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Abstract
In recent times, organizations have increasingly adopted structures in which decision
making is distributed rather than centralized. This approach often leads to task allo-
cation emerging from the bottom up, moving away from strict top-down control. This
shift raises a key question: How can we guide this emergent task allocation to form
an effective organizational structure? To address this question, this paper introduces a
model of an organization where task assignment is influenced by agents acting based
on either long-term or short-term motivations, facilitating a bottom-up approach. The
model incorporates an incentive mechanism designed to steer the emergent task allo-
cation process, offering rewards that range from group-based to individual-focused.
The analysis reveals that when task allocation is driven by short-term objectives and
aligned with specific incentive systems, it leads to improved organizational perfor-
mance compared to traditional, top-down organizational designs. Furthermore, the
findings suggest that the presence of group-based rewards reduces the necessity of
mirroring, i.e., for a precise matching of to the organizational structure to task char-
acteristics.

Keywords Organizational design · Mirroring hypothesis · Modularity · Adaptive task
allocation · Agent-based modelling and simulation

1 Introduction

The study of how organizations are structured has a rich history that goes back to
early examinations of bureaucracies and organizations with multiple divisions (Chan-
dler 1969). Following this, the concept of contingency theory evolved, suggesting
that organizations should be designed differently depending on various external and
internal factors, highlighting the need for a well-aligned internal structure (Miller
et al. 1984). Research in this field has covered many aspects of organizational design,
including goals, technology, people, the social setup, and how the organization inter-
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acts with its environment (Scott 1998). For example, Baligh et al. (1996) differentiate
between factors like technology, strategy, and the environment (contingency factors)
and the elements of organizational design itself, which include the structure of the
organization and features like its complexity, rules, and procedures.

Recently, studies on organizational structure have looked into “modern” ways of
organizing. This includes new organizational types like holacracies (Robertson 2015),
self-managing organizations (Lee and Edmondson 2017), and organizations without
traditional bosses (Puranam and Håkonsson 2015; Burton et al. 2017). These mod-
els often feature decentralized decision making. This often also includes who does
what tasks, which poses a challenge for traditional top-down design approaches. As
a result, finding new ways to manage how tasks are assigned becomes crucial for an
organization to function effectively. Recent research is concerned with these issues.
For example, Blanco-Fernández et al. (2023a) recently analyzed how group structures
emerge within organizations when they form autonomously. Borenich et al. (2020)
are concerned with cost estimations in the automotive industry; they emphasize that
these processes are currently often decentralized in practice and they study how to effi-
ciently coordinate such decentralized approaches. Leitner and Behrens (2015) focus
on decentralized decision making authority over capital allocation and whether or not
coordination mechanisms are robust to prediction errors.

Good et al. (2019) reviewed the discussions around what makes up organizational
design and found that many studies overlap in identifying these components. They
argue that several key elements are widely recognized as critical. At the heart of these
elements is the organizational goal, which is about setting clear objectives. From
there, they outline three more design elements: (i) The tasks the organization must
do to reach its goal, (ii) the supporting framework that makes it possible to do these
tasks, and (iii) the people in the organization and how they act, including incentives
to encourage certain behaviors and the organization’s culture. This paper extends the
work in Leitner (2023) and zeroes in on the issue of how to control decentralized
authority over task allocation, especially focusing on (ii) the structure that deals with
dividing work among people in the organization, and (iii) incentive systems to direct
how people act. It considers the (i) tasks needed to achieve the organization’s goals as
given, meaning these tasks are set and the organization does not plan to change what
it does. However, it does take into account that these tasks can vary in complexity.

Guiding autonomous task allocation toward efficiency poses a complex managerial
challenge due to various factors. Organizations must contend with interdependent
tasks and potential conflicts of interest between decentralized decision-makers and
organizational management. This paper aims to provide support to organizational
management in addressing these challenges. More specifically, the research presented
here aims to deepen the understanding of how organizational design can emerge from
the groundupby examining howemergent task allocation, incentives, and performance
are interconnected. The following questions are in the focus of this paper:

(1) In what ways do the interactions between emergent task allocation and incentive
mechanisms affect organizational performance?

(2) How modular is the structure that develops from a bottom-up approach, and what
impact does this have on organizational performance?
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(3) What is the effect of task complexity on the outcomes related to the dynamics
between emergent task allocation, incentive mechanisms, and modularity?

To investigate these questions, an agent-based model is introduced. The model sim-
ulates how tasks are assigned within an organization, incorporating different incentive
systems to shape agent behavior. Agent-based modeling and simulation have been
effective for examining organizational dynamics, especially in areas like organiza-
tional design (Blanco-Fernández et al. 2023a, b, 2024; Leitner and Behrens 2015),
consumer behavior (Sonderegger-Wakolbinger and Stummer 2015; Ghanem et al.
2022), finance (Czupryna2022;Mastroeni et al. 2023), innovationmanagement (Stum-
mer and Kiesling 2021; Haurand and Stummer 2018), and procurement and supply
chain management (Strmenik et al. 2021; Colon et al. 2021). This approach has gained
attention for its ability to offer a controlled environment for experiments, enabling
researchers to tweak parameters and decision making rules. This flexibility facilitates
the collection of extensive data and helps in understanding how various elements
within the model affect outcomes. Therefore, this paper bridges operations research
and business administration, demonstrating how agent-based modeling and simula-
tion, a technique originating from operations research, can address pressing issues in
business administration. The analysis presented in this paper reveals that emergent task
allocation, driven by short-term behavior on the decision maker’s side and matched
with fitting incentive systems, enhances organizational performance, surpassing that of
traditionally designed organizations. Furthermore, it is observed that specific incentive
systems can diminish the need for a direct reflection of a task’s technical characteristics
(in terms of interdependencies) in the organizational structure.

The structure of this paper is as follows: In Sec. 2, the concept of mirroring in
task allocation is discussed. Section3 introduces the agent-based model, detailing the
simulation setup and data analysis. The results of the simulation are presented and
discussed in Sec. 4. Finally, a summary and conclusion are provided in Sec. 5.

2 Themirroring hypothesis in organizational design

Research in the field of organizational design frequently endorses the “mirroring
hypothesis,” which asserts that the formal structure of an organization, particularly in
terms of task allocation, should mirror the technical characteristics (in particular the
interdependencies) of the tasks it undertakes (Sanchez andMahoney 1996; Colfer and
Baldwin 2016). In alignment with this hypothesis, it is suggested that organizations
might benefit from adopting a modular structure that aims to minimize dependencies
among modules (Lawrence and Lorsch 1967). This hypothesis is rooted in the theory
of complex systems (Simon 1991), characterized by amultitude of components engag-
ing in often nonlinear interactions (Langlois 2002). The concept of modularity, which
involves decomposing a system into interconnected modules with distinct interfaces
(Ulrich 1995), emerges as a strategic means to navigate complexity. This principle of
modularity is extendable to the domain of organizational design (Agrež and Damij
2015). In particular, organizations can be represented as a system ofmany departments
that interact. In this context, the modularity of such a system is a continuum from com-

123



S. Leitner

plete autonomy of modules to full integration (Chen 2017). Organizational archetypes
that are placed on the rather autonomous end of the continuum are characterized by
independent units, such as is the case in divisional structure. In contrast, functional
structures can be found at the other end of the continuum (Hax and Majluf 1981).

