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Abstract 

This paper takes a critical perspective on self-managing organizations, i.e., crowds and 
online communities. I theorize that they are limited in their ability to select and 
integrate new opportunities (e.g., ideas, project proposals) and cumulatively develop 
technical systems (e.g., software systems). I compare self-managing organizations to 
traditional organizations under different complexity conditions. Therefore, I distinguish 
two opposing selection mechanisms: centralized opportunity selection, typifying 
traditional organizations, and decentralized opportunity selection, typifying self-
managing organizations. Using a computational model, I let these mechanisms 
cumulatively develop a technical system architecture, which I formalize as a design 
structure matrix. The model shows that the selection mechanisms’ advantages relative 
to each other depend on the complexity conditions. Centralized opportunity selection is 
more effective in achieving rich functionality under high interdependence and many 
available opportunities, while decentralized opportunity selection is more effective in 
this regard when few opportunities are available. Surprisingly, when considering 
indicators of the architecture maintenance costs, decentralized opportunity selection 
can be outperformed by centralized opportunity selection. The paper contributes to the 
discussion on digitally enabled organizational forms by outlining the boundary 
conditions of self-managing organizations imposed by complexity. It also contributes to 
research on systems architectures by relating organizational characteristics to 
organizational outcomes. 

Keywords: Centralized decision-making, decentralized decision-making, crowds, online 
communities, complexity, self-managing organizations, design structure matrix (DSM), 
system architecture, open source software development, computational model 

Introduction 

Digital technologies enable distributed forms of organizing (Faraj et al. 2011; Majchrzak and Malhotra 
2013; Yoo et al. 2012). These organizations manage themselves to a large extent – therefore, I refer to 
them as self-managing organizations – and they have been praised as an important source of innovation 
and progress (von Hippel and von Krogh 2003). They consist of voluntarily contributing and loosely 
coupled participants without an authority (Bock et al. 2015; Faraj et al. 2011; Lee and Edmondson 2017; 
Nambisan 2002; O’Mahony and Bechky 2008). Open source software development and Wikipedia are 
well-known examples (Kane et al. 2014; Kane and Ransbotham 2016; von Krogh et al. 2012; Ljungberg 
2000). An extreme form of self-organizing has been commended in software development: coordination 
exclusively via artifacts (i.e., the software code itself), referred to as stigmergy (Bolici et al. 2016; 
Heylighen 2016).  

In this paper, I investigate the viability of self-managing organizations based on their ability to select 
opportunities. Opportunities are understood as components (e.g., ideas, project proposals) that emerge 
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inside or outside the organization and are of potential use for the organization. Thus, opportunity 
selection is essential for absorbing and exploiting externally and internally emerging solutions. Self-
managing organizations use the opportunity selection mechanism of decentralized opportunity selection. 
Each task solver (individual or team) can select opportunities on its own. Traditional organizations stand 
in direct contrast and use the opportunity selection mechanism of centralized opportunity selection, 
which builds on an authority for allocating opportunities to task solvers.  

I take a cumulative perspective on the opportunity selection; more precisely, I look how the two selection 
mechanisms accumulate opportunities and drive the development of a complex technical system (e.g., a 
product, service, production technology, software system) (Baldwin et al. 2014; Henderson and Clark 
1990). The cumulative perspective is helpful when considering complexity (Simon 1962, 1996) because 
the relative advantages and disadvantages of the mechanisms might be sensitive to possible dependencies 
among opportunities as well as between opportunities and already implemented opportunities. Once 
implemented, an opportunity can provide the functional basis for other opportunities and thus the 
realized opportunities cumulate. Also, the cumulative perspective more realistically reflects the trend that 
many technical systems evolve through continuously adding new features (Baldwin et al. 2014). In 
contrast, traditionally product development has been characterized as a discrete innovation sequence 
from product planning to subsequently replacing old products with new ones (Wheelwright and Clark 
1992). Specifically, I pose the research questions: How do decentralized and centralized selection of 
opportunities influence the cumulative development of complex technical systems? What is the influence 
of complexity on the mechanisms’ effect? 

I argue that decentralized opportunity selection is generally beneficial concerning cooperation (i.e., the 
motivation to contribute (Nowak 2006; Zaggl 2014)), but it has shortcomings in coordination (i.e., the 
ability to contribute (Okhuysen and Bechky 2009)): Decentralized opportunity selection is associated 
with voluntary contributors who are motivated by a large extent of autonomy (Ke and Zhang 2010) and by 
the possibility to use the resulting technical system (von Hippel and von Krogh 2003; Puranam et al. 
2014). However, it has disadvantages in coordination. The task solvers are limited in their ability to 
allocate opportunities if these are interdependent (Howison and Crowston 2014). On the other hand, 
centralized opportunity selection is advantageous from a coordination perspective, but it is detrimental 
from a cooperation perspective: From the coordination perspective, centralized opportunity selection 
allows organizations to create predictive knowledge (Puranam et al. 2012), which enables the task solvers 
to implement opportunities regardless of interdependencies. However, centralized opportunity selection 
has the disadvantage of reducing the task solvers’ motivation (Fehr et al. 2013; Foss 2003). 

