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ABSTRACT

Human behavioral and socio-cultural soft-computational modeling requires the abil-



ity to represent and manipulate imprecise percep-
tual and cognitive concepts. The research investi-
gation into soft-computational models of human
behavior and socio-cultural interactions, account
for natural vagueness of human thought and com-
munication, along with the dynamics, complexity,
uncertainty, variability and unpredictability of ac-
tions and behavior. This paper covers selected soft-
computational methods which were investigated
for the Human Social Culture Behavior (HSCB)
modeling program with the emphasis on the pow-
erful computational benefits and usefulness of
these methods to support forecasting social pat-
terns and building socio-cultural decision support
systems. The paper also introduces a novel social
networking analysis model for the next generation
decision sup-port systems.

1. Introduction

Today's military focus is on the domain of irregu-
lar warfare and its companion security, stability,
transition and reconstruction missions (Numrich
and Tolk, 2010). According to Numrich and Tolk
(2010) when irregular warfare tasks and missions
are involved, avoiding the human, cultural and so-
cial elements invites failure. The need to include
these elements has been documented and recog-
nized in US military warfighting concepts. Human
behavioral and socio-cultural models that deviate
from a given norm can be interpreted as deviations
when the behaviors or their consequences are not
intentional and as violations when they are inten-
tional. Such violations may act as warning indica-
tors and signals that require further monitoring
and deeper investigation (Schmorrow and Nichol-
son, 2010). According to the Irregular Warfare Joint
Operating Concept IWJOC (2007): “Irregular war-
fare depends not just on our military prowess, but
also our understanding of such social dynamics as
tribal politics, social networks, religious influences
and cultural mores.” (IWJOC, 2007).

The military has made some adjustments to its
force structure for recognizing the challenges
based on irregular warfare. Bhattacharjee (2007)
outlined a new Department of Defense (DoD) ini-
tiative for Human Social Culture Behavior (HSCB)
modeling, designed to advanced current under-
standing of anthropological analyses and cul-
tures interacted with during overseas operations
(Drapeau and Mignone, 2007). The overarching
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goal of the HSCB Modeling is to support decision
makers better understand and effectively operate
in the human terrain during nonconventional war-
fare and other missions (HSCB, 2009). HSCB models
are getting much attention in current and future
operational requirements. Since HSCB models can
be defined as a complex system, computational
modeling and simulation techniques can deal
with this complexity. Computational social scien-
tists are researching how observations of human
behavior might be used to develop scientifically
based models of HSCB events (Schmorrow and
Nicholson, 2011). HSCB models are designed to
help explain and investigate the nonlinear and
dynamic dependencies, structures, behavior, and
associated trends along with organizational enti-
ties which can be considered as macro and micro
level (Ahram and Karwowski, 2012a). According to
Stanton (2007) and Ahram and Karwowski (2012a):
Macro human social models address economies,
socio-cultural regions, states, and political systems
effects and micro models deal with ethnic tribes
religious and military units at the tactical level.

2. Soft-Computational Modeling

Advances in computational socio-cultural net-
work analysis (CSNA), social network analysis (SNA)
and cultural domain analysis (CDA) will support the
effective integration of soft computing, cluster-
ing and dimensionality reduction techniques. The
overall research contribution for HSCB program is
to develop and test a hybrid socio-cultural behav-
ior assessment model and to design the software
framework needed to enhance the ability of so-
cial and cultural researchers and military decision
makers to interpret and explore mission’s data so
as to determine and predict anomalous individual
and group behaviors, support extensive cultural
situational awareness analysis for tactical deci-
sion-making and enable rapid socio-cultural as-
sessment. Hunter et al. (2012) and Carrington and
Scott (2011) confirmed the difficulty to pinpoint
the genesis of the field of statistical and social
network analysis. Researchers such as Goldenberg
et al. (2009) and Kolaczyk (2009) provided a com-
prehensive examination and summary of research
development in the field of social network analysis.
However, the literature lacks the sufficient research
and investigation of the benefits of applying soft-
computational and mathematical techniques to