For the domain of product design, Ulrich (1995) offers a more fine-grained defini-
tion of modular design that encompasses modularity at both the functional component
level and the interfaces between modules (see also, Sanchez and Mahoney 1996;
Sanchez et al. 2013). Peng and Jifeng (2018) differentiate between two degrees of
modularity: component modularity (the self-sufficiency of a module within a complex
system) and product modularity (the overall system’s modularity). They argue that
a system cannot be regarded to be modular if any interdependencies exist among its
modules, regardless of the high degree of independence of some modules. Modular
product architecture introduces an information structure that remains confined within
modules. From an organizational design viewpoint, such a structure permits the cre-
ation of organizational units that parallel the product architecture, thereby facilitating
coordination among autonomous units. This model can diminish both the necessity
and costs associated with coordination (Colfer and Baldwin 2016), suggesting mod-
ularity as an advantageous organizational design strategy for the long term, assuming
the underlying product or task features do not undergo significant changes. More-
over, Dawid et al. (2017) highlight that modular techniques enable the realization of
economies of scale, thus maximizing investment returns, which could also be trans-
ferred to the realm of organization design.

Past studies have corroborated the mirroring hypothesis across various sectors. For
instance, Cabigiosu and Camuffo (2012) observed a positive link between the align-
ment of product and organizational structures in the air-conditioning sector. Tee et al.
(2019) demonstrated that while modularization could help overcome coordination
challenges, it might hinder collaborative efforts in project environments. Wei et al.
(2021) explored the application of mirroring in Chinese corporations, pinpointing the
limitations and performance implications of diverse organizational models. Alochet
et al. (2022) and Chen et al. (2019) presented evidence of partial mirroring (“mist-
ing”) in firms engaged in electric vehicle production. Additionally, misting has been
endorsed as a viable approachwithin sectors experiencing shifts in product architecture
(Kosaka 2021; Burton et al. 2020).

Conversely, themirroring hypothesis does not always find support. Colfer andBald-
win (2016), after reviewing 142 empirical studies, found that while 70% of descriptive
analyses supported the hypothesis, 22% offered limited support, and 8% refuted it.
Their analysis of normative studies concluded that partial mirroring holds advantages
in fields characterized by evolving technologies. Yet, 56% of studies focusing on col-
laborative projects found evidence contrary to the mirroring hypothesis. Colfer and
Baldwin (2016) posited that emerging coordination mechanisms enabled by tech-
nological advancements might account for these findings. Similarly, Sanchez and
Mahoney (2013) suggest that discrepancies in adopting themirroring hypothesis could
be attributed to factors such as cognitive, risk and capability issues, along with com-
mitment and discipline concerns.
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3 The agent-basedmodel

3.1 Model overview

The main aim of this paper is to study organizations with bottom-up allocation of
decision making tasks (e.g., operational or procurement decisions) and to analyze
the effects of the incentive mechanism in place in the organization as well as task
complexity on performance. The notion of decision making tasks is broad, extending
its relevance to various fields, including social dynamics and team resilience (Massari
et al. 2023), healthcare (Kapun et al. 2023), as well as product development processes
(Ma and Nakamori 2005).1

The model considers agents who represent organizational departments comprised
of human decision makers, and together, the agents represent an organization with
decentralized decision making. The model facilitates coordination among these deci-
sion making entities exclusively through an incentive-based mechanism. Drawing
from organizational information processing theory, it posits that due to physical limi-
tations, direct communication is impractically expensive (Marschak andRadner 1972).
Despite these constraints, themodel assumes that agents are inclined to act in their self-
interest, which is why coordination is required to assure coordinated actions across
departments, and coordination through incentives is a feasible option to do so (Fischer
and Huddart 2008).

The agents are characterized by constraints like constrained time and cognitive
abilities, which hinder their capacity to individually address complex decision making
problems. Consequently, they collaborate as a group to collectively approach the prob-
lem they face. These agents possess complete autonomy in determining the allocation
of tasks, allowing them to make independent decisions on task allocation and to adjust
this allocation over time. While they recognize that there might be interdependencies
among decision making tasks, their understanding of the precise nature of these inter-
dependencies is incomplete. Nonetheless, they are capable of gradually acquiring the
information needed to fill in these gaps over time. The model differentiates between
two kinds of agents: those who prioritize immediate gains, making decisions based on
short-term utilitymaximizationwithout regard for future consequences, and thosewho
take into account the long-term implications of their actions during task allocation.
The latter group of agents strives to reduce the interdependencies among sub-tasks
distributed across different agents while enhancing the interdependencies within their
assigned responsibilities, aligning with the mirroring hypothesis. It is anticipated that
focusing on optimizing these interdependencies will yield advantages over time.

Figure1 gives information on the model structure and sequence of events during
the simulations. In the first step, the performance landscape (Sect. 3.2) and agents are
initialized and the initial task decomposition is performed, i.e., the tasks are allocated
to organizational departments, meaning that the departments’ areas of responsibility
are defined (Sect. 3.3). After the initialization, agents begin a hill-climbing search
for ways to solve the tasks assigned to them (Sect. 3.4). This means, for example,

1 Throughout this paper, the terms “task” and “decision” are synonymously used to denote decision making
activities.
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Fig. 1 Model architecture and sequence of events

that departments make operative decisions within their areas of responsibility, such as
procurement decisions or decisions about marketing activities. In addition, the agents
learn about the complexity of the task (Sect. 3.5). In particular, agents observe the
consequences of their actions, and from their observations, they deduce the existence
of interdependencies between tasks. Every τ ∈ N periods, agents are given the possi-
bility to autonomously adapt the current task allocation using a signalling mechanism
(Sect. 3.6). The model keeps track of the overall task performance and the task allo-
cation resulting from the re-allocation process for t ∈ {1, . . . , T } ⊂ N periods. The
simulation model is implemented in Matlab® R2022a.

3.2 Task environment

The conceptual framework for a stylized organization is based on the NK -model,
which is widely used for examining organizational dynamics (Levinthal and March
1993; Wall and Leitner 2021; Blanco-Fernández et al. 2023a). The model depicts an
organization as comprising M ∈ N agents, and the organization is confronted with
a multifaceted decision-making problem. Let us denote the decision problem by the
N -dimensional vector

d = (d1, . . . , dN ) , (1)
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where dn ∈ {0, 1} for n ∈ {1, . . . , N }.2 The number of solutions to the overall problem
is 2N and each solution is an N -digit bit-string. There are at most K ≤ N − 1
interdependencies between the decisions dn , which means that the contribution of a
decision dn to the task performance is affected by at most K other decisions. This
relationship can be formalized in the payoff function

cn = f
(
dn, di1 , . . . , diK

)
, (2)

where {i1, . . . , iK } ⊆ {1, . . . , n − 1, n + 1, . . . , N }. The performance contributions
are independently drawn from a uniform distribution, cn ∼ U (0, 1). The overall task
performance for a solution d is the mean of the individual performance contributions
cn :

c(d) = 1

|d|
|d|∑

n=1

cn , (3)

where the function | · | returns the length of a vector.
The creation of performance landscapes is achieved by associating solutions to

the decision problem d with their respective performances, as specified in Eqs. 2 and
3. The complexity of the decision problem is influenced by the interdependencies
between decisions, which is reflected in the ruggedness of the landscapes produced.
As the degree of interdependencies, denoted by K , rises, so does the number of peaks
(and local maxima). For example, if K = 0, the landscape is smooth and the global
maximum is relatively easy to find. In contrast, if K = N − 1, the landscape is
maximally rugged with numerous local maxima, and it becomes more difficult to find
the global optimum.3