The difference between centralized and decentralized opportunity selection is illustrated by the example 
of proprietary software development and open source software development: Consider two software 
programmers, Bill and Linus. Bill works for a small software company that offers a proprietary reference 
management program. His boss has assigned a project schedule to him and his colleague Larry, an 
internet protocol expert. According to the schedule, they will extend the reference managing program with 
a feature allowing users to upload references to a social media website. Bill implements the function into 
the reference management program while Larry works at the same time on the data transmission 
procedure. By contrast, Linus wants to achieve the same goal in an open source community. This 
community also develops a reference management program. As a user of that software, Linus comes up 
with an idea for a new feature. He wants to compare his own references with those of other users and 
therefore upload his reference collection to a social media website. As Bill, Linus is not an internet 
protocol expert and cannot implement the data transfer procedure required to connect to the social media 
website. He has no idea who else in the community is able and willing to build a data transmission 
interface on which he can build his feature. So Linus waits with his idea until a standard internet interface 
is part of the program.  

This paper uses a computational model (Harrison et al. 2007) to investigate the mechanisms of 
decentralized and centralized opportunity selection in a comparative analysis. The model formalizes 
decentralized and centralized opportunity selection as organizational mechanisms. These mechanisms 
determine how a technical system (the organizational outcome) cumulatively develops. To formalize the 
technical system, I use the notion of design structure matrices (DSM) (Eppinger 1991). A DSM represents 
the dependencies between elements as intersections between rows and columns in a matrix. This notion 
allows me to apply multiple criteria to evaluate the technical system (e.g., Baldwin et al. 2014) as an 
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outcome of the mechanisms. As the contextual conditions, I consider the notion of complexity (Simon 
1962, 1996), specifically the degree of dependence between opportunities and the number of opportunities 
available to be absorbed into the technical system.  

The analysis shows that the opportunity selection mechanisms’ performance advantage (relative to each 
other) depends on the conditions of complexity. The most intriguing results are: First, technical systems 
under decentralized opportunity selection (compared to centralized opportunity selection) develop faster 
(i.e., decentralization is more effective) if the number of available opportunities is low. By contrast, if 
many opportunities are available and opportunity dependence is high, centralized opportunity selection is 
more effective. Second, decentralized opportunity selection does not necessarily produce sparser 
architectures, i.e. architectures with less direct and indirect coupling, as other research suggests 
(MacCormack et al. 2006, 2012). If few opportunities are available, decentralized opportunity selection 
can be outperformed by centralized opportunity selection in this regard.  

This paper contributes to the literature on self-managing organizations such as crowds, communities, or 
virtual teams (Ahuja et al. 2013; Bock et al. 2015; Faraj et al. 2011; Lee and Edmondson 2017; Majchrzak 
and Malhotra 2013). The findings outline the boundary conditions imposed by complexity on 
decentralized opportunity selection. These boundary conditions highlight the limits of self-managing 
organizations (Bolici et al. 2016; Lee and Edmondson 2017) and thus support voices that take a critical 
stance on these organizational forms (Burton et al. 2017; Foss and Klein 2014). They also elaborate the 
explanation of why many originally self-managing organizations develop governance systems and move 
towards more centralization, as empirical research has shown (O’Mahony and Ferraro 2007; O’Mahony 
2007). The model delineates when governance is required to coordinate crowd activities. Not only is 
interdependence between components important (Felin and Zenger 2014; Nickerson and Zenger 2004) 
but also the number of available opportunities is critical and, in particular, the interaction between 
interdependence and number of opportunities.  

This paper also contributes to the system architectures literature (Baldwin and Clark 2006; Baldwin et al. 
2014; Henderson and Clark 1990; MacCormack et al. 2006) and the mirroring hypothesis (Colfer and 
Baldwin 2016). The model relates opportunity selection (an organizational characteristic) to the technical 
system architecture (an organizational outcome). Its results support and extend our understanding of how 
different organizational modes influence the system architecture of the resulting product, technology, or 
software system. 

Theoretical Background  

This section builds a research framework that helps to approach the research questions (Figure 1). The 
framework’s main building blocks are centralization and decentralization as opposing opportunity 
selection mechanisms, which work under the contextual conditions of complexity and shape the 
cumulatively developing architecture of the technical system. 

 

Figure 1. Research Model 
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Opportunity Selection Mechanisms 

I contrast two basic governance modes of opportunity selection: centralized and decentralized. They 
represent extreme and stylized modes of traditional and self-managing organization (Lee and Edmondson 
2017; Puranam et al. 2014). 

Centralized opportunity selection reflects traditional organizational forms. It builds authority (Simon 
1951). Centralized opportunity selection provides an important advantage concerning coordination. It 
allows organizations to assign opportunities to the task solvers in parallel. This requires the ability of the 
organization to create predictive knowledge, which allows task solvers to face interdependent tasks as if 
they were independent (Puranam et al. 2012). If the value of a task solver’s outcome depends on another 
task solver’s outcome, the organization guarantees the focal task solver that the required outcome, 
produced by the other task solver, will be available. This eliminates the focal task solver’s uncertainty 
about his or her outcome value.  

In the context of opportunity selection, predictive knowledge means guaranteeing that all required 
functions will be available punctually, ensuring that task solvers can implement an opportunity as if all 
preconditions were already fulfilled, even though their opportunity is dependent on functions that are 
currently not yet available. In the illustration of the programmers Bill and Linus, only Bill enjoys 
predictive knowledge – he knows that his colleague Larry will implement the transmission procedure. In 
contrast, if there is no predictive knowledge, task solvers have no incentive to implement opportunities 
that require unfulfilled functions. They would expect to end up with a non-functional and valueless 
outcome. Therefore, they would not attempt to implement their opportunity (Howison and Crowston 
2014). 