human social network and cultural analysis.
Advances in computational social network
analysis (CSNA), social network analysis (SNA) and
cultural domain analysis (CDA) will support the ef-
fective integration of soft computing, clustering
and dimensionality reduction techniques, such as,
but not limited to, those techniques listed in this
paper. This research paper covers HSCB research
development of the socio-cultural behavior as-
sessment model that directly benefits from recent
advances in soft-computing and mathematical
techniques, to aid in social network and cultural
domain analyses, model imprecision and uncer-
tainty in data, and determine anomalous behaviors
(or activities) to support real-time computer based
socio-cultural situational awareness and strategic
decision making, rapid socio-cultural assessment,
and training using visual and computational social
network analysis methods in a far more efficient
manner (Ahram and Karwowski, 2012b). The mod-
eling approach presented in this paper is based on
soft-computational social network analysis (CSNA)
techniques and complex systems theory. The fol-
lowing selected soft-computational modeling
techniques, Cellular Automata (CA), Evolving Self-
Organizing Maps and Artificial Neural Networks,
were investigated for HSCB analysis and proofed
beneficial as discussed in Section 3. This paper
also identifies the software algorithms needed to
enhance the ability of social and cultural research-
ers and military decision makers to interpret and
explore mission specific cultural data so as to de-
termine and predict anomalous individual and
group behaviors, and support extensive cultural
situational awareness analysis for tactical decision-
making and rapid socio-cultural assessment.

3. Forecasting with Socio-cultural Complex Net-
work Analysis

Complexity systems engineering is an emerg-
ing trans-disciplinary field of research that studies
complex systems (Aslaksen, 2009; Cilliers, 1998).
Complex systems have previously been studied
in various fields including cybernetics, econom-
ics, sociology, anthropology, cognitive science,
chemistry, mathematics, physics, systems science
etc. Complexity itself is now the focus of much
of the research in many fields - to explore what
complexity is and what it means for understand-
ing the systems that make up a social network.
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Complexity provides a conceptual framework with
which to view the world of socio-cultural network
as demonstrated in Figure 1. Through it, research
acknowledges that we are surrounded by things
which are dynamic, changing, entangled, and in-
terconnected. The study of complexity asks us to
think in a holistic way, focusing on the connections
between things rather than the things themselves.
Complexity challenges us to move away from cur-
rent intellectual habit of thinking linearly.

Complex systems are open, which means they
depend on and contribute to their environment
(Miller, & Page 2007; Abraham et al. 2010, Knoke
et al. 2008). In a complex system no one element
has all the information. According to Knoke et al.
(2008): “Each element in the system is ignorant of
the behavior of the system as a whole, it responds
only to the information that is available to it local-
ly. Elements think locally, and act locally but their
collective action produces the global intelligence
of the system” This is known as distributed intel-
ligence.

‘scross ypes of systems,
scross scales, and thus system
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Fig. 1: Characteristics of a Complex Socio-Cultural System

(Modified from original by Abraham et al. 2010).

Complex systems do not exist in isolation - they
interact with their environment; they can emerge
as the result of sub-systems; as well as form part
of other larger complex systems. When consider-
ing the interactions of the various social network
elements, HSCB researchers noticed the need to in-
vestigate the interactions of the emergent systems
properties - the higher level features; interdepen-
dencies between these elements and emergent
properties; the multiple nested levels and hierar-
chies that can form; and if the elements and prop-
erties are included in other systems.

According to D'’Andrea (2010) the interest in



CSNA has been rapidly growing in recent years.
Economists, sociologists, software engineers, psy-
chologists and mathematicians have given signifi-
cant contributions, making it an interdisciplinary
research field (D’Andrea, 2010). A comprehensive
HSCB development framework will be composed
of methods used to rapidly collect and visualize
socio-cultural complex network data to analyze
interactions between people, groups and organi-
zations by integrating knowledge from available
databases and survey results from open source re-
positories (Karwowski & Ahram, 2011). According
to D'Andrea (2010), the first category of methods
are those used for network data collection, these
methods aim to provide a dataset that will support
studying the effects of social networks on various
aspects of social and cognitive activities.

