic decision-making processes. Furthermore, it 
is also showed that the generated FCMs are in 

strong agreement with the knowledge acquired from 
experts. This is an extended version of the 
conference paper [14]. Compared to the previous 
version, here we study the dynamics of strategy 
maps in more detail by exploring strategy maps for 
two periods in the case study. We also provide 
some more insight by performing additional 
sensitivity analyses of the FCMs. 

The paper is structured as follows. The next 
section presents research methodology, including 
theoretical background on FCMs as a tool for 
supporting strategic planning. It also shows how an 
FCM can be constructed using textual analysis of 
strategic documents. Further, empirical research on 
strategic programming for regional innovation 
strategy is presented based on a case study of Polish 
regions. The paper ends with conclusions and 
implications. 

2. RESEARCH METHODOLOGY 

The research methodology of this study is 
depicted in Figure 1.  

 

Figure 1: Research Methodology 
 
For the purpose of this study, text documents 

containing innovation strategies were collected for 
Polish regions (all documents were in English). 
Linguistic preprocessing was carried out first in 
order to perform the LSA (latent semantic 
analysis). This step included tokenization, 
lemmatization, and discarding the stop words and 
the least frequent words in the corpus of 
documents, see [15] for details. Thus, a set of 
potential term candidates was obtained. This 
analysis was performed in the RapidMiner 5 
programming environment. The detection of 
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synonyms represented another issue to be 
addressed. The WordNet ontology [16] was also 
used for this task. This ontology also enabled 
finding the correct sense of the terms for the 
domain, where the terms with the highest score for 
the “economy” domain were chosen. The tf.idf term 
weighting scheme [17] was used to extract the 
weights of terms wij in the corpus of documents: 
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where N is the total number of documents, tfij is the 
frequency of the i-th word in the j-th document, and 
dfi is the number of documents with at least one 
occurrence of the i-th term. Top 1000 terms with 
the highest weights wij were chosen using this term 
weighting scheme. This number is considered 
sufficient in related text mining applications [18].  

Next, singular value decomposition (SVD) was 
performed as a standard method to extract the 
concepts in LSA. SVD was selected for several 
reasons. First, this method combines the original 
terms in order to capture the meaning of the 
underlying concepts. Second, the structures and 
links between the concepts can be detected. Third, 
SVD deals effectively with the heterogeneity in the 
data. The resulting concepts can be interpreted by 
means of the keywords with the highest 
contributions. Moreover, the frequency of concept-
related terms in the innovation strategies were used 
to estimate the degrees of strategic priorities. 

In the next step, the collocations of the relative 
frequency of the keywords that represent the 
causality between concepts were obtained. The 
analysis of collocation frequencies was performed 
with Voyant Tools [19]. The directions of the 
causalities were determined based upon the 
theoretical background literature. 

In an FCM, fuzzy weights with positive/negative 
signs represent causal relationships between 
concepts. The activation degree Ai of concept Ci is 
the sum of all incoming edges multiplied by the 
values of the preceding concepts:  
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where Ai and Aj stand for the degrees of activation 
of the concepts Ci and Cj, respectively; t denotes 
time; and f is a threshold function. A directed edge, 
Eij, determines how much Ci causes Cj and lies in 
the fuzzy causal interval [-1, 1], where Eij > 0 

denotes a positive causality, Eij < 0 refers to a 
negative causality, and Eij = 0 indicates no 
causality. For n concepts Cj, i = 1,2, …, n, an n × n 
weighted (adjacency) matrix E can be constructed. 

In general, FCMs can be constructed using three 
broad methods [20]: (1) acquiring knowledge from 
experts via questionnaires or interviews, (2) 
designing FCMs using text analysis, or (3) 
constructing them from data. However, there are 
also several difficulties associated with these 
approaches. Text analysis requires an 
understanding of natural language semantics. 
Moreover, causal relationships may be stated 
implicitly in the text. Constructing FCMs from 
data, on the other hand, has been extensively 
investigated recently (see [21] for a review study). 
In particular, population-based optimization 
algorithms such as genetic algorithms and particle 
swarm optimization have attracted considerable 
attention [22]. However, this approach requires data 
that reliably approximate the investigated concepts 
[23]. This is increasingly difficult in business 
strategy domain because, for example, knowledge 
is an essential strategic factor that is difficult to 
measure. 