The disadvantage of centralized opportunity selection is that it cannot actuate task solvers’ user 
motivation or high powered incentives, which is a disadvantage in terms of cooperation. Task solvers in a 
traditional organization are usually not users, thus they do not benefit from the utility of the outcome they 
produce. Further, centralization prohibits that the task solvers can freely decide what opportunities to 
solve. Instead, they need to follow instructions and solve the opportunities assigned to them, which 
reduces their motivation (Fehr et al. 2013; Foss 2003). 

In the context of software development, centralized opportunity selection is represented by proprietary, 
commercial software development. Opportunities (e.g., possible software features) are selected by a 
central management, which ensures that all required functions will be implemented (it creates predictive 
knowledge). It identifies the required functions and allocates them to the software developers. Developers 
are paid employees or contractors and are not motivated by the use value of the software system they are 
developing, but by their salary.  

Decentralized opportunity selection reflects self-managed or self-organized organizational structures, 
which are often referred to as new forms of organizing (Lee and Edmondson 2017; Nan and Lu 2014; 
Puranam et al. 2014). Task solvers are seen as voluntary, fluid participants who are loosely coupled (Faraj 
et al. 2011). Decentralized opportunity selection takes advantage of the motivation of voluntary task 
solvers who are considered to be users. In their role as users, they are motivated by the possibility of usage 
(von Hippel and von Krogh 2003; von Hippel 1986). In addition, autonomy, especially the ability to select 
their own opportunities, is a source of meaningfulness and motivation (Benz and Frey 2008; Lee and 
Edmondson 2017). Interestingly, high powered incentives by closely tying reward to performance can 
have the same effect because they induce motivation (Milgrom and Roberts 1992).  

The disadvantage of decentralized opportunity selection is that task solvers are unwilling to realize 
opportunities that require unfulfilled functions. Task solvers directly bear transaction costs for 
exchanging information. Since task solvers are volunteering, they seek to minimize these costs by 
minimizing coordination. (Transaction costs are not smaller under decentralization than under 
centralization, but they are not sunk and can be saved.) Therefore, there is no predictive knowledge 
(Puranam et al. 2012) to rely on when opportunities interact and requirements currently are not fulfilled 
by the technical system. Thus, task solvers will simply wait or perform other tasks until all the 
requirements for the focal opportunity are fulfilled (Howison and Crowston 2014). 

In the context of software development, decentralized selection of opportunities is represented by the 
archetypical form of open source software development. Interactions among the task solvers are loose 
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(Ljungberg 2000) and opportunities are directly selected by the task solvers, i.e. the software developers 
(Shaikh and Henfridsson 2017), which maximizes autonomy. This creates the advantage of motivating 
software developers (Ke and Zhang 2010; Roberts et al. 2006), especially with the prospect of using the 
software (Raymond 1999; Roberts et al. 2006; von Hippel and von Krogh 2003). These motivations can 
attract large numbers of task solvers (Mockus et al. 2002; Raymond 1999). Though some open source 
software projects deviate from this archetypical appearance and develop centralized coordination to some 
degree especially when they grow (Lee and Cole 2003; O’Mahony 2007), decentralization reflects the 
stereotypical and original appearance of open source software development (Ljungberg 2000). 

Complexity  

The notion of complexity is closely related to organization theory (Anderson 1999; Carley 1995; Felin and 
Zenger 2014; Simon 1962, 1996) and very likely a critical influence for the effectiveness of opportunity 
selection (see Figure 1). Systems are considered complex if they “are made up of a large number of parts 
that have many interactions” (Simon 1996, pp. 183-184). I specify complexity in the context of 
opportunity selection by distinguishing two dimensions: (1) opportunity dependence and (2) the number 
of available opportunities:  

(1) Opportunity dependence builds on the notion of interdependence (or interrelatedness), which is 
central to the notion of complexity (Simon 1962, 1996; Thompson 1967). Two tasks are interdependent “if 
the value generated from performing each is different when the other task is performed versus when it 
is not” (Puranam et al. 2012, p. 421). Building on this definition, I understand full and unidirectional 
dependence as the condition that an opportunity cannot perform its function and produce value because 
one or multiple other functions are not realized in a technical system. Thus, if and only if all functions 
required by the focal opportunity are implemented (in the technical system), does the focal opportunity 
produce value.  

(2) The number of available opportunities is the number of opportunities obtainable for implementation. 
It is a potential for the organization, which can select among these opportunities. Thus, large numbers 
generally are preferable over low numbers (Girotra et al. 2010). The quantity of opportunities depends on 
an organization’s openness and search activities (Laursen and Salter 2006; Piezunka and Dahlander 
2015). However, it makes no difference for the concept of number of available opportunities whether an 
organization searches for opportunities outside its borders (Laursen and Salter 2006) or the opportunities 
emerge inside it (Pavitt 1991). 

Technical System Architectures and Design Structure Matrices (DSMs) 

To evaluate centralized and decentralized opportunity selection, I use effectiveness as a simple 
performance measurement. It reflects the success of the mechanisms building a rich technical system, i.e., 
a system with many functions. In addition to the measurement of effectiveness, I directly build on the 
notion of technical system architectures, which is widely used in engineering and technology 
management. It provides a powerful and sophisticated notion, especially when using the formalization of 
DSMs (Baldwin et al. 2014; MacCormack et al. 2006, 2012). DSMs represent a system architecture as an 
adjacency matrix. Each function of the technical system is represented by a row and a column. The 
intersections indicate dependencies between two functions. The notion of DSMs allows me to apply 
operations to assess system architectures, which are known from the empirical literature (Baldwin et al. 
2014). I argue that the system architecture, as an outcome of the mechanisms, is a meaningful proxy for 
evaluating the mechanisms.  