To analyze large datasets, the following methods
were suggested summarized by D'’Andrea (2010):
(a) Socio-centric modeling: to investigate collec-
tive relationships for analytical. (b) Egocentric: to
allocate main actors, and identify their connected
nodes. The second group of methods used for data
visualization, these methods aim to represent data
in usable and easy to visualize innovative graphical
formats, thus making complex information under-
standable by decision makers and within the mili-
tary and peace keeping delegates at various levels
(policy, combat operations) and to support cultural
and social situational awareness for strategic deci-
sion-making and training.

m Maps: to manage a wide amount of data and in-
formation;

m Matrices: to visualize dense socio-cultural net-
works;

m Graphs: to visualize relationships among mem-
bers of a narrow socio-cultural Network;

m Hybrid approach: to integrate different visual-
ization perspectives according to the rapid socio-
cultural assessment goals.

According to Ahram and Karwowski (2011) and
Frias-Martinez et al. (2005) machine learning tech-
niques have limitations for modeling human socio-
cultural behavior, the main reason is the poor refer-
ence to the inherent uncertainty associated with
human decision-making process. This limitation
can investigate and avoided with the introduction
of Soft-computing (SC) for human socio-cultural
modeling. According to Frias-Martinez et al. (2005):

“SC is an innovative approach to building
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computationally intelligent systems that dif-
fers from conventional (hard) computing in
that it is tolerant of imprecision, uncertainty
and partial truth. The guiding principle of
soft computing is to exploit the tolerance for
imprecision, uncertainty and partial truth
to achieve tractability, robustness and low
solution cost. SC consists of several comput-
ing approaches, including neural networks,
fuzzy set theory, approximate reasoning,
and search methods, such as genetic and
evolutionary algorithms.”

According to Ahram and Karwowski (2011):

“SC techniques provide an approximate solu-
tions to an ill-defined problems and can help
creating human socio-cultural behavioral
models in an environment, such as during
conflicts , in which users are not willing to
give feedback on their actions and/or not
able to fully define all possible interactions
due to social and cultural barriers’

Different techniques provide different capa-
bilities to support extensive cultural situational-
awareness analysis for tactical decision-making
and rapid socio-cultural assessment (Ahram, Kar-
wowski and Amaba, 2011). As an example, Frias-
Martinez et al. (2005) indicated that Fuzzy infer-
ence system provides an approach to imitate and
simulate decision-making process used to derive
goals and plans; Neural Networks provide a flex-
ible technique for representing similar character-
istics of individual stereotypes (Frias-Martinez et
al, 2005). Generated models based on available
datasets can be classified in this work based on
human behaviors representation as models, and
their purpose or connectivity as shown in Figure
2. According to Ahram and Karwowski (2012a) two
main dimensions are considered:
1)Type of task:

W Filtering,

m Classification,

W Prediction, and

® Recommendation

2)Granularity of the model, i.e. for each individual (con-
tent-based modeling) or for group of users (collaborative
modeling).

Prediction can be defined as “the capability of
anticipating future actions using past behavior”
(Ahram and Karwowski, 2012a). An assumption is
made with this approach is that user's short term



future is very similar to his/her immediate or mid-
term past; this is commonly presented as content-
based filtering. Recommendation is the capability
of suggesting interesting socio-cultural dataset
elements relationships; According to Ghanmi et
al. (2007) “clustering is the process of locating in-

teresting data and groups of interests from among
the data. It is a technique that groups data with
similar characteristics”. The benefit of visualization
is to map data onto a graphical representation and
to provide a qualitative correlation to various prop-
erties.

Fig. 2: Example Visual Socio-cultural Network Analysis. (Source: http://lancestrate.blogspot.com).

