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Abstract

Creative organizations needing teams to combine and integrate inputs from other teams, the teams’ structure of
interaction is an important prerequisite for creativity. Here, we investigate different structural aspects teams’
network organization and their creativity within a knowledge development program (KDP). Initially, a pilot group of
people in an organization is selected. This group is evaluated through creativity parameters using a questionnaire.
Considering the questionnaires’ data, a decision maker configures the creativity matrix by a bipolar scoring
technique. Applying the creativity matrix, clustering is performed. The pilot group is divided into some research
teams. The research subjects are submitted to the teams and their progress in solving the problem is assessed through
a comprehensive network interaction assessment method (CNIAM). Finally, an allocated problem is solved and
some new research subjects are evolved to be assigned to the next configured teams. This procedure is repeated
dynamically for different time periods.
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1. Introduction

In today’s knowledge-intensive environment, Knowledge Development Programs (KDPs) are increasingly
employed for executing innovative efforts [1,2]. Researchers and practitioners mainly agree that effective
management plays a critical role in the success of such KDPs. Unfortunately, the knowledge and experience base of
most managers refer to smaller-scale projects consisting of only a few project teams. This may be responsible for
what Flyvbjerg et al. [3] call a ‘performance paradox’: ‘‘At the same time as many more and much larger
infrastructure projects are being proposed and built around the world, it is becoming clear that many such projects
have strikingly poor performance records ...”.

KDPs employ follow a project-management like approach with the team as the organizational nucleus (e.g., [4]).
The information network of these teams defines the opportunities available to them to create new knowledge. As
many scholars have argued, networks of organizational linkages are critical to a host of organizational processes and
outcomes [5]. New knowledge is the result of creative achievements. Creativity, therefore, molds the foundation for
poor or high degree of performance. The extent to which teams in KDPs produce creative ideas depends not only on
their internal processes and achievements, but also on the work environment in which they operate (e.g., [6-8]).
Since new knowledge is mainly created when existing bases of information are disseminated through interaction
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between interacting teams with varying areas of expertise, creativity is couched in interaction networks (e.g., [9-
12]).

In the present work, we propose a creativity matrix analyzing creativity parameters of a pilot group in an
organization. Then, using an intelligent clustering technique, research teams are configured and research subjects are
allocated to them. The teams’ progress in solving the problem is evaluated through a knowledge development
program by a comprehensive network interaction assessment method. Consequently, the problem is solved and
some new research subjects are evolved to be allocated to the next configured teams. This procedure is repeated
dynamically for different time periods. A flowchart of our proposed creativity algorithm is shown in Figure 1.
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Figure 1: A flowchart of our proposed creativity algorithm

2. Creativity Parameters and Matrix
To conceptualize creativity in an organization, we need to identify the creativity parameters. Any person can be
analyzed using the creativity parameters via a questionnaire. A typical questionnaire is shown in Table 1.

Table 1: A questionnaire of creativity parameters
Activity How many?

Z
o

Writing book

Writing research papers in English

Writing research papers in languages except English
Invention

Innovation

Lectures in international congress

Lectures in workshops

Attending international conferences

Attending national conferences

Attending workshops

Attending special fairs

Having general computer proficiency certificates
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13 | To be familiar with special computer software
14 | Having special proficiency certificates (quality, management, ...)
15 | Experience in team works

After completing the questionnaire by a pilot group in an organization, the creativity matrix is configured. Scoring in
this matrix is done based on decision maker’s viewpoint. The mathematical indices and notations used in the
creativity matrix are:

Indices:

i Index for human resource, i=1,...,m,

j Index for creativity parameter, j=1,...,n.
Notations:

H, i™ human resource,

P; J™ creativity parameter,

Sij Score of i™ human resource with respect to /™ creativity parameter, S i € {1,...,9}.

The proposed creativity matrix is given in Table 2.

Table 2: Creativity matrix

Creativity parameters P, P P,
Human resources
H,
H, > S
Hy

Using the scores obtained in a creativity matrix, an intelligent clustering is performed to configure research teams.

3. Intelligent Clustering

Here, we use a clustering technique to classify our human resources to teams having more similarity. An important
component of a clustering algorithm is the distance measure being used for the data points. If the components of the
data instance vector all have the same physical unit, then the simple Euclidean distance metric would be adequate to
successfully group the similar data instances. However, even in this case the Euclidean distance can sometimes be

misleading. For higher dimensional data, a popular measure is the Minkowski metric,
1

d Y
d,(x;,x;)= ZIxi,k —xj,k’

k=1 ,
where d is the dimension of the data. The Euclidean distance is a special case, where p=2, while Manhattan metric
has p=1. However, there are no general theoretical guidelines for selecting a measure in any given application. A
clustering O means partitioning a data set into a set of clusters Q;, i=1,...,C. In crisp clustering, each data sample
belongs to exactly one cluster. A widely adopted definition of optimal clustering is a partitioning that minimizes
distances within and maximizes distances among clusters. However, this leaves much room for variation: within-
and between-cluster distances can be defined in several ways; see Table 3. The selection of the distance criterion

depends on the application. The distance norm ” . ” is yet another parameter to consider. Here, we use the Euclidean

norm. We utilize local criteria in clustering data. Thus, S,, and d; in Table 3 are based on distance to nearest
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neighbor. In Table 3, x,,x, € O, , for i #1', X, € Q,, k#1, N, is the number of samples in cluster Oy, and