A technical system’s architecture is an outcome of the organizational structure and therefore likely also 
subject to the opportunity selection mechanisms. Prior research has shown a strong relationship between 
organizational characteristics and organizational outcomes (Colfer and Baldwin 2016). Often the 
organizational structure and the technical system (the product or technology) resemble (mirror) each 
other (Colfer and Baldwin 2016). This mirroring particularly applies to software developing organizations 
and their software systems (MacCormack et al. 2006, 2012). Although mirroring is generally likely to be 
subject to endogeneity, one can undoubtedly argue that there is a causal link from the organizational 
structure to the technical system architecture (Henderson and Clark 1990). 
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A technical system’s architecture is a meaningful proxy to evaluate the opportunity selection mechanisms, 
because it is strongly related to system performance (MacCormack et al. 2006). Beyond simplistic 
measures, such as the number of functions, the system architecture also provides more specific and 
insightful indicators. For instance, it predicts the costs of maintaining and extending the technical system 
(MacCormack et al. 2006). Specifically, two measures of the system architecture seem critical: Direct 
coupling and propagation costs.  

Direct coupling captures all direct dependencies in the system architecture. It is defined as the density of 
the DSM that represents the architecture (MacCormack et al. 2012). 

Propagation costs capture the extent of indirect coupling. Propagation costs are defined as the density of 
the visibility matrix, a matrix that represents all indirect and direct dependencies (Baldwin et al. 2014). (A 
visibility matrix can be calculated by raising the DSM to the power of the path length for each possible 
path length and then summing the resulting matrices (Baldwin et al. 2014).) Thus, propagation costs 
reflect not only the number of possible direct changes necessary when one component is modified, but 
also the number of components that can be affected by these changes, and in turn the changes of the latter 
changes, and so on.  

Computational Model 

A computational model allows me to compare the mechanisms of centralized and decentralized 
opportunity selection. Computational models make it possible to investigate processes and test 
mechanisms that cannot be directly observed in an empirical approach (Harrison et al. 2007).  

Model Structure  

The model’s underlying logic is that an organization seeks to extend and improve a technical system. One 
can think of this as a product, production technology, or software consisting of a set of functions. In order 
to extend and improve the technical system, the organization can implement opportunities. In the 
example of software development, opportunities are ideas, proposals for improvement, or feature 
requests. Opportunities are assumed to emerge exogenously, i.e. the model is agnostic about their origins.  

I assume that the organization is concerned about exactly one technical system, which consists of the 
functions provided by the implemented opportunities. Functions that are not maintained – because no 
opportunity providing it has yet been implemented – are open for fulfillment. Each function can be filled 
by only one opportunity at a time. However, already existing functions can be improved: an opportunity 
can replace an already implemented opportunity if it serves the same function but has a higher efficacy. 
Efficacy is a measure to which degree an opportunity can fulfill its function.  

Formally, the technical system is represented as a DSM (Eppinger 1991) in which the functions are 
structured in the rows and mirrored in the columns. Reading through a row shows the dependencies of a 
function if it is implemented. A 1 indicates that the focal function depends on the respective column 
function, whereas a 0 indicates independence. Figure 2 shows an example containing a maximum of 10 
functions. Functions 3, 6, and 7 are implemented (the seven others, filled with “.”, are not implemented). 
Function 3 is implemented by an opportunity that requires function 7. Function 6 is implemented by an 
opportunity that requires no other functions. Function 7 is implemented by an opportunity that requires 
function 6.  

Each opportunity can perform exactly one function and has a certain efficacy. To work, the function may 
or may not depend on other functions. Formally, each opportunity consists of (1) a function, (2) an 
efficacy, and (3) a dependence structure: 

(1) The opportunity’s function is represented by an integer number. Given that there are 100 different 
functions, each opportunity has a number of 1,..,100 representing its function. The number indicating the 
function determines the row of the DSM into which the opportunity can fit. (Please note that for an easier 
illustration the example in Figure 2 contains only 10 possible functions.) 

(2) An integer number represents the opportunity’s efficacy (0,..,100). The efficacy is the degree to which 
the opportunity performs the function (see right column in Figure 2).  
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(3) A vector represents the opportunity’s dependence structure, i.e. the information regarding which 
functions the focal opportunity requires. The vector is as long as there are possible functions. (Given that 
there are 100 different functions, the vector consists of 100 elements, each element [0,1] indicating 
whether the focal opportunity is (in)dependent of the function.) When an opportunity is implemented, the 
vector representing the dependence structure is written as a row into the DSM (see Figure 2). 

 

Figure 2. Example of a Technical System Represented as a DSM 

The Process of Cumulative Development 

Each simulation run starts with an empty technical system, i.e. no opportunities are implemented. In each 
time step, a set of opportunities is randomly generated; these opportunities are available for 
implementation. The organization selects opportunities from this set and implements them free of error. 
In this way, the organization can extend and improve the technical system over time. An extension 
happens when the organization implements new opportunities that perform functions that were 
previously not implemented. An improvement occurs when the organization replaces already 
implemented functions with more efficacious opportunities.  

Model Parameters 

The model consists of several parameters (or variables) that represent the dimensions of complexity 
(opportunity dependence and number of available opportunities) and the opportunity selection 
mechanisms. All parameters are exogenously determined and constant, i.e. they keep the same setting 
throughout a simulation run.  

I formalize opportunity dependence as the probability that an opportunity depends on a specific function. 
For example, if opportunity dependence is set to 0.1, the opportunity’s dependence structure consists to 
approximately 10% of 1s and 90% of 0s.  