According to Kohonen 2001), Self-Organizing
Map’s (SOM) is a neural network model for clus-
tering and visualizing high-dimensional data. The
SOM can be utilized to render high-dimensional
complex socio-cultural data onto a low-dimen-
sional allocation, usually two dimensional (Ko-
honen, 2001, Ghanmi et al,, 2007). According to
D’Andrea (2010), data visualization is used as a way
to cluster and categorize large quantities of data
and present them to: 2) discover hidden relation-
ships, 1) communicate messages, 3) insight or get
perspective insight into aspects already known re-
lationships. The visualization can be performed by
using matrices for actors and properties, graphs,
maps, or a combined hybrid approach.
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One of the key benefits of this HSCB research is
the identification of algorithms to automate ap-
propriate labor intensive data analysis and filtering
associated with creating an assessment of databas-
es. The following is a list of algorithms identified.
Tables 1 summarizes a special class of soft-com-
puting techniques with respect to interpretabil-
ity and forecasting of events associated with high
importance to socio-cultural data analysis. It is im-
perative to notice that the ability to handle noise in
datasets, i.e., how noise activity will affect the mod-
els produced. The interpretability of the results,
in terms of how easy it is for a military personnel
and decision-makers at various levels, policy, com-
bat operations, to understand and interpret the



knowledge captured from the models generated
results, is considered a critical dimension in the
rapid ethnographic assessment tool design, as in-
terpretation and forecasting is often cited as a criti-
cal problem in most research problems especially
data mining methods.

Table 1: Example of selected soft-computing techniques.

Type of Task Method

Filtering Diffusion Maps

Classification Fuzzy Clustering

Prediction Self-Organizing Map’s,
Cellular automata

Recommendation Fuzzy Logic, Cellular
automata

4, Cellular automata (CA): Example Soft-compu-
tational Method Applied to HSCB Modeling

Cellular automata (CA) is a computational meth-
odology for simulating different sophisticated
natural phenomena. CA has many applications in
military including but not limited to the areas of
cryptology, intrusion detection, modeling cultural
change and policy making. CA is composed of a
set of computing cells which interact locally and
synchronously with each other to determine their
next state. CA creates complex patterns at the fi-
nal state of the system after numerous iterations
of small changes on the state of cells. Preliminary
experimental analysis performed on a discrete set
of spatial data representing factors from social and
economic data demonstrated that the use of CA
has several significant contributions to support
decisions makers allocating development efforts
to better stabilize regions associated with higher
risks, and to better understand the nonlinearity
and complex socio-economic and cultural interac-
tions with adverse events.

According to Thirumaran et al. (2012) a discrete
cellular state space L is “a set of Finite State Au-
tomata (FSAs) that is typically created by a regular
d-dimensional lattice of FSAs” For example, a two
dimensional cellular automaton consists of a lat-
tice of L = m x n where each square is called a cell
and reflected by one FSA (Hoekstra et al, 2010). A
local value space X defines possible states for each
FSA. Where the state of each FSA can be in one of
the finite number of states. The collective states
of all cells create what's called a state space of the
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complete CA as shown in Eq. (1) (Thirumaran et al,,
2012).

ceX={0,1,2,3,4,..k — 1k} (1)

Thirumaran et al. (2012) indicated that “a neigh-
borhood A/ is created by a set ofj\[ topologically-
neighboring cells which are influencing a change
of state of each updated cell in the next simulation
step” Figure 3 shows several examples of hexa-
gons, von Neumann, Moore and Margolus neigh-
borhood arrangements (Von Neumann et al. 1966,
Codd 1968; Banks 1970, Margolus 1984; Thiruma-
ran et al. 2012). Boundary conditions support fixed,
periodic or reflects behaiour among others (Hoeks-
tra et al, 2010). A transition rule ¢ describe change
of each updated cell from its “current state” value
to a“new state’, operating over neighborhood with
size]\[deﬁned in Eq. (2)

N
P IxEx. 2= (2)

{a) Hexagon Tessellation,
Hexagon Neighborhood

(b) Square Tessellation,
von Neumann Neighborhood

(c) Square Tessellation,

; lation,
Moore Neighborhood {d) Tilted Square Tessellation.