3.3 Agents and task decomposition

Agents in the organization have limited capabilities and/or resources, such as lim-
ited cognitive capacities, time, or other resources to solve the entire N -dimensional
decision problem alone. Therefore, they need to collaborate and work together to find
solutions to the decision problem the entire organization faces. Let us denote the max-
imum number of decisions that an agent can handle at a time by Q ∈ N. To prevent
agents from dropping out of the group, every agent must be responsible for at least
one decision at a time. This means that 1 ≤ Q < N .

Agents decompose the decision problem d into M disjoint sub-problems. Let us
denote the decisions in agent m’s area of responsibility at time t by

dmt = [d j1, . . . , d jQ ] , (4)

2 For readability, the notion of t is suppressed in Sect. 3.2.
3 Please note the model presented in this paper assumes that the landscape is fixed throughout the entire
observation period.
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where { j1, . . . , jQ} ⊂ {1, . . . , N } and m ∈ {1, . . . , M} ⊂ N. The complement of dmt

in d is referred to as agent m’s residual decisions in period t :

d−mt = d \ dmt (5)

Initially, tasks are distributed among agents in a sequential and equal manner, ensuring
that at time t = 0, each agent is responsible for an equal share of decisions, specif-
ically, |dm0| = M/N . Throughout the simulation, agents have the option to adjust
the allocation of tasks as outlined in Sect. 3.6. The model incorporates the concept
of hidden action within the decision making process, indicating that while agents are
fully aware of the solutions to their specific sub-tasks dmt , the decisions made by
others—namely, the solutions to the remaining tasks d−mt—become visible only in
the subsequent period t + 1, following their implementation.

Agents gain utility from the solutions implemented for the decision problem, as
detailed in Sect. 3.4. To compensate agents for their contributions, the organization
employs a linear incentive mechanism. This incentive system differentiates between
the performance contribution resulting from the decision made within the agent’s own
area of responsibility and the performance from the remaining decisions. The utility
function for each agent m is defined as follows:

U(dmt ,d−mt ) = a · c (dmt ) + (1 − a) · c (d−mt ) , (6)

where c (dmt ) and c (d−mt ) are agent m’s own and residual performances in period
t , respectively (see Eq. 3). The parameter a = [0, 1] ∈ R

+ is the incentive param-
eter that defines to which extent the two performances contribute to the the agent’s
compensation.

3.4 Sub-model A: Hill climbing search

In periods where t mod τ �= 0, agents can enhance their utility by employing a hill
climbing algorithm. This method involves identifying and executing actions within the
neighbourhood of the last implemented action, dmt−1, that promise to yield greater
utility. The neighbourhood is determined by a Hamming distance of 1. When an agent
discovers a potential action d∗

mt within this neighborhood, it assesses this action in
comparison to the most recently implemented action, also referred to as the status quo.

In this phase, direct communication among agents is not allowed, so agent m must
rely on the other agents’ decisions from the previous period, d−mt−1, when evaluating
a candidate action. The agent makes its decisions about which action dmt to take in
period t according to the following rule:

dmt =
{
dmt−1 if U (dmt−1,d−mt−1) ≥ U (d∗

mt ,d−mt−1) ,

d∗
mt otherwise .

(7)

In the first scenario, the proposed action fails to provide greater utility compared to
the existing condition, leading the agent to maintain dmt−1. Conversely, in the second
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scenario, the proposed action presents an increase in utility, prompting the agent to
adopt it during period t .

The behavior of the entire organization in period t is the combination of the indi-
vidual actions taken by all M agents:

dt = [d1t , . . . ,dMt ] , (8)

and the performance achieved by the organization in that period is c(dt ) (see Eq.3).

3.5 Sub-model B: Learning interdependencies

While agents recognize that decisionsmay be interdependent, they lack precise knowl-
edge of their structure. Instead, agents form beliefs about these interdependencies
through observing the outcomes of their decisions within their designated responsibil-
ities. The instances where agent m has observed or not observed an interdependency
between decisions di and d j up to period t are recorded as α

i j
mt ∈ N and β

i j
mt ∈ N,

respectively. To quantify agent m’s beliefs about the interdependencies between deci-
sions di and d j based on these observations, a Beta distribution is employed:

μ
i j
mt = E(X) = α

i j
mt

α
i j
mt + β

i j
mt

, (9)

where X ∼ B(α
i j
mt , β

i j
mt ).

At the start of the simulation, all observations are set to one, which means that the
initial value of αi j

m0 and β
i j
m0 are equal to one for allm, i , and j such that i and j are not

the same. This results in initial beliefs of 0.5, indicating that agents initially assume
that there is a 50% chance of interdependencies. Then, in every period t mod τ �= 0,
agents perform the search procedure introduced in Sect. 3.4 and also update their
beliefs in line with the following steps:

1. Recall that the action that agent m takes to solve their partial decision problem in
period t is dmt . If the agent decides to flip a decision (i.e., the second case in Eq.7),
this decision is indicated by i , where dit ∈ dmt . After implementing dmt , agent m
observes the performance contributions c jt of all other decisions d jt ∈ dmt within
their area of responsibility, with i �= j .

2. Next, agent m updates the observations for all decisions j �= i in the area of
responsibility as follows:

(
α
i j
mt , β

i j
mt

)
=

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

(
α
i j
mt−1, β

i j
mt−1

)
if dmt = dmt−1,(

α
i j
mt−1 + 1, β i j

mt−1

)
if c jt �= c jt−1 and dmt = d∗

mt ,(
α
i j
mt−1, β

i j
mt−1 + 1

)
if c jt = c jt−1 and dmt = d∗

mt ,

(10)

whereby ∀i : dit ∈ dmt , ∀ j : d jt ∈ dmt , and j �= i . Whenever agent m notices a
variation in the contribution to performance of decision j between period t−1 and
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Fig. 2 Interrelations between sub-models A and B: Learning paths

period t , potentially triggered by altering decision i , the variableα
i j
mt is incremented

by one, as illustrated in the second scenario of Eq. 10. In contrast, if there is no such
change, β

i j
mt is incremented by one, reflecting the scenario depicted in the third

case of Eq. 10. If agent m does not alter any decisions during the current period,
then the observations remain consistent with the previous period, as outlined in
the first scenario of Eq. 10. These learning trajectories are depicted in Fig. 2.