The number of available opportunities is the quantity of opportunities generated in each time step and 
made available to the organization. So, if the number of available opportunities is 50, in each time step, 50 
new opportunities are generated. Every opportunity has a random function, random efficacy, and – 
subject to opportunity dependence – a random dependence structure. The set of available opportunities is 
recreated in each time step. This assumption avoids possible path dependencies.  

The number of functions is the quantity of different functions that a technical system can contain. It 
determines the number of rows and columns of the square matrix. For instance, in Figure 2, the number 
of functions is 10. In all simulations, this parameter is set to 100.   

At the core of the model are the two opportunity selection mechanisms. The model assumes that both 
mechanisms implement only opportunities that are supported by the current technical system, i.e. all 
functions required by an opportunity must be maintained at the time of its implementation. The exact 
efficacy value of the maintaining functions is not of importance, it is sufficient that the function is present 
(i.e., the efficacy > 0).  

1 2 3 4 5 6 7 8 9 10 efficacy
1 . . . . . . . . . . .
2 . . . . . . . . . . .
3 0 0 1 0 0 0 1 0 0 0 80
4 . . . . . . . . . . .
5 . . . . . . . . . . .
6 0 0 0 0 0 1 0 0 0 0 55
7 0 0 0 0 0 1 1 0 0 0 20
8 . . . . . . . . . . .
9 . . . . . . . . . . .
10 . . . . . . . . . . .
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Formally, the mechanisms are represented by a pair of parameter p (representing cooperation) and 
parameter r (representing coordination), pcentralized < pdecentralized and rcentralized > rdecentralized. The parameter p 
is the maximum number of opportunities that can be implemented at a time. P does not limit 
implementations of opportunities to make required functions available. This number is inherently 
bounded by the number of available opportunities: the organization cannot implement more 
opportunities than are available. I refer to its maximum setting as p = ∞ (unbounded). The parameter r is 
the extent of predictive knowledge that the organization can produce. It is formalized as the share of the 
set of available opportunities that the organization can search for required opportunities: r = 1 allows to 
search in the entire set of available opportunities, r = 0 completely disables predictive knowledge. The 
following describes the two mechanisms in the most extreme settings, i.e. the most stylized forms of 
decentralized and centralized opportunity selection: pdecentralized = ∞, rdecentralized = 0, pcentralized = 1, rcentralized 
= 1. These setting are used for the baseline setting of the model.  

Centralized opportunity selection chooses one opportunity from the set of available opportunities for 
implementation (p = 1), and then seeks to set out all required functions in the complete set of available 
opportunities (r = 1). The intuition of this mechanism is that the workforce can be instructed by a central 
authority that knows all available opportunities and their dependencies (Rivkin and Siggelkow 2003). 
Opportunities can be implemented only if all required functions are available, which is the case if the 
functions are already part of the technical system or are provided by other available opportunities. Thus, 
the task solvers can trust the availability of all functions required for their opportunities, i.e. they have 
predictive knowledge (Puranam et al. 2012). Specifically, I formalize centralized opportunity selection as 
follows. The organization selects the one opportunity (p = 1) with the highest marginal efficacy (the 
opportunity that adds the most efficacy to the technical system) from the set of available opportunities. If 
not all required functions of this opportunity are implemented in the technical system, the organization 
checks whether any opportunities in the set of available opportunities can provide the missing functions 
(r = 1). If this is the case, the organization implements the selected opportunity and all required 
opportunities. The model assumes that the organization can scale up to implement the required 
opportunities. If there are multiple opportunities available for the same function, the organization selects 
the most efficacious among them. If the opportunities that are required to implement the most efficacious 
opportunity require further functions that are not implemented, the organization again searches in the 
full set of available opportunities (r = 1). Again, if these opportunities require functions that are not 
maintained by the technical system, the search is repeated. The implementation only occurs if all required 
functions are available. If not all required opportunities are available, the organization seeks to implement 
the opportunity with the second highest marginal efficacy in the set of available opportunities. This 
process is repeated until the organization implements an opportunity and its required opportunities or it 
runs out of available opportunities.  

By contrast, the mechanism that represents decentralized opportunity selection implements all 
opportunities that add marginal value to the technical system (i.e., the technical system has more value 
with the opportunity than without it) as long as the technical system provides the functions required by 
the opportunities (p = ∞). The intuition of this mechanism is that the task solvers are numerous, and their 
motivation depends on immediate utility of the technical system. They only implement opportunities that 
increase the technical system’s performance, which is only the case when all preconditions are fulfilled – 
i.e. all functions required by the focal opportunity must already be implemented in the technical system. 
The task solvers cannot rely on the possibility that the required functions will be implemented later, 
because they lack predictive knowledge (Howison and Crowston 2014; Puranam et al. 2012). Specifically, 
decentralized opportunity selection are formalized as follows. The organization searches the set of 
available opportunities and selects all opportunities that require only functions that are already 
implemented (p = ∞, r = 0). These opportunities are then implemented. If multiple opportunities for the 
same functions are available, the opportunity with the highest efficacy is implemented. If an opportunity’s 
function is already maintained by the technical system, the new opportunity must have a higher efficacy 
than that of the implemented function.  

Findings 

I take the response measures at the point in time when the technical system has reached 80% 
completeness, i.e. 80% of all possible functions have been implemented. The simulation runs are cut off 
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after 300 time steps. Results are the averages of 5 repeated simulation runs for each condition. I measure 
two indicators of mechanism performance: (1) effectiveness (the number of time steps needed to reach 
80% completeness of the system architecture), and two indicators of the technical system architecture: (2) 
direct coupling costs (the ratio of direct dependencies, i.e. the density of the DSM representing the 
technical system), and (3) propagation costs (considers the indirect dependencies in addition to the direct 
dependencies).  