1
C,=— in .
Nk X; €0,
Table 3: Within-cluster and between-clusters distances
Within-cluster distance SOy

lexf - x,.,"
ii'

Average distance

S, =——
N,(N, -1
)y minmxl. X ||}
Nearest neighbor distance § —_i ’
nn Nk
Centroid distance S = M
c Nk
Between-clusters distance D0, 0)
Single linkage d, = min{“x,- — xj”
ij
Complete linkage d, = n}ix ﬂle - x,-"}
2l =]
Average linkage d, == N N
4V
Centroid linkage d, = ”Ck _Cz”

We are looking for clusters so that the within-cluster distance is minimized and between-clusters distances are
maximized. This way, the similarity within members of a cluster is high, and thus the members can be perceived to
work as a team easily.

4. The Networks of KDP

In spite of the growing consensus that networks matter [13], the specific effects of different elements of network
structure on creativity remain widely unclear. In the network literature, a debate has arisen over the network
structures that can appropriately be regarded as beneficial. According to one view, close networks with many strong
connections linking teams are seen as advantageous. The alternative view, however, states that advantages derive
from the opportunities created by an open social structure. Teams can build contacts with multiple disconnected
clusters of teams and use these connections to obtain the right information at the right time. From a theoretical point
of view, these arguments have different, even contradictory, implications. The closeness of a team’s network is
described by its ‘network range’ and ‘tie strength’. Openness is captured by ‘network efficiency’. In this KDP, a
performance assessment stage is considered. We conduct a comprehensive network interaction assessment method
(CNIAM) for evaluating the performance of the team’s network interactions in intelligent information exchange.
The CNIAM consists of three elements: network range, tie strength, and network efficiency.

5. Measuring CNIAM

We make use of the following entities.

Network range: Network range is measured by the fraction of all contacts each team maintains with the other teams
at least with a monthly frequency.

Tie strength: Tie strength represents the proportional strength of contacts a team maintains on the scales of 0 = no
interaction, 1 = (at least) monthly interaction, 2 = (at least) weekly interaction, and 3 = (at least) daily interaction.
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Network efficiency: For calculating the efficiency of the team’s network we use the efficiency measure.Network
efficiency is calculated as the proportion of a team’s non-redundant relationships.
The measures employed in this work are summarized in Table 4.

Table 4: The CNIAM measures

Network range

NR(n)=percentage of contacts of item i to all other teams j
N=Number of teams
{1 if i is connected to j

X..
Y10 if iis not connected to j

(inj)xlOO
]\rR(n[):Vf*fT

Tie strength

TS(n;)= proportional tie strength of team i to all other contacts j
S,= maximum tie strength 3

_ |1 if iis connected to j
i = {0 if i is not connected to j
1 if iis connected to j at least monthly
s. =42 if iis connected to j at least weekly

3 if iis connected to j at least daily

(fo/ XS,].\JXH)O

Vj#i

Z 'x[/ X smax

Vj#i

TS(n;) =

Network efficiency

i#j and g #1i,j
NE(n;)= network efficiency of team i

Piq~ proportion of ith team’s tie strength to gth team’s tie strength

(interaction with gtk team divided by the sum of ith contacts)

m,,~ marginal strength of jth team's contact in relation with gtk team's contact
(interaction with gtk contact divided by the strongest of j¢k relationship with

anyone)

NE(n;) =Z{1—2piq.mm}

6. Conclusions

We investigated different structural aspects of teams’ network organization and their creativity within a knowledge
development program (KDP). Initially, a pilot group of people in an organization was selected. This group was
evaluated through creativity parameters using a questionnaire. Considering the questionnaires’ data, a decision
maker configured the creativity matrix by a scoring technique. Applying the creativity matrix, the clustering was
performed. The pilot group was divided into some research teams. The research subjects were submitted to the
teams and their progress in solving the problem was assessed through a comprehensive network interaction
assessment method (CNIAM). As a result, the problem was solved and some new research subjects were evolved to
be allocated to the next configured teams. This procedure was repeated dynamically in different time periods. The
advantages of such programs are continuous monitoring, gradual problem solving in an organization, involvement of
organization’s employees in the problem solving process, updating employees creativity parameters, intelligent
clustering of employees into research teams, and a comprehensive network interaction assessment method to
guarantee continuous improvement.
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