To address these issues, a novel approach is 
developed that employs text analysis to obtain data 
depicting the causal concepts. This is based on the 
assumption that causally connected concepts are 
collocated in the text [24]. More specifically, this 
approach calculates the difference between the 
relative frequency of the collocates near the 
keywords and the relative frequency of the 
collocates in the entire document. Thus, higher 
values indicate that the concepts are more closely 
associated. The keywords representing the concepts 
were extracted from text documents using LSA 
[25].  

After the FCM was drawn from textual 
documents, it was encoded into the adjacency 
matrix E. Then the structure of the FCM was 
analyzed using graph-theoretic indices. Finally, 
various policy options were simulated using an 
autoassociative neural network computation for the 
FCM using the FCMapper software tool [20]. The 
goal of this step is to determine whether the system 
is in a steady state. In the neural network, the initial 
concepts’ states are multiplied by the adjacency 
matrix E according to Eq. (2). The total input of 
each neuron is calculated in this way. The total 
output is then a function f of the total input. A 
logistic function 1/(1+exp(-1×x)) was used to 
transform the values into the interval [0,1]. The 
resulting vector was then repeatedly multiplied by 
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the adjacency matrix E and transformed until the 
system entered a stable state. To verify the design 
of the FCM based on text analysis, local domain 
experts were asked to assign directions and weights 
to the causal relations. 

3. CASE STUDY 

In a case study, innovation strategies in Polish 
regions are examined. Innovation strategies at the 
regional level is one of the key factors involved in 
socioeconomic development, especially in the 
context of the European Union. Previous research 
has indicated that innovation strategies are the 
result of complex interactions between various 
regional actors and institutions. At the same time, 
issues of an effective and efficient regional 
innovation strategy have become strategically 
important in Central and Eastern Europe [26]. 

A regional innovation strategy is usually 
developed in three stages [27]: (1) building up 
consensus, (2) analyzing the region’s innovation 
potential, and (3) defining priorities and an action 
plan. The analysis was based on the content of the 
innovation strategies for two periods, in the years 
2005 and 2013, in the following Polish regions 
(NUTS II level): the Śląskie Region, the 
Podkarpackie Region, the Małopolskie Region, and 
the Dolnośląskie Region. Thus, the corpus included 
four strategic documents, ranging from 7705 
(Dolnośląskie) to 48988 words (Małopolskie) in the 
year 2013. The most frequently used terms were 
“regions”, “innov”, “develop”, “project”, 
“technolog” and “implement”, respectively. Using 
LSA, the following concepts were identified: (1) 
material infrastructure, (2) entrepreneurship, (3) 
R&D, (4) networks/clusters, (5) learning/education, 
and (6) a culture of innovation. Those concepts 
were chosen with singular values greater than 1. 
Table I shows the concepts represented by the 
keywords with the highest word coefficients. 
Finally, the concepts were labelled based on the 
keywords. 

The relationships between the extracted concepts 
were further determined. The strengths of the 
relationships were defined on a scale of [-1, 1] 
using collocation frequencies in Voyant Tools [19]. 
Specifically, a collocation analysis was performed 
with keywords for each concept (as presented in 
Table I) to detect keywords for the remaining 
concepts. Only those were included occurring 
within five words coming before/after the 
respective keyword. The sum of collocation 
frequencies for the whole corpus was scaled to [0, 

1] and rescaled to [-1, 1] depending on the 
positive/negative directions of the relationships. 

Table 1: The Concepts Identified by LSA. 

Concept Keywords 
Culture of Innovation 
(CI) 

innov, pro-innov, high-
technolog, knowledge, 
creativ 

Entrepreneurship 
(EN) 

business, compani, 
commerci, industri, SME, 
entrepreneuri 

Networks / Clusters 
(N/C) 

network, co-use, diffus, 
neighbour, cooperat, 
partner, cluster, transfer 

Strategic Priority 
(SP) 

strateg, action, support, 
council, committe, polici, 
prioriti, object 

Research and 
Development (R&D) 

research, scienc, scientif 

Learning / Education 
(L/E) 

educ, univers, train, student, 
school, learn, academi, skill, 
teach 

 

As mentioned above, the directions of the 
relationships were based upon the conceptual 
studies. Specifically, the following sets of edge 
directions were used: (1) MI->N/C, EN, CI, R&D, 
L/E; (2) N/C->EN, CI; (3) CI->EN; (4) L/E->EN, 
N/C, CI, R&D; (5) R&D->CI, EN. Note that those 
relationships were not included for which no 
theoretical justification was available.  