Effectiveness of Mechanisms  

Figure 3 shows the effectiveness of both mechanisms depending on opportunity dependence and number 
of available opportunities. As proxy for effectiveness, I count the time steps needed to reach 80% 
completeness of the technical system. The sooner this degree of completeness is achieved, the more 
effective the opportunity selection mechanism to be considered.  

 

Figure 3. Time to Reach 80% Completeness (Effectiveness) for Centralized (blue, x) and Decentralized 
(green, ○) Opportunity Selection, Depending on Opportunity Dependence and the Number of Available 

Opportunities 

The two mechanisms differ in their effectiveness relative to each other when complexity conditions 
change. Centralized opportunity selection is more effective than decentralized opportunity selection under 
the condition of high opportunity dependence, but it requires many available opportunities. Although 
both mechanisms benefit from more available opportunities, centralized opportunity selection can more 
effectively utilize the number of opportunities. For example, at opportunity dependence of 0.04, both 
mechanisms are ineffective if 50 or fewer opportunities are available (i.e., neither mechanism can achieve 
80% completeness during the 300 time steps) (Figure 3a–d). If 100 opportunities are available, 
decentralization (but not centralization) shows low effectiveness (Figure 3e). Increasing the number of 
available opportunities further increases the effectiveness of both mechanisms. However, this increase 
affects centralized opportunity selection more strongly than decentralized opportunity selection with the 
former overtaking the latter (Figure 3f–h). Thus, the centralized opportunity selection mechanism 
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benefits more from an increase in the number of available opportunities. In contrast, decentralized 
selection is more effective than centralization in the condition of low opportunity dependence, regardless 
of how many opportunities are available (Figure 3a–i). However, the relative advantage of decentralized 
selection shrinks with an increase in the number of available opportunities. 

Proposition 1a: When opportunity dependence is high and the number of available opportunities is 
high, centralized opportunity selection (compared to decentralized opportunity selection) is more 
effective in producing technical systems. 

Proposition 1b: When opportunity dependence is high and the number of available opportunities is low, 
decentralized opportunity selection (compared to centralized opportunity selection) is more effective in 
producing technical systems. 

Proposition 1c: When opportunity dependence is low, decentralized opportunity selection (compared to 
centralized opportunity selection) is more effective in producing technical systems. This advantage of 
decentralized opportunity selection becomes smaller when the number of available opportunities 
increases. 

Direct Coupling Costs of System Architecture 

Figure 4 shows the direct coupling costs when 80% completion is achieved. Direct coupling is a measure 
of direct relationships. Specifically, it is the number of dependencies relative to the possible dependencies, 
i.e. the density of DSM representing the technical system.  

Under both selection mechanisms, opportunity dependence increases direct coupling. This is to be 
expected. Direct coupling closely reflects the formalization of opportunity dependence as the probability 
of a direct link existing between two opportunities. However, direct coupling of the system architecture 
differs under the two selection mechanisms. Centralized opportunity selection produces a linear 
relationship between opportunity dependence and direct coupling. The number of available opportunities 
slightly shifts this relationship towards more direct coupling. In contrast, decentralized opportunity 
selection produces a progressive relationship between opportunity dependence and direct coupling. The 
number of available opportunities shifts this relationship towards less coupling. When opportunity 
dependence and the number of available opportunities are low, both mechanisms are virtually indifferent. 
Only at higher opportunity dependence levels does a small advantage of the centralized opportunity 
selection mechanism emerge (Figure 4b–d). Increasing the number of available opportunities leads to a 
bifurcation (Figure 4e–i): At higher opportunity dependence levels, centralization produces less direct 
coupling costs; at lower opportunity dependence levels, decentralization produces lower direct coupling 
costs. 

Proposition 2a: When opportunity dependence is low and the number of available opportunities is 
high, decentralized opportunity selection (compared to centralized opportunity selection) produces 
system architectures with lower direct coupling costs.  

Proposition 2b: When opportunity dependence is high and the number of available opportunities is 
high, centralized opportunity selection (compared to decentralized opportunity selection) produces 
system architectures with lower direct coupling costs.  

Proposition 2c: When opportunity dependence is high and the number of available opportunities is 
low, centralized opportunity selection (compared to decentralized opportunity selection) produces system 
architectures with (slightly) lower direct coupling costs.  

Propagation Costs of System Architecture 

Figure 5 shows the propagation costs of the system architecture when 80% completion is achieved. 
Propagation costs are a measure of indirect relationships (in addition to the direct relationships); they 
especially capture the “hidden” costs of system changes (MacCormack et al. 2006).   

Under both opportunity selection mechanisms, opportunity dependence raises propagation costs. The 
number of available opportunities has no direct influence, but interacts with opportunity dependence 
under centralized opportunity selection. Comparing the mechanisms with each other shows that their 
relative advantage changes with opportunity dependence and the number of available opportunities. In 
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case of only a few opportunities being available, opportunity dependence increases the propagation costs 
more strongly under decentralized opportunity selection than under centralized opportunity selection. In 
contrast, increasing the number of available opportunities affects the performance of centralized 
opportunity selection more than decentralized opportunity selection. For high numbers of available 
opportunities, propagation costs under centralized opportunity selection exceed those of decentralized 
opportunity selection (Figure 5g–i).  

Proposition 3a: When opportunity dependence is high and the number of available opportunities is 
high, decentralized opportunity selection (compared to centralized opportunity selection) produces 
system architectures with lower propagation costs. 