3. Finally, agents recompute their beliefs in period t according to Eq.9.

It is important to understand that agents have visibility only into the performance
contributions within their own areas of responsibility. Should the decision problem
be structured in a way that it includes interdependencies with decisions external to
an agent’s domain, this might lead to unseen external effects on performance con-
tributions that the agent is unable to detect. Consequently, this setup opens the door
to potential learning inaccuracies, as agents might incorrectly infer the presence of
interdependencies based on their observations.

3.6 Sub-model C: Task allocation

At intervals of every τ periods, agents have the opportunity to reassess and rearrange
their task assignments. During these specific periods, agents refrain from modifying
their current actions or gathering data to refine their understanding of task interde-
pendencies. Their attention is solely on the redistribution of tasks. It is important to
recognize that this process of task reallocation has the potential to shift the scope of
the agents’ responsibilities, thereby impacting the tasks that contribute to their utility.

Initially, agent m proposes a decision task from their area of responsibility to other
agents. Let us refer to the decision offered by agent m as im ∈ {1, . . . , N }.4 Fol-
lowing this, all agents, with the exception of the one making the offer, express their
willingness to assume the task by sending indicative signals. In this scenario, agents
have two potential strategies: they may adopt a short-term view, focusing solely on

4 Please be aware that each agent must be responsible for a minimum of one task. Therefore, an agent is
eligible to engage in the task allocation process and propose tasks to other agents only if they are presently
handling two or more tasks.
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immediate performance gains without considering future implications (as outlined in
Sect. 3.6.1), or they may take a long-term perspective, aiming to optimize the internal
interdependencies within their own area of responsibility while reducing dependen-
cies on decisions managed by others (as detailed in Sect. 3.6.2). After collecting all
responses, the task is reassigned to the agent who submitted the highest signal. In
return, the agent who made the initial offer is compensated with an amount equivalent
to the second-highest signal received.

3.6.1 Short-sighted re-allocation: Performance-based approach

Agents adopting this strategy exhibit short-sightedness, concentrating solely on the
immediate benefits of the decisions under their control. They propose decisions that
yield lower performance outcomes to their peers, and express interest in acquiring
tasks by signaling for decisions that they believe will enhance their performance con-
tributions beyond the compensation they must provide to the agent offering the task.
This approach directly impacts their utility in the short term, as their actions are driven
by the pursuit of immediate gains. The task allocation process is organized as follows:

1. Agent m selects the decision im which they are willing to exchange in period t
and informs the other agents r ∈ {1, . . . ,m − 1,m + 1, . . . , M} about the offer.
Selecting the decision im is based on the previous period’s performances. It is
specifically the decision in agent m’s area of responsibility that is associated with
the minimum performance contribution in t − 1:

im ∈ argmin
i ′:dit∈dmt−1

ci ′t−1 . (11)

2. In addition, agent m fixes a threshold pimt for re-allocating this decision in t . The
threshold is the performance contribution of the offered decision, so

pimt = cimt−1 . (12)

The offered decision will only be re-allocated to another agent if the signal sent
by that agent is greater than pimt .

3. Once all agents have selected the tasks they want to offer, they can submit their
signals. However, only agents with available resources can participate in the allo-
cation process. This means that an agent m will proceed to the next step only if
|dmt−1| < Q.

4. If agents have available resources, they will compute their signals for all offers
except their own. The signals p̃rim t submitted by an agent r for a given offered
decision im is the performance contribution that the agent expects from this deci-
sion in period t . However, since the offered decision im falls outside of agent r ’s
area of responsibility, they can only estimate the related performance contribution
using the following formula:

p̃rim t = cimt−1 + ε , (13)

123



S. Leitner

where ε ∼ N (0, σ ) indicates an error term that accounts for the uncertainty in the
estimate.

3.6.2 Long-sighted re-allocation: Interdependence-based approach

When agents adopt this strategy, they look beyond short-term gains to also take into
account principles similar to those suggested by themirroring hypothesis, with the goal
of achieving higher utility over time. This means agents will focus on strengthening
the interdependencies between decisions within their own areas of responsibility. The
process for allocating tasks under this approach is organized in the following manner:

1. Agent m identifies the decision im that is being offered to the other agents in the
current round using the following criteria:

im ∈ argmin
i ′:dit∈dmt−1

⎛

⎜⎜⎜
⎝

1

|dmt−1| − 1

∑

j :d jt∈dmt−1
j �=i ′

μ
i ′ j
mt

⎞

⎟⎟⎟
⎠

(14)

As a reminder, agents want to maximize internal and minimize external interde-
pendencies in this strategy. Equation15 returns the decision that is associated with
the minimum average belief about interdependencies between decision im and the
other decisions in agent m’s area of responsibility.

2. Again, agentm will fix a threshold pimt for re-allocating decision im to other agents
in period t . For simplicity, the average belief about internal interdependencies is
used as the threshold value:

pimt = 1

|dmt−1| − 1

∑

j :d jt∈dmt−1
j �=im

μ
im j
mt (15)

3. Once all agents prepared their offers, they can proceed to compute and send their
signals. However, they will only move on to the next step if they have sufficient
resources, i.e., if |dmt−1| < Q.

4. In period t , agents r ∈ {1, . . . ,m − 1,m + 1, . . . , M} send a signal containing
the average belief about the interdependencies between the offered decision im
and the decisions within their areas of responsibility dr t−1. Agent r ’s signal for
decision im in period t is computed according to:

p̃rim t = 1

|dr t |
∑

j :d jt∈drt
μ
im j
r t (16)

3.6.3 Task allocation

Once all agents have sent their signal, there are exactly M − 1 signals for each offer
im . Recall that agent m offered decision im at a threshold signal of pimt and the other
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agents sent their signals p̃rim t . We can denote the set of signals received for decision
im in period t by the vector Pi t , and we can compute the maximum signal for decision
im in period t by pr∗im t = maxp′∈Pi t (p′). The agent who sends this signal is denoted
by r∗. The tasks are (re-)allocated as follows

1. If the the maximum signal pr∗im t is equal to or exceeds the threshold pimt , the
decision im is re-allocated from agent m to agent r∗ according to

dmt = dim t−1 \ {dimt−1} and (17a)

dr∗t = [
dr∗t−1, dimt−1

]
, (17b)

where \ indicates the complement. If the second highest signal exceeds (does not
exceed) the threshold, agent r∗ gets charged the second highest bid (threshold).

2. If the themaximum signal pr∗im t does not exceed the threshold pim t , agentm remains
responsible for decision im , so

dmt := dmt−1 . (18)

3. Finally, agents do not update their beliefs about interdependencies in periods in
which tasks are re-allocated. Therefore, the observations are the same as in the
previous period, i.e., (αi j

mt , β
i j
mt ) = (α

i j
mt−1, β

i j
mt−1).

Comparison of the two approaches The strategies for making offers and calculating
signals lead to distinct patterns of agent behavior. The strategy based on immediate
performance encourages agents to focus on enhancing their short-term performance
contributions, neglecting the potential long-term repercussions. Agents employing
this approach tend to propose tasks within their domain that contribute the least to
performance, anticipating that the compensation received will exceed the utility they
would derive from executing these tasks themselves. This approach represents short-
sighted utility maximization (Simon 1967).