First, regarding the effect of material 
infrastructure, innovation centers/industrial parks 
provide an appropriate material infrastructure and 
resource network for the creation of spin-offs and 
high-technology start-up firms [28]. Moreover, 
innovation centers also serve as a source of local 
networks of collective learning [29]. It was also 
demonstrated that ICT infrastructure both operates 
as efficiency-enhancing technologies and has the 
potential to create competitive advantage through 
product innovation [30]. 

Second, it was found that clusters do have a 
significant impact on entrepreneurship at the 
regional level [31]. Moreover, networks/clusters 
represent a natural environment to (open) 
innovation generation. For example, locating in the 
industry cluster enhances firm innovation [32]. 
Third, recent studies suggest that knowledge and 
innovation play a key role in shaping the creation of 
innovative start-ups [33]. In fact, new knowledge 
and ideas represent an important source of 
entrepreneurial opportunities in the knowledge 
spillover theory of entrepreneurship [34].  
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Fourth, learning and education (human capital) is 
an important driver of entrepreneurship [33], 
knowledge networks in clusters [35], regional 
innovation activity [36], as well as R&D activities 
[37]. Fifth, R&D activity (usually measured as 
R&D investment) has been recognised as a 
significant determinant of innovation performance 
in previous studies because it estimates the level of 
knowledge creation, dissemination and exploitation 
in a region [38], [39]. In addition, university R&D 
activity (codified in academic patents), for example, 
also represents an important source of the creation 
of new knowledge-intensive firms in a region [40]. 
Indeed, this positive effect is reported to rapidly 
diminish with geographic distance.  

Finally, the effect of regional strategic priorities 
was also included because regional innovation 
policy supports all the above-mentioned concepts 
and, thus, it is a base for operational activities in a 
region. Note that the strategic priorities are region-
specific and strongly depend on regional innovation 
patterns [41], [42]. 

The collocation frequencies were transformed 
into FCM edges and completed the adjacency 
matrices for each region in this way. Table 2 and 
Table 3 show the average values of the edges over 
the four strategic documents in the year 2005 and 
2013, respectively.  

Table 2: Adjacency Matrix from Textual Analysis – Year 
2005. 

 Concepts 
 CI EN N/C SP R&D L/E MI 

CI 0.00 0.22 0.00 0.00 0.00 0.00 0.00 

EN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

N/C 0.07 0.19 0.00 0.00 0.06 0.00 0.00 

SP 0.34 0.13 0.08 0.00 0.06 0.04 0.07 

R&D 0.03 0.11 0.00 0.00 0.00 0.00 0.00 

L/E 0.10 0.00 0.08 0.00 0.10 0.00 0.00 

MI 0.13 0.06 0.07 0.00 0.30 0.00 0.00 

Legend: MI – material infrastructure, EN – entrepreneurship, 
R&D – research and development, N/C – networks/clusters, L/E 
– learning/education, CI – a culture of innovation, SP – strategic 
priority. 

Note that positive causalities denote high 
collocation frequencies while zero edges indicate 
no causality. The strongest causalities were 
observed from SP to CI and from CI to EN, 
indicating that SP affects EN indirectly, this is via 
the CI concept. Also note that positive causalities 
are in agreement with the above-mentioned 

theoretical background. It is also interesting that 
some concepts, such as MI, promoted the other 
concepts without being affected by these concepts. 
In contrast, EN was driven by all remaining 
concepts without affecting them. 

Table 3: Adjacency Matrix from Textual Analysis – Year 
2013. 

 Concepts 
 CI EN N/C SP R&D L/E MI 

CI 0.00 0.22 0.00 0.00 0.00 0.00 0.00 

EN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

N/C 0.05 0.06 0.00 0.00 0.03 0.00 0.00 

SP 0.39 0.12 0.06 0.00 0.05 0.06 0.04 

R&D 0.04 0.02 0.00 0.00 0.00 0.00 0.00 

L/E 0.06 0.10 0.00 0.00 0.06 0.00 0.00 

MI 0.04 0.06 0.06 0.00 0.13 0.08 0.00 

Legend: MI – material infrastructure, EN – entrepreneurship, 
R&D – research and development, N/C – networks/clusters, L/E 
– learning/education, CI – a culture of innovation, SP – strategic 
priority. 

