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Abstract
This paper articulates the logic of computational organizational modeling as a strategy for theory construction
and testing in the field of organizational communication networks. The paper introduces, Blanche, an objectoriented simulation environment that supports quantitative modeling and analysis of the evolution of organizational
networks. Blanche relies on the conceptual primitives of attributes that describe network nodes and links that
connect these nodes. Difference equations are used to model the dynamic properties of the network as it changes
over time. This paper describes the design of Blanche and how it supports both the process of theory construction,
model building and analysis of results. The paper concludes with an empirical example, to test the predictions of
a network-based social influence model for the adoption of a new communication technology in the workplace.
Keywords: organizational communication, networks, Blanche, adoption, innovation, communication, information technologies

1. Introduction

’
”

Computational simulation of organizational structures and activities has been proposed as
a viable component in the process of theory construction, specification, and articulation in
the social sciences in general (Hanneman 1988), and more specifically in organizational
sciences (Carley and Prietula 1994; Morecroft and Sterman 1994; Senge 1990). In the
past two decades, several theorists have conceptualized organizations from a networks
perspective (e.g., Burt 1982; Rogers and Kincaid 1981; Stohl 1995). In an overview of
the field of computation and mathematical organizational theory, Carley (1995) identifies
network models as an important framework for theory development. In this paper we
argue that there continues to be a loosely coupled relationship between the articulation
of theoretical network mechanisms, model-building, simulation, and hypothesis testing.
Four important barriers identified in this paper are (i) a lack of emphasis by organizational
network researches to categorize the wide variety of theoretical mechanisms that explain
organizational behavior (ii) the lack of a general methodology to incorporate simulations into
the traditional realm of deducing and testing hypothesis, (iii) the need for model-building
and simulation tools that are easily accessible and understood by organizational researchers
who are not proficient in object oriented programming, and (iv) the limited effort to combine
simulation scenarios with observed empirical data from organizations. This paper addresses
these four barriers. First, we articulate a methodology that incorporates computational
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organizational modeling within the framework of traditional hypothesis testing. Second,
we present a computational tool, Blanche, that offers researchers who lack programming
expertise the ability to articulate theoretical derived computation models of organizational
phenomena. Finally, we present an example that uses Blanche to make predictions about the
adoption of a communication technology based on empirical data collected from a public
works department.

2. Theoretical Network Mechanisms
Network researchers have sought to explain organizational behavior in terms of formal
organizational structures as well as informal organizational structures such as communication networks, influence networks, advice networks and task networks (Monge and
Eisenberg 1987). More recently, there has been a growing interest in examining the underlying logics (Kontopoulos 1993), or generative mechanisms, that explain the manner
in which networks enable and constrain organizational and inter-organizational behavior. Monge and Contractor (in press) identify eleven generative mechanisms. These include: (1) exchange and dependency theories (social exchange and resource dependency),
(2) contagion theories (social information processing, social learning theory, institutional
theory, structural theory of action), (3) cognitive theories (semantic networks, cognitive
social structures), (4) consistency theories (balance theory, theory of cognitive dissonance),
( 5 ) theories of homophily (social comparison theory, social identity theory), (6) theories
of social capital (theory of structural holes, strength of weak ties theory), (7) theories of
proximity (physical and electronic proximity), (8) uncertainty reduction theories, (9) social support theories, (10) collective action theories, and (1 l ) theories of network and
organizational forms (contingency theory, transaction cost theory, and theories of network
organizations).
Monge and Contractor (in press) note that there are at least two implications of reviewing
the extant literature on organizational networks in terms of the underlying generative mechanisms. First, most network studies in organizations typically hypothesize and examine
organizational behavior only in terms of one of these generative mechanisms. For instance,
network explanations for employee job satisfaction have been based on a contagion mechanism (Hartman and Johnson 1989) or a balance mechanism (Kilduff and Krackhardt 1993).
Often the predictions based on these two mechanisms are contradictory and not easy to
parse out empirically. Second, based on their review, Monge and Contractor (in press) note
that the preponderance of research on organizational networks has been inspired by four of
the eleven theories reviewed: exchange theories, contagion theories, cognitive theories, and
theories of homophily. The few studies based on one of the other seven theories provide
ample evidence of their potential explanatory power, and should be actively considered by
network researchers. A system to make the simulation of various organizational hypothesis
easier would help alleviate the problem by allowing more generative mechanisms to be
tested together or against each other, and therefore to help clarify the differences in predictions based these models. The next section describes how computational organizational
models offer researchers the ability to articulate and construe the implications of multiple
theoretical network mechanisms.
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3. Computational Organizational Models
An explicit focus on the generative mechanisms whereby networks enable and constrain
organizational behavior has led to an interest in creating formal mathematical and computational models of organizational activities. It has, in effect, led scholars to combine two
streams of research, that is conducting organizational simulation based on generative mechanisms, and testing of network theories in organizational contexts (Carley 1995). There are
a few promising examples of this integration. Zeggelink (1993) models the evolution of
friendship networks based on a set of generative mechanisms derived from social exchange
theory (Blau 1964), classical conditioning theory (Lott and Lott 1960), social comparison theory (Festinger 1954), and balance theory (Heider 1958). Leavitt et al. (1994)
developed the Virtual Design team (VDT), a computational model of a multidisciplinary
engineering design organization based on information processing theory (Galbraith 1977),
contingency theory (Thompson 1967), media richness, and social influence theories (Fulk
and Steinfield 1990). Lin and Carley (1995) present a computational model for examining organizational performance that draws upon various factors articulated by contingency
theories (Scott 1987; Thompson 1967), including task environment, organizational design,
and stressors such as crises and time pressures. Corman (1996) offers a cellular automata
model, POWERPLAY, to demonstrate the emergence of a dominance hierarchy based on
principles inspired by structuration theory (Giddens 1984). Contractor and Grant (1996)
describe a computational model to examine the emergence of shared interpretations in organizations based on Burt’s (1982) structural theory of action and Heider’s (1958) balance
theory. All of these studies represent a genre of scholarship that attempt to model explicitly and dynamically the attributes and relationships among a network of agents based on
generative mechanisms suggested by one or more social scientific theories. Further, they
employ computer simulations to help envision the dynamic implications of their models.
The following section describes the traditional use of simulations as well as the adaptation
of this approach towards theory construction and testing.
4.