Conversely, the strategy centered on interdependencies shifts focus away from
immediate gains. It embraces the principles of the mirroring hypothesis by striving
to reduce the interdependencies between the tasks under an agent’s control and those
managed by others (Colfer andBaldwin 2016).Agents adopting this strategy anticipate
that by minimizing these interdependencies, they will achieve a higher degree of
autonomy and, consequently, greater utility over time. Therefore, the selected strategy
significantly influences agents’ actions and their decision making processes.

3.7 Simulation setup and observations

This study examines how four primary factors influence performance and the resulting
distribution of tasks. These factors include:

1. The type of information employed in allocating tasks, specifically focusing on
performance-based and interdependence-based strategies discussed in previous
sections.
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2. The coefficient a within the linear incentive model outlined in Eq. 6, which spans
from collective to individual rewards. This analysis explores a values ranging from
0.05 to 1 in increments of 0.05.

3. The periodicity of reallocating tasks, denoted by τ , with examined intervals of
5, 15, 25, and 35, alongside benchmark scenarios where task allocation is prede-
termined and immutable, represented by τ = ∞.

4. The eight distinct patterns of task interactions depicted inFig. 3,which include con-
figurations with large and small diagonal blocks along the main diagonal (Figs. 3a
and b), mutual interdependencies among these blocks (Figs. 3c and d), and ring-
shaped interdependencies (Figs. 3e and f). Additionally, Figs. 3g and h introduce
random interdependencies into the small diagonal block pattern. Benchmark task
allocations are highlighted, showcasing a linear and symmetrical distribution of
tasks, indicating that agent 1 handles tasks 1 to 3, agent 2 covers tasks 4 to 6, and
so on.

In the simulations, three key variables are tracked: the collective performance, the
pattern of task allocation that emerges, and the count of tasks that are reassigned. The
collective performance of the decision (that is, the sum of all actions by all agents) is
monitored at each period t across simulation runs s ∈ {1, . . . , S} ⊂ N, represented
as dts (Eq. 8). The effectiveness of this collective decision is evaluated using c(dts)
(Eq. 3). To facilitate comparison of performance across different simulation runs, the
performance c(dts) is normalized against the highest possible performance achievable
within that landscape, denoted as c(d∗

s ), applying the following formula:

c̃(dts) = c(dts)
c(d∗

s )
. (19)

In every period, observations extend beyond performance to include how tasks are
distributed among agents. Specifically, the responsibility domains dmts of all agents
across all periods and simulation runs are documented. It is crucial to distinguish that
while performancemetrics derive from the collective solutions to the decision problem
(the aggregated actions of all agents), task allocation directly relates to the decisions
falling within the purview of individual agents’ responsibilities. Thus, the first type of
observation sheds light on overall performance, whereas the second type reveals the
development of organizational structures.

3.8 Data analysis

To examine the functional relationships between dependent and independent variables
listed in Table 1, regression neural networks are trained, and partial dependencies are
calculated. This methodology aligns with data analysis techniques advocated by Patel
et al. (2018), Law (2015), and Blanco-Fernández et al. (2021, 2023b) which endorse
the application of regression analysis for evaluating the significance of parameters
and deciphering pattern emergence. Let X be the set of all independent variables
included in Table 1. The subset Xs includes the independent variable(s) that are in the
scope of the analysis, while Xc consists of the complementary set of Xs in X. Then,
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Fig. 3 Interdependence patterns
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Table 1 Simulation parameters

Type Name Notation Values

Independent variables Basis for computing
offers/signals

– Performance,
interdependencies

Incentive parameter a {0.05 : 0.05 : 1}
Periods between task
re-allocation

τ {5, 15, 25, 35,∞}

Task complexity – See Fig. 3

Dependent variables Task performance c̃(dts ) [0, 1]

Task allocation dmts Vectors of decisions

Number of
re-allocated tasks

dswapt {1, . . . , 5}

Other parameters Time steps t {1, . . . , 200}
Observation period T 200

Number of decisions N 15

Number of agents M 5

Cognitive capacity Q 5

Number of
simulations

S 800

f (X) = f (Xs,Xc) represents the trained regressionmodel. The partial dependence of
the performance on the independent variables in scope is defined by the expectation of
the performance with respect to the complementary independent variables, as follows:

f s(Xs) = Ec( f (Xs,Xc)) ≈ 1

V

V∑

i=1

f (Xs,Xc
(i)) , (20)

where V is the number of independent variables in Xc and Xc
(i) is the i

th element. By
marginalizing over the independent variables inXc, we obtain a function that depends
only on the independent variables in Xs .

To study the modularity of the emergent task allocation, the following metric is
employed (Leitner 2023): We already know that agentm’s decision problem in period
t and simulation run s covers the decisions included in dmts , and the parameter K
describes the interdependencies of a particular decision and all performance contribu-
tions. Let K int

mts be the number of interdependencies within agent m’s sub-problem in
period t and simulation run s, and K all

mts = |dmts | · K be the number of all interdepen-
dencies between the decisions in agent m’s area of responsibility and all performance
contributions.5 The modularity metric is then defined as the ratio of interdependencies
within agent m’s decision problem (K int

mts , numerator) to the total number of times the
decisions assigned to agent m affect all performance contributions (K all

mts , denomina-
tor):

5 Recall that | · | returns the length of a vector. Therefore, |dmts | is the number of decision for which agent
m is responsible in period t and simulation run s.
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Modmts = K int
mts

K all
mts

. (21)

To demonstrate the functionality of the modularity metric, let us examine a scenario
focusing on agent 1, with task allocation in line with the benchmark model of sym-
metric and sequential distribution, as depicted by the shaded regions in Fig. 3. In this
example, agent 1 oversees decisions 1 through 3. For the case of small diagonal blocks
(Fig. 3a), agent 1 has K int

1ts = 6 internal interdependencies, and the total interdepen-
dencies for the decisions assigned to agent 1 also total K all

t s = 6. Here, the modularity
for the benchmark configuration is Modmts = 1. Transitioning to configurations with
small blocks and reciprocal interdependencies (Fig. 3d), the count of internal interde-
pendencies for agent 1 remains at K int

1ts = 6, but the total interdependencies increase
to K all

t s = 18 due to the complexity of the decision making scenario, resulting in
a benchmark modularity of Modmts = 0.33̇. Also, please note that the modularity
analysis employs the task allocation resulting from agents’ decisions (rather than the
benchmark allocation) to calculate modularity, aiming to contrast the modularity of
the evolved solution against the benchmark.6

4 Results and discussion

4.1 The effects of incentives in emergent task allocation

This section explores how emergent task allocation affects organizational performance
and compares this with the traditional top-down approach to assigning tasks. The rela-
tionship between organizational performance (y-axis) and the incentive parameter
(x-axis) is shown in Fig. 4 for various interdependence patterns. Red lines (with
triangles) and black lines (with circles) represent scenarios where agents follow
performance-based and interdependence-based strategies, respectively. These scenar-
ios are the novelty of this study. Benchmark cases, where the organizational structure
is determined from the top down, are shown with dashed lines. With respect to the
characterization of the incentive mechanisms, it is important to note that lower val-
ues of the incentive parameter (on the left side of the x-axis) correspond to incentive
schemes that focus more on collective performance, while higher values (on the right
side of the x-axis) indicate incentive schemes that emphasize the performance within
an agent’s own area of responsibility (see Eq.6).