Strategy maps corresponding to Table 2 and 
Table 3 are depicted in Figure 2 and Figure 3, 
respectively. 

Figure 2: Strategy Map for Year 2005 

Apart from direct effects, indirect effects can be 
identified in the FCMs. Indirect-effect operator I 
(as minimum) and total-effect operator T (as 
maximum) can be defined [2]. For example, SP 
affects EN in one direct way (with E=0.13) and five 
indirect ways in the year 2005. These indirect-effect 
operators are defined as I1=min{0.07,0.06}, 
I2=min{0.08,0.19}, I3=min{0.34,0.22}, I4=min 
{0.06,0.11}, I5=min{0.06,0.03,0.22}, I6=min{0.04, 
0.08,0.19}, I7=min{0.07,0.13,0.22}, I8=min{0.07, 
0.07,0.19}, I9=min{0.08,0.07,0.22}, I10=min{0.08, 
0.06,0.11}. Then, the total-effect operator is 
defined as T=max{0.13,0.06,0.08,0.22,0.06,0.03, 
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0.04,0.07,0.07,0.07,0.07,0.06}=0.22. In this case, 
the indirect effect is greater than the direct effect 
and, thereby, represents the total effect. However, 
direct effects can be stronger than indirect effects. 
This holds true for the relationship SP->CI in both 
years. 

Figure 3: Strategy Map for Year 2013 

We performed a more detailed analysis due to 
the fact that each strategy was developed for two 
periods, 2005 and 2013, respectively. In fact, we 
could observe an evolution consisting in transition 
from strategic priorities related to 
“Entrepreneurship” and “R&D” to those related to 
“Learning / education” and “Culture of innovation”. 
Thus, we could observe a phenomenon that we call 
“cognitive turn” in regional policy and regional 
programming theory and practice.  

However, the regions differed in their priorities. 
Figure 4 and Figure 5 provide some more insight.  

Figure 4: Strategic Priorities in 2005 

The values of all concepts and strategic priorities 
were calculated for each region’s innovation 
strategy using the tf.idf weights. In other words, a 
higher frequency of concept-related terms in the 
innovation strategy automatically determined the 
degrees of strategic priorities for each region. 

 

 

Figure 5: Strategic Priorities in 2013 

To further examine the behavior of the FCM, 
graph-theoretic indices introduced for FCMs were 
used [20]. The indices facilitate an understanding of 
the FCMs’ structures. Figure 6 and Figure 7 show 
the average graph-theoretic indices for the year 
2005 and 2013, respectively. Specifically, 
outdegree and indegree denote the cumulative 
strengths of the connections exiting and entering 
the node (innovation strategic concept), 
respectively. In this way, it was possible to identify 
transmitter, receiver, and ordinary nodes. The SP 
node is a transmitter, with a positive outdegree and 
zero indegree. EN, by contrast, is a receiver, having 
a positive indegree and a zero outdegree. The 
remaining nodes are ordinary nodes, being more or 
less receivers or transmitters. Centrality equals the 
sum of the outdegree and the indegree, showing the 
concept’s total contribution to the FCM.  

Figure 6: Graph-theoretic Indices for Innovation 
Strategic Concepts in 2005 

We observed a considerable decrease of several 
concepts (EN, N/C R&D and MI) between 2005 
and 2013. Furthermore, the role of some nodes may 
change over time. The L/E was considered a more 
outdegree than indegree node in 2005 than in 2013. 

The effects of the regions’ strategic priorities 
were also tested to simulate the effect of specific 
innovation policies. The effect of SP achievement 
was examined on the remaining concepts for all 
regions. First, the initial value of SP was set to a 
medium achievement of 0.5. This setting led (after 
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no more than five iterations) to stable concept 
values, as shown in Figure 8. 

Figure 7: Graph-theoretic Indices for Innovation 
Strategic Concepts in 2013 

The main difference between the two periods is 
the increase in the level of the L/E concept in 2013. 

Figure 8: The stable values of the innovation 
strategy concepts for SP=0.5 in 2005 

 

Figure 9: The stable values of the innovation 
strategy concepts for SP=0.5 in 2013 

Furthermore, the evolution of the concepts was 
examined for when SPs were achieved only at the 
low degree of 0.2 (Table 4). This change led to a 
decrease in CI and EN in particular. Of the regions 
observed, the Podkarpackie region seems to be 
highly sensitive to the SP concept. Note that a 
similar change in percentage (though positive) 
would be obtained if the high degree of SP=0.8 
were used. Similarly, sensitivity analyses of the 
levels of the remaining concepts can be performed.  