Proposition 3b: When opportunity dependence is high and the number of available opportunities is 
low, centralized opportunity selection (compared to decentralized opportunity selection) produces system 
architectures with lower propagation costs. 

 

Figure 4. Direct Coupling (at 80% Completion) for Centralized (blue, x) and Decentralized (green, ○) 
Opportunity Selection, Depending on Opportunity Dependence and the Number of Available 

Opportunities 

Discussion and Conclusion 

In the following, I discuss the findings in the light of the exiting literature. For discussing the findings on 
the mechanisms’ performance (P1*), I use the literature on the governance of distributed and open 
innovation systems such as crowds and online communities (Afuah and Tucci 2012; Felin and Zenger 
2014; Malhotra et al. 2017; Yoo et al. 2012). For discussing the findings on the mechanisms’ influence on 
the technical system architecture (P2* and P3*), I use the literature on technical system architectures 
(Baldwin and Clark 2006; Baldwin et al. 2014; Colfer and Baldwin 2016). Figure 6 summarizes the 
propositions derived from the model. 
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 I discuss the findings in the light of literature on the governance of distributed and open innovation 
systems such as crowds and online communities (Afuah and Tucci 2012; Felin and Zenger 2014; Malhotra 
et al. 2017; Yoo et al. 2012). The results regarding opportunity dependence generally are consistent with 
prior knowledge on the governance of distributed and self-managing organizations. The literature 
emphasizes the condition of low interdependence of opportunities (Felin and Zenger 2014; Lakhani and 
Panetta 2007). Concurrent with this, the model shows decentralized opportunity selection forfeits 
effectiveness with increasing opportunity dependence (see Figure 3).  

 

Figure 5. Propagation Costs (at 80% Completion) for Centralized (blue, x) and Decentralized (green, ○) 
Opportunity Selection, Depending on Opportunity Dependence and the Number of Available 

Opportunities 

Beyond the existing literature, the model takes the number of available opportunities into account. The 
number of opportunities is not only a relevant boundary condition on its own, it also interacts with 
opportunity dependence. Considering the number of opportunities leads to two notable specifications to 
the negative relationship between self-managing organizations and opportunity interdependence. First, as 
already mentioned, the model does not dispute this negative relationship; however, it surprisingly shows, 
by comparing the two mechanisms, that decentralized opportunity selection is more effective relative to 
centralized opportunity selection under high opportunity dependence and if only few opportunities are 
available (see Figure 6, P1b). Second, an increase in the number of available opportunities benefits both 
mechanisms, but centralized opportunity selection to a larger extent than decentralized opportunity 
selection (see Figure 3), which leads to superiority of centralized opportunity selection (see Figure 6, P1a). 
This is surprising and may appear counter-intuitive because the self-managing organizations rather than 
the traditional organizations are associated with creativity resulting in large numbers of opportunities 
(Faraj et al. 2011; Keum and See 2017). However, the observation makes sense when looking at the 
development of increasingly open firms that do not adopt self-managing principles inside the 
organization (Appleyard and Chesbrough 2017). They rather use self-managed organizations, such as 
crowds, as add-ons (Afuah and Tucci 2012; Boudreau et al. 2011), but not alter their own organizational 
design. This shows the complementary advantage of centralization and large number of opportunities.  
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Figure 6. Overview of Propositions (c = Centralized Opportunity Selection, d = 
Centralized Opportunity Selection) (Note: There is no absolute but a relative 

understanding of “low” and “high” opportunity dependence; areas without any 
performance are ignored and this depends on the number of available opportunities.) 

By focusing on decentralized opportunity selection, this complementary relationship between 
centralization and the number of opportunities receives even more significance. The results show that 
decentralized opportunity selection is unable to fully utilize the number of available opportunities. Thus 
decentralized opportunity selection is no substitute to make use of many opportunities if opportunity 
dependence is high. 

I align the findings with the systems architecture literature, especially the mirroring between the 
organizational structure and the organizational outcome (Baldwin and Clark 2006; Baldwin et al. 2014; 
Colfer and Baldwin 2016). This literature maintains that sparse organizational structures, such as self-
managing organizations, produce sparse technical system architectures, whereas hierarchical 
organizations produce hierarchical technical system architectures. For example, open source software 
development, which is based on self-organizing principles (Howison and Crowston 2014; Ljungberg 
2000), produces software with lower coupling and propagation costs than proprietary software 
development with its traditional, more centralized organizational structure (MacCormack et al. 2012).  

The model challenges these findings by suggesting that this relationship is not universally true. I found 
that decentralized opportunity selection (compared to centralized opportunity selection) can produce 
inferior architectures (i.e., having higher direct coupling or propagation costs). This is the case for direct 
coupling when opportunity dependence is high (see Figure 6, P2b and P2c) and for propagation costs 
when the number of available opportunities is low and the opportunity dependence is high (P3b). Overall, 
neither of the mechanisms is unconditionally advantageous in any of the architectural criteria of direct 
coupling or propagation cost.  

Contribution to Theory 

By providing a comparative analysis of self-managing organizations and traditional organizations, this 
paper responds to earlier calls demanding an incremental development of organizational theory instead of 
a fundamental re-theorizing for explaining self-managing organizations (Burton et al. 2017). Too much 
euphoria about the phenomenon of self-managing organizations can make us blind for the value of 
existing understanding and theory. The comparative analysis allows me to embed the phenomenon of 
self-managing organizations into the established body of theory and therefore it is not necessary to 
discard existing theory. The findings specifically shed light on the boundary conditions of decentralized 
opportunity selection imposed by complexity. Thus, I highlight limitations of the phenomenon of self-
managing organizations (Foss and Klein 2014), which allows us to elaborate on explanations why many 
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companies that are built on a self-managing organization after some time develop a governance system 
(Burton et al. 2017; Foss 2003).  