The benchmark cases mirror well-documented patterns in existing literature. For
instance, Nalbantian and Schotter (1997) conduct experiments demonstrating that
group-based incentives surpass individual incentives in scenarios involving externali-
ties. Similarly, Kato and Kauhanen (2018) utilize panel data to show that group-based

6 An examination of various modularity metrics is provided by Peng and Jifeng (2018), who outline three
essential characteristics for these metrics: (i) Evaluation of modularity at both the task and organizational
levels; (ii) Consideration of interdependencies among tasks and their contribution to performance; (iii)
Inclusion of how tasks are assigned to agents in the measurement of organizational modularity. The mod-
ularity metric applied in this study meets these criteria by assessing the real task allocation (criterion (iii))
in relation to the benchmark allocation, which is determined based on task interdependencies (criteria (i)
and (ii)).
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Fig. 4 Partial dependencies of performances on the incentive parameter
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incentives enhance productivity and overall performance compared to individual ones.
Pizzini (2010) analyzes survey data frommedical group practices and finds that group-
based incentives boost performance in tasks with high interdependence, as they foster
cooperation and increase output. Similarly, Ladley et al. (2015) employ computational
methods to reveal that group-based incentives promote more cooperative behavior,
especially beneficial in departments with interdependent tasks. Moser and Wodz-
icki (2007) find that individual incentives are less effective in situations with task
interdependence, primarily due to a lack of cooperative behavior among decision-
makers whose rewards are not linked. This observation aligns with Rees et al. (2003),
who conclude that strong individual incentives make decision-makers less sensitive
to interdependencies, thus diminishing performance in interconnected tasks. Shaw
et al. (2002) note that individual incentives are effective when task interdependen-
cies are minimal. These patterns are reflected in Fig. 4, which shows that the effect
of the incentive mechanism is negligible in scenarios with low cross-departmental
interdependencies (e.g., Fig. 4a and b). In contrast, in cases with significant cross-
departmental interdependencies, such as depicted in Fig. 4d and f, group-based
incentives, indicated by lower incentive parameters, significantly outperform indi-
vidual incentives.

The effectiveness of the analyzed task bottom-up allocation strategies
(interdependence-, and performance-based) relies heavily on the nature of an organi-
zation’s incentive schemes.When incentives are structured around group performance
(on the left side of the x-axis), the performance-based strategy tends to surpass the
alternatives. Regarding organizational performance, both the benchmark scenario
and the interdependence-based strategy yield comparable results. This pattern holds
true across different interdependence scenarios, becoming most evident in situations
involving complex and non-modular tasks (Fig. 4c–h), and is less distinct in cases
involving modular and nearly modular tasks (Fig. 4a and b).

Shifting from group-based to individualistic incentive mechanisms (by movement
to the right on the x-axis) results in a decrease in performance for scenarios that
employ emergent task allocation. It is interesting to note that the outcomes obtained
through the performance-based strategy are particularly sensitive to adjustments in
the incentive parameter. Thus, while performance-based task allocation emerges as
the optimal strategy under group-based incentives, it ranks as the least effective when
incentives lean towards individualism. This transition, where the preferred task allo-
cation strategy changes, is noticeable at intermediate values of the incentive parameter
for all interdependence structures. The decline in effectiveness of the interdependence-
based task allocation strategy is also apparent, albeit significantly less so than with the
performance-based approach.

In scenarios where incentive mechanisms heavily favor individualism, the bench-
mark scenario tends to surpass other methods in nearly every instance. However, the
findings also reveal that superior performance levels are attainable through either bal-
anced or group-oriented incentives, especially when the tasks are sufficiently complex
to generate interdependencies among them, as depicted in Fig. 4c–h.
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Fig. 5 Partial dependence of the number of re-allocated tasks on selected parameters

4.2 Modularity and emergent task allocation

This section explores the impact of different independent variables on agent behav-
ior within the process of task allocation. Figure5 displays the average number of
tasks swapped when agents are permitted to reallocate tasks. Scenarios employing a
performance-based strategy aremarked by red lines (triangles),whereas those based on
task interdependencies are indicated by black lines (circles). The data suggest a more
dynamic task allocation process under the performance-based strategy, as reflected by
the stabilization of task exchanges at a count of 4 after approximately 4 reallocation
periods. In contrast, the strategy focusing on interdependencies leads to fewer task
swaps, with the number eventually dropping to zero after about 5 reallocation periods.
Additionally, the results indicate that the interdependence pattern (Fig. 5a), the incen-
tive parameter (Fig. 5d), and the number of periods between task allocations (Fig. 5c)
do not or only marginally affect the average number of exchanged tasks. However, a
slightly higher number of tasks are re-allocated when agents have more time to learn
about interdependencies (Fig. 5c).

Figure6 presents the probability distributions for the modularity metric, which
measures the alignment between the organizational structure and the interdependence
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pattern (as defined in Eq.21). As discussed in Sect. 2, a better alignment is expected
to result in higher organizational performance. Each subplot in the figure represents
the distributions for the interdependence patterns introduced in Fig. 3. The red lines
represent the strategy where tasks are allocated based on performance, while the grey
lines indicate the strategy focusing on interdependence. The shaded regions illustrate
the probability ranges for varying levels of incentive parameters. For instance, in
the left portion of Fig. 6a, there is about a 45% chance that the modularity of the
resulting structure will be 0.2 or less under an interdependence-focused allocation. In
comparison, this probability increases to around 60% when a performance-focused
task allocation is used.

Consistentwith expectations, findings suggest that agents employing aperformance-
based strategy for allocating tasks tend to result in emergent task allocation patterns
characterized by lower modularity. Conversely, when agents progressively understand
interdependencies and adjust their task allocation accordingly, the emergent patterns
are more likely to exhibit higher modularity. Surprisingly, the modularity observed
in most emergent task allocation patterns is often less than that seen in the bench-
mark solution. For instance, as depicted in Fig. 6c, in about 20% of instances using an
interdependence-based strategy and 10%of instances using a performance-based strat-
egy, the emergent patterns reach or surpass the modularity of the benchmark solution.
This trend is even more pronounced in other scenarios, such as those involving small
diagonal blocks and ring-like interdependencies, where the benchmark modularity is
met or exceeded in fewer than 10% of cases. Recall from Sect. 2 the discussion sug-
gesting that higher modularity typically results in improved performance. However,
the findings challenge this assumption. According to Fig. 6, the chance of encountering
a less modular structure increases when tasks are re-allocated based on performance-
driven motivations. Yet, as shown in Fig. 4, organizations with incentives leaning
towards group achievements often outperform those with a static or interdependence-
focused approach to task allocation. Therefore, it appears that the relevance of the
mirroring principle diminishes in organizations employing performance-based strate-
gies for task re-allocation.