 

Table 4: Change in Concept Values [%] for SP=0.2. 

 Concepts 
 CI EN N/C R&D L/E MI 

Śląskie -2.99 -0.85 -0.43 -0.35 -0.35 0.00 

Małopol. -2.66 -0.84 -0.26 -0.53 -0.44 -0.26 

Podkarp. -3.42 -1.66 -0.87 -0.39 -0.71 -0.95 

Dolnośl. -2.40 -0.82 -0.26 -0.35 -0.35 0.00 

Legend: MI – material infrastructure, EN – entrepreneurship, 
R&D – research and development, N/C – networks/clusters, L/E 
– learning/education, CI – a culture of innovation, SP – strategic 
priority. 

To verify the design of the FCM based on text 
analysis, three local experts on regional innovation 
strategies were asked to assign directions and 
weights to the causal relations for the strategy maps 
in the year 2013. Seven values of linguistic 
variables (very low, low, medium low, moderate, 
medium high, high, very high) were used to express 
the weights, and the final weights were determined 
using the center of gravity defuzzification method.  
The pooled expert opinions are presented in Table 
5.  

Table 5: Adjacency Matrix from Expert Opinions. 

 Concepts 
 CI EN N/C SP R&D L/E MI 

CI 0.00 0.15 0.00 0.00 0.00 0.00 0.00

EN 0.00 0.00 0.00 0.00 0.00 0.00 0.00

N/C 0.05 0.05 0.00 0.00 0.05 0.00 0.00

SP 0.15 0.10 0.05 0.00 0.05 0.05 0.05

R&D 0.10 0.05 0.00 0.00 0.00 0.00 0.00

L/E 0.05 0.10 0.00 0.00 0.10 0.00 0.00

MI 0.05 0.05 0.05 0.00 0.05 0.00 0.00

Legend: MI – material infrastructure, EN – entrepreneurship, 
R&D – research and development, N/C – networks/clusters, L/E 
– learning/education, CI – a culture of innovation, SP – strategic 
priority. 

To compare this adjacency matrix with that 
constructed from text documents, the Pearson’s 
correlation coefficient R=0.835 was obtained. This 
results suggest that the two adjacency matrixes are 
in strong agreement with each other. Finally, to 
compare the results obtained by the FCM based on 
text analysis with an alternative method, we used 
fuzzy ANP (analytic network process) [43]. The 
adjacency matrix in Table 3 was used as the 
supermatrix of a network. Similarly, initial concept 
values were used as fuzzy numbers and simple 
weighted sum was used to calculate the final scores. 
To maintain comparability, equal local weights 
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were defined for all the concepts. The 
interdependent weights of the concepts were 
calculated by multiplying the supermatrix and equal 
local weights. The scores for each regional strategy 
in Table 6 suggest that the results of the FCM 
inference process are consistent with the results of 
fuzzy ANP. 

Table 6: Results of Fuzzy ANP. 

Concepts Score 

CI EN N/C SP R&D L/E MI S 

Śląskie 0.051 0.000 0.005 0.208 0.002 0.006 0.000 0.271 

Małopol 0.045 0.000 0.003 0.208 0.002 0.007 0.007 0.273 

Podkarp 0.058 0.000 0.009 0.208 0.002 0.012 0.027 0.316 

Dolnośl 0.041 0.000 0.003 0.208 0.002 0.006 0.000 0.259 

Legend: MI – material infrastructure, EN – entrepreneurship, 
R&D – research and development, N/C – networks/clusters, L/E 
– learning/education, CI – a culture of innovation, SP – strategic 
priority. 