Margolus Neighborhood

S
¢

[u]
LICI]
¢

Fig. 3: Various types of neighborhoods (White & Kiester, 2008)

All cells change their states in a synchronous be-
haviour at an externally provided clock step. This is
called the iteration step (Hoekstra et al,, 2010). The
definition of von Neumann neighborhood with
one unit radius is given below in (Eq.5)

N (ij)={ouli—k|+|j—1|<1} =

(3)
{O<i,j, Gj,i— Iy Gi.j— Iy Gj,i+ 1y O‘L_/Jr 1}



A transition rule ¢(z) can be represented in the
form of a function ¢ (%) using states o(z) of all cells
in the neighborhood (Hoekstra et al,, 2010).

Gi,j(t+ 1): (ﬁ(dk,l(t)‘dk,z(t)EN) (4)
Gi,j(t+ 1)2
(b(o‘i,j(t),O‘j,i—I(t),()‘i‘f—l(t),O‘j.Hl(t),O‘i,i+l(t)>(5)

CA modeling approach support socio-cultural
analysis through a model simulator capable of
generating behavioral forecast for events using
historical or current data. The CA simulator adapts
itself to new datasets to generate forecast based
on events or economic factors to use on different
locations and with different cultures, this simula-
tor will support generating “what-if" scenarios to
forecast adverse events under controlled environ-
ments under given time and budget constraints
in order to best utilize resources to stabilize and
improve various regions. An irregular CA neighbor-
hood map was generated by the researchers us-
ing ArcGIS geo-statistical analyst tool. The results
of the application of CA HSCB analysis is shown in
Figure 4.

Fig. 4: Example cellular automata voronoi forecasts using irreqular
grid structure.
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In Figure 4, Voronoi diagram was used to visually
represent neighborhood Na. Na and defined as a
set of any 1°* order neighbor that has a common
border with the center district d. The software plat-
forms used conduct the experimental run and CA
research are; ArcGIS, Matlab, Minitab, and Microsoft
Access. ArcGlIS is used to generate a list of first or-
der neighboring polygons. ArcGIS is also used to
determine names and identification numbers of
districts using the latitude and longitude informa-
tion. Microsoft Access used for data processing
and structure different test sets. MATLAB was used
to process the data and implement CA prediction
algorithm, while Minitab used to perform statisti-
cal analysis.

5. Condlusion

The research investigation of socio-cultural soft-
computational modeling examines a unigue class
of problems relevant to the human social, cultural
and behavioral (HSCB) decision making, and inves-
tigates the development of a hybrid socio-cultural
behavior assessment model and the design the
software framework needed to enhance the ability
of social and cultural researchers and military deci-
sion makers to interpret and explore mission’s data
in order to forecast and predict anomalous indi-
vidual and group behaviors. The investigation also
supports extensive analysis of cultural situational
awareness for strategic decision-making and rapid
socio-cultural assessment.

Capturing, encoding and modeling of such phe-
nomena, i.e. uncertainty and variability, became
an increasingly important issue in modeling hu-
man, cultural and social inter-relationships and in-
tegrates both social network and cultural domain
analysis. Advances in computational social net-
work analysis (CSNA), social network analysis (SNA)
and cultural domain analysis (CDA) will support
the effective integration of soft-computing, clus-
tering and dimensionality reduction techniques,
such as, but not limited to, those techniques listed
in this research. This paper provides an example of
soft-computational modeling application using
CA, experimental analysis conducted using geo-
statistical data demonstrates the benefits of this
methodology to this class of problems in order to
visualize and more accurately interpret the impact
of economic factors on regional stability and pub-
lic safety. This ongoing research address the dilem-



ma in HSCB-related uncertainty and imprecision
in modeling human behaiour by offering a hybrid
visual modeling approach that can better assess
imprecision and uncertainty inherent to human
perceptual and cognitive capacities and support
short term forecasting in relation to social, cultural
and behavioral factors.
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