Previous and Current Work in Organizational Simulation

Computer simulations have long been used as an effective tool in engineering. Engineers
typically use simulations to predict performance of a system that has known dynamic characteristics. These characteristics are typically obtained from theory and are then articulated
in the simulation as difference or differential equations. The goal of engineering simulation
is then to assess the dynamic performance of a system based on a priori knowledge of the
dynamic relationships among the various elements of the system.
Forrester (1961,1973) was one of the earliest and most influential advocates of simulation
modeling of dynamic social systems. Forrester advocated the use of this approach to model
and assess the dynamics of industrial and world phenomena. While this approach has
produced a considerable number of studies, it is based on the assumption that the researcher
has apriari knowledge of the dynamic relationships among elements of the system. Indeed,
many of the results of these models have been criticized for specifying relationships that
were at best untested, and at worst flawed. In response to these criticisms, there has been a
more recent interest in redefining the utility of simulations in the social sciences. Rather than
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6.3. Execution of Computation Organizational Model: Blanche ModelAnalyzer
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Figure 6. Learning curve function relating technological expertise (TE) and the time using the technology (TUT).

individuals. Calculating the task communication is a multi-step procedure and for each of
those steps there is a different equation. First, in Eq. (8), NCN is calculated. NCN describes
how a pair of individuals are likely to increase their task communication if they are both
using the new technology (UT). There are also random factors represented in this equation.
The value obtained in Eq. (8) must be positive, which is ensured in Eq. (9) and assigned to
NCN2. This value is then row-normalized in Eq. (10) and is assigned to SCN, which is the
variable used by other equations. This final result to the three-step computation represents
the proportion of time spent talking to another person.
NCNij, =

NCN2ijf =

+

SCNij,-, N(0,O.l)
SCNij,-l + N (0, 0.1)
NCNij,,
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Finally, the Technological Advice Network (TAN) describes the network of individuals
that a person would go to for advice about adopting the new technology. In order for an Individual i to seek technological advice from Individual j , the former must have considerably
lower task expertise (TE) than Individual j , and Individual i must spend at least a modest
proportion of time communicating (SCN) with Individual j . This is described in Eq. (1 1):

This section has described the implementation of the attribute variables, the relational variables, and the generative mechanisms in the ModelBuilder, a module of Blanche. The next
section describes the execution of the computational organizational model in ModelAnalyzer, a second module in Blanche.