 

4. CONCLUSION 

Currently, a type of "cognitive turn" can be 
observed in business strategies towards terms 
related to, e.g., learning processes (learning 
organization), ways of perception (an intercultural 
environment), intelligence (intelligent or smart 
organizations), and so on [44]. However, it is 
difficult to accurately quantify these concepts, as 
well as causal relationships among them. In this 
paper, the innovation strategies of selected Polish 
regions were mapped using FCMs. This mapping 
was based upon collocation analysis of text 
documents and provides several interesting 
practical implications. Within the regional 
innovation strategies, a trend toward the areas of a 
culture of innovation and entrepreneurship was 
observed. This finding suggests that the existing 
material infrastructure is sufficient and enterprises 
do cooperate in innovation networks. However, this 
infrastructure and these networks should be used 
more effectively by developing learning and a 
culture of innovation. The mutual relationships 
identified in the FCMs support the idea that the 
individual areas of regional innovation systems are 
interdependent. Thus, reinforcing one area may 
result in the improvement of other subsystems as 
well. 

Regarding the objectives and assumptions of this 
research, it can be concluded that the study 
confirms that strategic documents can be 
transformed into FCMs using text analysis. From 
the point of view of testing the methodological 
approach, it seems possible to consider that the 

scientific methods applied generate interesting 
outcomes. However, it should be noted that this 
approach requires further development of both its 
conceptual and methodological aspects in order to 
be implemented in practice as a useful tool for 
analyzing strategic documents. Therefore, in future 
research, it is planned to expand this approach to 
make it operate more effectively, for example using 
the collocations containing +/- effect words and 
uncertainty words. Thus, the process of FCM 
generation would be fully automatic. 
Notwithstanding, this paper may contribute to 
scientific discussion in this interdisciplinary field. 

ACKNOWLEDGMENT 

This article was supported by the scientific research 
project of the Czech Sciences Foundation Grant 
No: 17-11795S and by the grant No. 
SGS_2017_017 of the Student Grant Competition. 

 
REFRENCES:  
[1] I. Papageorgiou, and J. L. Salmeron, “Methods 

and algorithms for fuzzy cognitive map-based 
modeling,“ in Fuzzy Cognitive Maps for 
Applied Sciences and Engineering, E. I. 
Papageorgiou, Ed. Berlin Heidelberg: Springer 
Verlag, 2014, pp. 1-28. 

[2] B. Kosko, “Fuzzy cognitive maps,” 
International Journal of Man-Machine Studies, 
Vol. 24, pp. 65-75, 1986. 

[3] Z. Q. Liu, and R. Satur, “Contextual fuzzy 
cognitive map for decision support in 
geographic information systems,” IEEE 
Transactions on Fuzzy Systems, Vol. 7, No. 5, 
pp. 495-507, 1999. 

[4] E. I. Papageorgiou, “Review study on fuzzy 
cognitive maps and their applications during the 
last decade,“ in Business Process Management, 
Berlin Heidelberg: Springer Verlag, 2013, pp. 
281-298.  

[5] P. Chytas, M. Glykas, and G. Valiris, “A 
proactive balanced scorecard,” International 
Journal of Information Management, Vol. 31, 
No. 5, pp. 460-468, 2011. 

[6] G. Xirogiannis, M. Glykas, and C. Staikouras, 
“Fuzzy cognitive maps in banking business 
process performance measurement,” in Fuzzy 
Cognitive Maps, M. Glykas, Ed., Berlin 
Heidelberg: Springer Verlag, 2010, pp. 161-
200. 

[7] O. Prochazka, and P. Hajek, “Modelling 
knowledge management processes using fuzzy 
cognitive maps,“ in Knowledge Management in 
Organizations, L. Uden, M. Hericko, and I. H. 



Journal of Theoretical and Applied Information Technology 
15th December 2017. Vol.95. No 23 

 © 2005 – ongoing  JATIT & LLS   

 

ISSN: 1992-8645                                                       www.jatit.org                                                          E-ISSN: 1817-3195  

 
6544 

 

Ting, Eds., Berlin Heidelberg: Springer Verlag, 
2015, pp. 41-50. 

[8] P. Hajek, and O. Prochazka, “Interval-valued 
fuzzy cognitive maps for supporting business 
decisions,” in 2016 IEEE International 
Conference on Fuzzy Systems (FUZZ-IEEE), 
IEEE, 2016, pp. 531-536. 

[9] F. A. Ferreira, J. J. Ferreira, C. I. Fernandes, I. 
Meidutė-Kavaliauskienė, I., and M. S. Jalali, 
“Enhancing knowledge and strategic planning 
of bank customer loyalty using fuzzy cognitive 
maps,” Technological and Economic 
Development of Economy, pp. 1-17, 2017. 