4.3 Discussion

The analysis has produced some interesting insights, showing that the model suc-
cessfully replicates well-known patterns from the literature on organizational design
with conventional top-down task allocation, serving as a form of model validation.
In particular, the model demonstrates the efficacy of group-based incentive mecha-
nisms in influencing individual behavior, notably in scenarios where the tasks assigned
to decision-makers are interconnected (Fischer and Huddart 2008). In addition, the
model has provided new perspectives on the behavior of organizations with emer-
gent structures. Specifically, the simulations indicate that adopting performance-based
strategies for task re-allocation can lead to organizational structures characterized by
lower modularity but potentially higher overall performance, especially when group-
based incentives are effectively applied within the organization.
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Fig. 6 Cumulative distributions of modularity metrics
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4.3.1 Aligning task allocation and incentives

The results underscore the necessity of evaluating the mirroring hypothesis within
an expanded framework of dynamic organizational design, including dynamic orga-
nizational forms. The findings suggest that the benefits of adopting a flexible
organizational structure are maximized when mechanisms for task allocation are
effectively coordinated with organizational incentives. With the rapid advancements
in digital technologies, this insight is increasingly pertinent. For example, previous
research has indicated that digital technology advancements facilitate flexible orga-
nizational designs by enhancing processes and providing vital information about
interdependencies (Snow et al. 2017; Ratner and Plotnikof 2022; Balasubramanian
et al. 2022; Worren et al. 2020). It has also been noted that the progress in digital tech-
nologies not only provide information crucial for organizing but also highlights the
need for organizations to be more adaptive in their design approaches. For instance,
Verma et al. (2023) argue that to capitalize on the innovations offered by digital tech-
nologies, organizations must swiftly adjust their processes, including task allocation.
In this context, technology might either substitute human skills and intelligence, such
as in identifying interdependencies (Parry et al. 2016), or assume responsibility for task
allocation (Gombolay et al. 2015). Moreover, integrating artificial intelligence with
organizational learning could enhance the efficiency of organizing, whichwould likely
lead to a dynamic alignment of task allocation with task characteristics in real-time,
reflecting scenarios with bottom-up task allocation (Jarrahi et al. 2023; Wijnhoven
2022; Ewertowski et al. 2023).

The findings presented in this paper highlight a crucial aspect relevant to recent
developments in organizational theory. Previous research has highlighted the impor-
tance of aligning elements of organizational design in traditionally structured,
top-down organizations (Donaldson and Joffe 2014; Schlevogt 2002; Jiang et al.
2023; Hwang et al. 2022; Samuel et al. 2023). This study extends these insights
to organizations characterized by dynamically emerging structures, suggesting that
while alignment remains crucial, the principles governing it may require adaptation.
Traditional organization theory contends that task allocations that adhere to themirror-
ing hypothesis – typified by modular structures – achieve optimal performance when
paired with individualistic incentives (Langlois 2002). However, for environments
with dynamic task allocation, the results indicate that for complex tasks, implementing
group-based incentives and performance-driven, bottom-up strategies for task alloca-
tion ismore advantageous thanwhat is traditionally endorsed by organizational theory.

4.3.2 “Fluid” organizational structures

The results indicate that in organizations employing emergent methods for task allo-
cation, the motivations of the agents significantly impact the volume of tasks swapped.
For instance, in systems that rely on interdependence,most task swapping occurs in the
initial five rounds. On the other hand, systems that employ performance-based criteria
exhibit a consistently high level of task swapping throughout. Consequently, while task
allocation structures based on interdependence tend to stabilize after a few rounds of
task reassignment, those driven by performance-based criteria remain fluid and adapt-
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able. This aspect is especially noteworthy considering that performance-based models
tend to surpass other methods in specific situations.

The literature on organizational design has explored various related concepts. For
instance, Teece et al. (1997) highlight the necessity for organizations to adapt to
changes in their surroundings, such as shifts in customer demands and market trends,
to capitalize on opportunities. Consequently, it is vital for organizational structures to
be adaptable and dynamic. Englmaier et al. (2018) echo this sentiment, arguing that in
dynamic organizations, the allocation of individuals to tasks happens internally, and
they note that some tasks may not be assigned at all. This issue is deliberately omitted
in the model presented in this paper. Similarly, Zohar (2021) introduce the notion of
a quantum organization, which is characterized by its multiple, interconnected com-
ponents, its agility, responsiveness, and adaptability, its emergent and self-organizing
nature, and its evolutionary progression through various mutations. The findings pre-
sented in this paper demonstrate that such dynamic organizational forms can develop
from the bottom up and, what is particularly fascinating, that they can outperform
in certain scenarios and match the effectiveness of their more interdependence-based
or top-down counterparts in others, when they are effectively integrated with other
organizational design elements.

Deist et al. (2023) explore the role of digital units within innovative contexts,
offering a vital perspective. They suggest that the adoption of fluid organizations
requires management to adopt a supportive role rather than a directive one, facili-
tating dynamic task allocation rather than imposing tasks from the top down. This
raises the question of how to cultivate an organizational culture that fosters emer-
gent task allocation and ensures effective control of such organizations. Huettermann
et al. (2024) provide insights into this challenge by demonstrating the ongoing need to
direct employee behavior in decentralized settings Furthermore, the transition to emer-
gent structures in organizations introduces challenges related to psychological safety.
Unlike in organizationswith static task allocation,whether designed top-downor based
on interdependent task reallocation, fluid organizations face increased uncertainty due
to the changing roles and responsibilities, potentially impacting psychological safety
(Edmondson and Bransby 2023). This shift towards decentralizing task allocationmay
lead to negative outcomes, such as knowledge hiding (Jeong et al. 2023) and reduced
team productivity (Tannenbaum et al. 2023).

5 Summary and conclusion

This paper introduced an agent-based model to explore the dynamics of emergent task
allocationwithin stylized organizations, focusing on the interplay between task alloca-
tion strategies, incentive mechanisms, and task complexity. The findings highlight the
efficacy of emergent, performance-based task allocation strategies under conditions
of group-based incentives and complex task interdependencies, surpassing traditional
top-down and interdependence-based approaches in such scenarios. However, the
advantage of bottom-up strategies diminishes with the shift towards individualistic
incentives, where traditional top-down allocation emerges as more effective. This
nuanced understanding extends current knowledge on organizational incentives and

123



Emergent task allocation and incentives

task allocation (e.g., Fischer and Huddart 2008), challenging conventional beliefs
about modularity in organizational design. Thus, the research suggests that the pursuit
of modularity may not be universally beneficial, particularly in environments without
individualistic incentives. These insights might be valuable for managers who aim for
adaptable, efficient organizational structures in an era of increasing complexity.