‘

ModelAnalyzer runs the model that has been specified by the ModelBuilder program. TO
run the model, the user specifies the number of nodes (persons, in our example) in the
model, the data set(s) that represent initial conditions of the simulation, desired statistics,
and the duration of the simulation (specified as the number of iterations or time-steps).
Simulation results output from ModelAnalper are expressed both statistically and graphically. ModelAnalyzer calculates a variety of standard measures such as attribute means and
standard deviations, as well as network metrics such as indegrees, outdegrees, closeness,
and betweenness. All the results can be viewed via plots and graphs within the program.
Data and statistics from the simulation can be saved into an ASCII file that can be imported into various statistical programs for further analysis. In addition, all network data in
ModelAnalyzer can be directly saved in a format that is readable by KrackPlot (Krackhardt,
Blythe and McGrath 1994), a network visualization and plotting program.
For the example at hand, ModelBuilder was used to specify a computational organizational model of the use of a new technology, CityScape, by members of the Public Works
Department. The goal of this research was to identify the deployment and usage patterns
that would be theoretically predicted based on the network contagion mechanisms described
earIier in this paper. The model described above was “populated” using data gathered from
the Public Works Department (N = 57) for a city in the south-eastern U.S. In particular,
attribute data were gathered on individuals’ general attitudes towards technologies and their
individual disposition towards self-monitoring (Lennox and Wolfe 1984). Relational data
were gathered on individuals’ task communication networks and their technical advice networks. These data served as initial conditions for the computational organizational model.
Since the model was being used to examine the introduction of CityScape, a new technology, individuals’ initial technology expertise and technology usage were specified to be
zero. Their specific attitudes towards the CityScape technology were specified to be neutral
(0.5 on a scale of 0 to 1).
In order to determine the most effective and speedy deployment of CityScape in the Public
Works Department, various simulations were executed based on the initial data collected
from the organizational members. These simulations were varied on the basis of which
individuals were targeted as initial users of the technology. Due to finite training resources,
the goal was to identify whether an organizationally broad or focused installment was most
likely to help diffuse the adoption of CityScape throughout the organization. Specifically,
the question was whether it is better to give the technology to four department heads, or to
four people all in one department. Figures 7 below shows the results based on two scenarios.
In each of the two scenarios, four individuals were identified as the first users of CityScape.
Each of these individuals were assigned a value of 1 for the variable Use of Technology.
As mentioned earlier, since a new technology was being introduced into the workplace,
the remaining members of the organization were assigned a zero for the variable Use of
Technology (UT). The simulations in the two scenarios were run over 50 iterations.
In the first scenario, the four division heads targeted for use of CityScape were the
heads of Engineering and Planning Services, Business Management, Environment and
Resource Management, and Installation Housing. The four members of the same division
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Figure 7. Differences in technology usage under two different scenarios.

(Engineering and Planning Services) targeted in the second scenario were the Group Leader
of the General Engineering, the Real Property specialist, a CAD Technician, and an Electrical Engineering Technician.
As is evident from figure 7, the speed and level of deployment varies significantly between
the two scenarios, with the more focused deployment (Scenario Two) resulting in faster and
much more complete adoption of the technology. Given the non-linear dynamics proposed
in the computational organizational model it is impossible to have a priori predicted these
differences in deployment patterns. This modeling provides us with hypotheses about
the pattern and level of adoption when the technology is actually deployed. Ongoing
data collection following the deployment of CityScape will provide us an opportunity to
empirically validate the deployment pattern predicted by the selected scenario.

7. Uses and Future Extensions for Computation Organizational Network Modeling
This paper has argued for the intellectual integration of two vibrant research traditionscomputation organizational modeling and organizational communication network research.
We identified four barriers that must be overcome in order to leverage the benefits of these
two traditions. Following an overview of the network mechanisms used to explain organizational behavior, and the logic of computational organization modeling and simulation, we
introduced Blanche as a tool that provides a generic framework for modeling networks and
their evolution over time. The researcher specifies nodes in terms of real-valued attribute
and link variables. The dynamic interrelationships between nodes, expressed in terms of
attributes and links, are modeled as nonlinear difference equations. In this paper we have
illustrated how the adoption and use of a new technology can be modeled in this framework.
As evidenced by the example, computational organizational network modeling, and tools
such as Blanche offer considerable potential for theory development and testing.
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