[10] D. M. Case, and C. D. Stylios, “Fuzzy cognitive 
map to model project management problems,” 
in 2016 Annual Conference of the North 
American Fuzzy Information Processing Society 
(NAFIPS), IEEE, 2016, pp. 1-6. 

[11] A. Azadeh, M. Zarrin, M. Abdollahi, S. Noury, 
and S. Farahmand, “Leanness assessment and 
optimization by fuzzy cognitive map and 
multivariate analysis,” Expert Systems with 
Applications, Vol. 42, No. 15, pp. 6050-6064, 
2015. 

[12] M. Glykas, “Fuzzy cognitive strategic maps in 
business process performance measurement,” 
Expert Systems with Applications, Vol. 40, No. 
1, pp. 1-14, 2013. 

[13] R. G. Eccles, and P. J. Pyburn, “Creating a 
comprehensive system to measure 
performance,” Management Accounting, Vol. 
74, No. 4, pp. 41-44, 1992. 

[14] P. Hajek, O. Prochazka, and P. Pachura, “Fuzzy 
cognitive maps based on text analysis for 
supporting strategic planning,” in 2017 
International Conference on Research and 
Innovation in Information Systems (ICRIIS), 
IEEE, 2017, pp. 1-6. 

[15] R. Feldman, M. Fresko, Y. Kinar, Y. Lindell, O. 
Liphstat, M. Rajman, Y. Schleer, and O. Zamir, 
“Text mining at the term level,” in Principles of 
Data Mining and Knowledge Discovery, Berlin 
Heidelberg: Springer Verlag, 1998, pp. 65-73. 

[16] G. A. Miller, “WordNet: A lexical database for 
English,” Communications of the ACM, Vol. 38, 
No. 11, pp. 39-41, 1995. 

[17] G. Salton G., and M. McGill, Introduction to 
Modern Information Retrieval. McGraw-Hill, 
1983. 

[18] P. Hajek, V. Olej, and O. Prochazka, 
“Predicting corporate credit ratings using 
content analysis of annual reports - A Naïve 
Bayesian network approach,” in Enterprise 

Applications, Markets and Services in the 
Finance Industry, S. Feuerriegel, and D. 
Neumann, Eds., Berlin Heidelberg: Springer 
Verlag, 2017, pp. 47-61. 

[19] S. Sinclair, and G. Rockwell, A Practical Guide 
to Text Analysis with Voyant Tools, available at: 
http://docs.voyant-tools.org/, 2014. 

[20] U. Ozesmi, and S. L. Ozesmi, “Ecological 
models based on people’s knowledge: A multi-
step fuzzy cognitive mapping approach,” 
Ecological Modelling, Vol. 176, pp. 43-64, 
2004. 

[21] E. I. Papageorgiou, “Learning algorithms for 
fuzzy cognitive maps - A review study,” IEEE 
Transactions on Systems, Man, and 
Cybernetics, Part C (Applications and 
Reviews), Vol. 42, No. 2, pp. 150-163, 2012. 

[22] J. L. Salmeron, and W. Froelich, “Dynamic 
optimization of fuzzy cognitive maps for time 
series forecasting,” Knowledge-Based Systems, 
Vol. 105, pp. 29-37, 2016. 

[23] M. Schneider, E. Shnaider, A. Kandel, and G. 
Chew, “Automatic construction of FCMs,” 
Fuzzy Sets and Systems, Vol. 93, No. 2, pp. 161-
172, 1998. 

[24] X. Luo, J. Zhang, F. Liu, Y. Du, Z. Yu, and W. 
Xu, “Merging textual knowledge represented by 
element fuzzy cognitive maps,” Journal of 
Software, Vol. 5, No. 2, pp. 225-234, 2010. 

[25] S. C. Deerwester, S. T. Dumais, T. K. Landauer, 
G. W. Furnas, and R. A. Harshman, “Indexing 
by latent semantic analysis,” JASIS, Vol. 41, 
No. 6, pp. 391-407, 1990. 

[26] J. Blazek, P. Zizalova, P. Rumpel, K. Skokan, 
and P. Chladek, “Emerging regional innovation 
strategies in Central Europe: Institutions and 
regional leadership in generating strategic 
outcomes,” European Urban and Regional 
Studies, Vol. 20, No. 2, pp. 275-294, 2012. 

[27] L. Lesakova, “The process of forming the 
regional innovation strategy,” Acta 
Polytechnica Hungarica, Vol. 8, No. 1, pp. 5-
22, 2011. 