This study has a few important limitations that need to be kept inmindwhen looking
at the results. First, the model is based on the idea that the only way agents (or parts
of the organization) work together is through the rewards or incentives they get, and
it does not consider direct talks or messages between them. This setup might make
sense forwork-from-home situations (Bloomet al. 2015), but itwouldbe interesting for
future studies to think about how agents communicating with each other could change
things. Second, we know from other studies that decentralized decision making can
sometimes lead to problems like frustration, creating separate “islands” of decision
making, or informal leaders popping up (Holck 2018). These issues are not covered
in the model, but including them could make the model more like real life in future
work. Third, it was not considered how culture affects how organizations run. Different
countries have differentways of handling uncertainty and expectations about hierarchy
in workplaces (Hofstede 2011). Future research could look at how decentralization
might face more hurdles in some cultures than our model suggests. Fourth, the study
focuses on just one organization and does not consider outside forces. It would be
valuable to study how different organizations that use less traditional structures (like
self-organizing teams) might grow and interact with each other (Volberda and Lewin
2003). Fifth, it is assumed that the environment or landscape the organization works
in does not change over time. Looking at environments that change and how sudden
shifts might affect the organization could be an interesting direction for new research
(Leitner 2024). Lastly, the analysis uses a framework that assumes all parts of the
organization are connected in the same way. But in real life, some connections might
be stronger or more important, which could change how things work. This was not
considered here but could be an interesting area for future studies.
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assessing health and self-care ability. Central Europ J Oper Res 31(3):911–926
MillerMY, Friesen P,Mintzberg H (1984) Organizations: A quantum view. Prentice-Hall, Englewood Cliffs
MoserKS,WodzickiK (2007)The effect of reward interdependence on cooperation and information-sharing

intentions. Swiss J Psychol 66(2):117–127

123



S. Leitner

Nalbantian HR, Schotter A (1997) Productivity under group incentives: an experimental study. Am Econ
Rev 87:314–341

Parry K, Cohen M, Bhattacharya S (2016) Rise of the machines: a critical consideration of automated
leadership decision making in organizations. Group Organ Manage 41(5):571–594

Patel MH, Abbasi MA, SaeedM, Alam SJ (2018) A scheme to analyze agent-based social simulations using
exploratory data mining techniques. Complex Adapt Syst Model 6(1):1–17

Peng G, Mu J (2018) Do modular products lead to modular organisations? Evidence from open source
software development. Int J Prod Res 56(20):6719–6733

Pizzini M (2010) Group-based compensation in professional service firms: an empirical analysis of medical
group practices. Account Rev 85(1):343–380

Puranam P, Håkonsson DD (2015) Valve’s way. J Organ Des 4(2):2–4
Ratner H, Plotnikof M (2022) Technology and dis/organization: digital data infrastructures as partial con-

nections. Organ Stud 43(7):1049–1067
Rees DI, Zax JS, Herries J (2003) Interdependence in worker productivity. J Appl Economet 18(5):585–604
Robertson BJ (2015) Holacracy: the new management system for a rapidly changing world. Henry Holt /

Company, New York
Jayarajan S, Zheng Z, Mookejee V (2023) Task characteristics and incentives in collaborative problem

solving: evidence from three field experiments. Inf Syst Res
Sanchez R, Galvin P, Bach N (2013) ’Closing the Loop’ in an architectural perspective on strategic

organizing: towards a reverse mirroring hypothesis. Working paper, Department of Innovation and
Organizational Economics, Copenhagen Business School

Sanchez R, Mahoney JT (2013) Modularity and economic organization: concepts, theory, observations, and
predictions. Handbook of economic organization. Edward Elgar Publishing, Cheltenham, pp 383–399

Sanchez R, Mahoney JT (1996) Modularity, flexibility, and knowledge management in product and orga-
nization design. Strateg Manag J 17(S2):63–76

SchlevogtK-A (2002) The art ofChinesemanagement: theory, evidence and applications.OxfordUniversity
Press, Oxford

Scott WR (1998) Organizations: natural, rational and open systems. Prentice-Hall International, Hoboken
Shaw JD, Gupta N, Delery JE (2002) Pay dispersion and workforce performance: moderating effects of

incentives and interdependence. Strateg Manag J 23(6):491–512
Simon HA (1991) The architecture of complexity. Facets of systems science. Springer, Berlin, pp 457–476
Simon HA (1967) The business school a problem in organizational design. J Manage Stud 4(1):1–16
Snow CC, Fjeldstad ØD, Langer AM (2017) Designing the digital organization. J Organ Des 6:1–13
Sonderegger-Wakolbinger LM, Stummer C (2015) An agent-based simulation of customer multi-channel

choice behavior. Central Europ J Oper Res 23:459–477
Strmenik K, Wall F, Mitsch C, Mödritscher G (2021) Volume allocation in multi-sourcing: effects of the

quantity-quality trade-off. Central Europ J Oper Res 29(2):753–771
Stummer C, Kiesling E (2021) An agent-based market simulation for enriching innovation management

education. Central Europ J Oper Res 29(1):143–161
Tannenbaum S, Castillo GF, Salas E (2023) How to overcome the nine most common teamwork barriers.

Organ Dyn 52(4):101006
TeeR,DaviesA,Whyte J (2019)Modular designs and integrating practices:managing collaboration through

coordination and cooperation. Res Policy 48(1):51–61
Teece DJ, Pisano G, Shuen A (1997) Dynamic capabilities and strategic management. Strateg Manag J

18(7):509–533
Ulrich K (1995) The role of product architecture in the manufacturing firm. Res Policy 24(3):419–440
Verma P, Kumar V, Yalcin H, Daim T (2023) Organizational architecture of strategic entrepreneurial firms

for digital transformation: a bibliometric analysis. Technol Soc 75:102355
Volberda HW, Lewin AY (2003) Co-evolutionary dynamics within and between firms: from evolution to

co-evolution. J Manage Stud 40(8):2111–2136
Wall F, Leitner S (2021) Agent-based computational economics inmanagement accounting research: oppor-

tunities and difficulties. J Manag Account Res 33(3):189–212
Wei J, Yang Y, Li S (2021) Mirror or no mirror? Architectural design of cross-border integration of Chinese

multinational enterprises. Asia Pacific J Manage 38(4):1399–1430
Wijnhoven F (2022) Organizational learning for intelligence amplification adoption: lessons from a clinical

decision support system adoption project. Inf Syst Front 24(3):731–744

123



Emergent task allocation and incentives

WorrenN,ChristiansenT, SoldalKV (2020)Using an algorithmic approach for grouping roles and sub-units.
J Organ Des 9(1):8

Zohar D (2021) What makes a quantum organization? Zero distance: management in the quantum age.
Springer, Berlin, pp 157–163

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional affiliations.

123


	Emergent task allocation and incentives: an agent-based model
	Abstract
	1 Introduction
	2 The mirroring hypothesis in organizational design
	3 The agent-based model
	3.1 Model overview
	3.2 Task environment
	3.3 Agents and task decomposition
	3.4 Sub-model A: Hill climbing search
	3.5 Sub-model B: Learning interdependencies
	3.6 Sub-model C: Task allocation
	3.6.1 Short-sighted re-allocation: Performance-based approach
	3.6.2 Long-sighted re-allocation: Interdependence-based approach
	3.6.3 Task allocation

	3.7 Simulation setup and observations
	3.8 Data analysis

	4 Results and discussion
	4.1 The effects of incentives in emergent task allocation
	4.2 Modularity and emergent task allocation
	4.3 Discussion
	4.3.1 Aligning task allocation and incentives
	4.3.2 ``Fluid'' organizational structures


	5 Summary and conclusion
	References