The main contribution of this paper is to consider the number of available opportunities as a boundary 
condition and a driver for organizational design. In addition to the idea that interdependencies are a 
crucial indicator for governance systems (Felin and Zenger 2014; Nickerson and Zenger 2004), the 
number of available opportunity is critical. The model shows that the interdependence structure between 
components, the number of available opportunities, and – importantly – their interaction, are key to 
predict the optimal organizational mode. More specifically, the findings help to explain the phenomenon 
of governance in open communities (Felin and Zenger 2014; Johnson et al. 2015; O’Mahony and Ferraro 
2007). The model delineates when governance is required to coordinate activities of task solvers and 
when a community is viable without governance (Felin and Zenger 2014). The model results indicate that 
governance beyond self-management is required when opportunity interdependence is high. However, 
the number of available opportunities alleviates the problem and extends the viability of organizational 
forms without governance. This can explain why many online communities develop their own governance 
or leadership structures (Lee and Cole 2003; O’Mahony and Ferraro 2007). Overall, the results limit the 
scope of the often praised self-managing organizations (Bolici et al. 2016; Kolind 2015). 

The paper also contributes to the literature on system architectures that relates organizational structures 
to the structures of organizational outcomes (Colfer and Baldwin 2016; Henderson and Clark 1990), 
specifically the work related to software development as context (Baldwin and Clark 2006; Baldwin et al. 
2014; MacCormack et al. 2006, 2012). The model directly compares software systems that are developed 
under different organizational conditions, either closely related to proprietary software development or to 
open source software development. This overcomes a limitation in the empirical literature, which has yet 
to come up with a natural experiment that controls for the software development mode (MacCormack et 
al. 2012). The results replicate earlier empirical findings and extend these insights by outlining boundary 
conditions. Prior literature associates denser and more clumsy system architectures with traditional 
production modes, while sparser architectures, which are less costly to modify and maintain, relate to 
open source development (MacCormack et al. 2006, 2012). The paper also outlines the boundary 
conditions of this pattern based on the dimensions of opportunity dependence and the number of 
available opportunities. 

Practical Implications 

The paper provides several implications for practitioners. First, the model shows that opportunity 
selection differs in its effectiveness and in its influence on the characteristics of the system architecture. 
Thereby, neither centralized nor decentralized opportunity selection is unconditionally superior. 
Organizational designers need to consider not only the complexity (dependencies and number of 
opportunities) but also which dimension they want to optimize. Whereas the measure of effectiveness is 
an indicator for the system development costs, the architectural characteristics (direct coupling and 
propagation costs) reflect maintenance costs. Organizational designers need to alter the degree 
centralization of opportunity selection depending on whether they want to reduce development or 
maintenance costs. Second, managers who are responsible for opportunity selection are challenged to 
come up with coordination mechanisms that allow task solvers to work as autonomous as they can but 
create a certain degree of predictive knowledge at the same time. There might be a middle ground or a 
sweet spot between centralization and decentralization. This point applies especially for managers of open 
source software communities.  

Limitations and Future Research 

The model is limited by several assumptions. I created stylized conditions by taking the most extreme 
settings for the opportunity selection mechanisms. In order to criticize self-managing organizations, I 
attempted to model this organizational form’s opportunity selection mechanism as a “steelman” (in 
contrast to a strawman), providing it with a maximum of motivation (p = ∞) and limiting only its ability 
concerning coordination. I also abstracted from the problem of redundant task solving of the same 
opportunities by multiple task solvers. Though strengthening decentralized opportunity selection 
increases credibility for critiquing this mechanism and self-managing organizations, it limits claims about 
their superiority, which I avoid for that reason.  



 Decentralized vs Centralized Opportunity Selection 
  

 Thirty Ninth International Conference on Information Systems, San Francisco 2018 15 

The model ignores that alternative coordination mechanisms can also create predictive knowledge. As 
long as task solvers can trust in each other’s commitments to solve specific opportunities,  

Another assumption of the model is perfect scalability. The model is agnostic about the organization’s 
resources and does not restrict the number of opportunities that can be implemented. This number is only 
indirectly constrained by the outside conditions (number of available opportunities and opportunity 
dependence). Though the assumption of perfect scalability applies for both mechanisms, it could be 
argued that it benefits the mechanisms to different degrees. Because any resource restriction in the model 
would require further assumptions, I aligned the output measures. Instead of taking a certain number of 
periods (as simulation studies usually do) and then comparing the mechanisms’ results, the simulations 
lasted until a certain outcome has been reached (completeness of 80% of the system architecture). Thus, 
only the measure of effectiveness, which counts the periods needed to reach the outcome, is affected by 
the assumption of perfect scalability. Other measures (the efficiency and the system architecture 
characteristics) are unaffected by the assumption.  

Future research should apply the perspective of cumulative development of technical systems to research 
on idea selection (Berg 2016; Piezunka and Dahlander 2015). For example, a consistent finding in the 
empirical literature on idea selection is an evaluation bias against novel ideas, which are often under-
estimated compared to less novel ideas (Berg 2016; Boudreau et al. 2016). This bias might be explained by 
complexity. The more novel an idea, the more prone it is to depend on functions that are not yet available. 
This diminishes their value and clarifies why they tend to be underrated. Researching this and related 
aspects may provide a fruitful avenue for future investigation in which the cumulative development 
perspective can be helpful.  
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