[28] H. Löfsten, H., and P. Lindelöf, “Determinants 
for an entrepreneurial milieu: Science parks and 
business policy in growing firms,” 
Technovation, Vol. 23, No. 1, pp. 51-64, 2003. 

[29] A. L. Ter Wal, “Cluster emergence and network 
evolution: A longitudinal analysis of the 
inventor network in Sophia-Antipolis,” 
Regional Studies, Vol. 47, No. 5, pp. 651-668, 
2013. 



Journal of Theoretical and Applied Information Technology 
15th December 2017. Vol.95. No 23 

 © 2005 – ongoing  JATIT & LLS   

 

ISSN: 1992-8645                                                       www.jatit.org                                                          E-ISSN: 1817-3195  

 
6545 

 

[30] D. A. Higon, “The impact of ICT on innovation 
activities: Evidence for UK SMEs,” 
International Small Business Journal, Vol. 30, 
No. 6, pp. 684-699, 2012. 

[31] H. O. Rocha, and R. Sternberg, 
“Entrepreneurship: The role of clusters 
theoretical perspectives and empirical evidence 
from Germany,“ Small Business Economics, 
Vol. 24, No. 3, pp. 267-292, 2005. 

[32] G. G. Bell, “Clusters, networks, and firm 
innovativeness,” Strategic Management 
Journal, Vol. 26, No. 3, pp. 287-295, 2005. 

[33] A. Colombelli, “The impact of local knowledge 
bases on the creation of innovative start-ups in 
Italy,” Small Business Economics, Vol. 47, No. 
2, pp. 383-396, 2016. 

[34] Z. J. Acs, D. B. Audretsch, and E. E. Lehmann, 
“The knowledge spillover theory of 
entrepreneurship,” Small Business Economics, 
Vol. 41, No. 4, pp. 757-774, 2013. 

[35] E. Giuliani, “The selective nature of knowledge 
networks in clusters: Evidence from the wine 
industry,” Journal of Economic Geography, 
Vol. 7, No. 2, pp. 139-168, 2007. 

[36] L. Sleuwaegen, and P. Boiardi, “Creativity and 
regional innovation: Evidence from EU 
regions,” Research Policy, Vol. 43, No. 9, pp. 
1508-1522, 2014. 

[37] Y. Honjo, M. Kato, and H. Okamuro, “R&D 
investment of start-up firms: Does founders’ 
Human capital matter?,” Small Business 
Economics, Vol. 42, No. 2, pp. 207-220, 2014. 

[38] M. Frenz, M., and G. Ietto-Gillies, “The impact 
on innovation performance of different sources 
of knowledge: Evidence from the UK 
Community Innovation Survey,” Research 
Policy, Vol. 38, No. 7, pp. 1125-1135, 2009. 

[39] J. Stejskal, B. Mikusova Merickova, and V. 
Prokop. “The cooperation between enterprises: 
significant part of the innovation process: a case 
study of the czech machinery industry,” E+M: 
Economics and Management, Vol. 19, No. 3, 
pp. 110-122, 2016. 

[40] A. Bonaccorsi, M. G. Colombo, M. Guerini, 
and C. Rossi-Lamastra, “The impact of local 
and external university knowledge on the 
creation of knowledge-intensive firms: 
Evidence from the Italian case,” Small Business 
Economics, Vol. 43, No. 2, pp. 261-287, 2014. 

[41] T. Nitkiewicz, P. Pachura, and N. Reid, “An 
appraisal of regional intellectual capital 
performance using data envelopment analysis,” 
Applied Geography, Vol. 53, pp. 246-257, 
2014. 

[42] P. Hajek, R. Henriques, and V. Hajkova, 
“Visualising components of regional innovation 
systems using self-organizing maps - Evidence 
from European regions,” Technological 
Forecasting and Social Change, Vol. 84, pp. 
197-214, 2014. 

[43] D. Ergu, G. Kou, Y. Shi, and Y. Shi, Y. 
“Analytic network process in risk assessment 
and decision analysis,” Computers & 
Operations Research, Vol. 42, pp. 58-74, 2014. 

[44] P. Pachura, “Cognitive economic geography – 
Evolution of regional strategies,” Procedia 
Economics and Finance, Vol. 6, pp. 115-119, 
2013. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 


