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Architecture and Adaptability of Hierarchy 

 

Abstract 

It is commonly known that superiors within an organization can lead subordinates because the former 

have more experience and organization-related knowledge. In this paper, we argue that even without such 

prior experience or knowledge, superiors can outperform and lead subordinates. Combining empirical 

data for a hierarchical network, we develop computational models of learning to validate our argument. 

Our results show that an individual’s transient learning performance is systematically higher if she is of a 

higher rank in the hierarchy than of a lower rank. This remarkable order in learning dynamics arises from 

the structural regularity inherent in typical hierarchical structures, where superiors are reachable to other 

organizational members in fewer steps than their subordinates and where rank determines the scope of an 

actor's access to various subunits. Thus, different ideas and knowledge are primarily exchanged through 

superiors who have more exposure to diverse sources of organizational knowledge across different 

subunits. The implication is that superiors do not have to be smarter or more knowledgeable about 

organizational tasks. They can have a positive influence if they know how to leverage their positional 

advantage embedded in a hierarchical network. 
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INTRODUCTION 

Hierarchy has been a common, pyramid-like organizational structure prevalent in business, military, 

political, and religious institutions. Simon (1962: p. 468) argued that hierarchy is “one of the central 

structural schemes that the architect of complexity uses.” He believed that building theory of hierarchy is 

one path to deepen our understanding of complex systems in general and complex organizations in 

particular. Recently, researchers have begun to debunk the properties of hierarchy and their adaptive 

features in terms of organizational functioning (Csaszar 2013; Ethiraj and Levinthal 2004; Seshadri and 

Shapira. 2003; Zhou 2013; Lee and Csaszar 2016; Puranam, Levinthal, and Koçak 2016). In particular, 

near-decomposability—interactions among elements of a system tend to be densely clustered into 

subsystems, while between-subsystem interactions are sparse—and its functional implications have 

attracted substantial attention (e.g., Sanchez and Mahoney 1996; Baldwin and Clark 2000; Ethiraj and 

Levinthal 2004; Zhou 2013). 

Building on this new stream of research on hierarchy, we extend the research to examine the 

relatively under-explored architectural property of hierarchy and its functional implications. Although a 

high level of within-subsystem interactions characterizes the architecture of hierarchy, organizational 

members across different subsystems are not disconnected by subsystem boundaries. Through the chain 

of command, all members in a hierarchical organization are connected to one another. Given this 

connectivity, we claim that hierarchy is a small-world network with remarkable order associated with 

positions in the chain of command. The small-world property guarantees that information processing 

among organizational members is efficient even in a large organization with a tall hierarchy. For example, 

when the size of the hierarchical organization grows one thousand times from 100 to 100,000, the number 

of degrees of separation among organizational members increases roughly by 3. Furthermore, there is 

remarkable order with respect to positions in hierarchy: Superiors are reachable to other organizational 

members in fewer steps than their subordinates. By only seeing an actor’s position in the hierarchy 
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without any detailed local information of his or her connectivity, one can predict the scope of the actor’s 

direct access to various subsystems. 

What, then, are the implications of this structural property for the functioning of a hierarchical 

organization? In this paper, we address this question by focusing on the well-known learning dynamics. 

Organizational learning has attracted substantial attention since March (1991) introduced a simple model, 

where organizational members update their beliefs about corresponding elements in environment and 

improve their knowledge based on feedback from the organization. In this framework, organizational 

learning is portrayed as an adaptive process in response to environment. Recently, using theoretical tools 

developed in network science, studies have taken one step further by specifying various structural 

channels in which individuals exchange ideas and knowledge with one another (e.g., Fang, Lee, and 

Schilling 2010; Posen, Lee, and Yi 2013; Chang, Lee, and Song 2014). Given bounded rationality, each 

individual is assumed to pay attention to a limited set of other individuals who are directly connected to 

the focal individual. In this modeling scheme, the essence of the entire system’s adaptivity lies in the 

interpersonal learning algorithm: Among the bounded set of potential learning targets, each individual 

chooses the learning target whose performance is better than that of herself and updates her beliefs by 

assimilating a fraction of the learning target’s beliefs. This learning algorithm, however, will not 

guarantee any intertemporal improvement in aggregate knowledge, if each individual either chooses a 

learning target at random or learns from an individual whose performance is worse than that of herself. In 

a nutshell, this new stream of research has suggested that organizational structure can be considered as a 

lever for improving or hampering aggregate knowledge, or collective intelligence at the organizational 

level. However, the literature has remained largely unaddressed the question of how the aforementioned 

architecture of hierarchy affects the learning dynamics and enhance collective intelligence at the 

organizational level. 
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Our numerical analysis highlights remarkable regularity that arises from learning dynamics in 

hierarchical organizations. An individual’s transient learning performance is systematically higher if she 

is of a higher rank in the hierarchy than of a lower rank. Although we do not assume that bosses are 

smarter or more knowledgeable than their subordinates, endogenously, subordinates in organizations tend 

to learn more from their superiors than their subordinates. This regularity in learning dynamics arises 

from the architecture of hierarchy. In a typical chain of command, superiors are reachable to other 

organizational members in fewer steps than their subordinates. The structural regularity means that 

superiors have positional advantage in learning—they have direct access to more diverse sources of ideas 

and knowledge in the organizational knowledge pool. 

The implication is that superiors do not have to be smarter or more knowledgeable than their 

subordinates. Superiors can have positive influence on the emergence of collective intelligence at the 

organization level if they know how to capitalize on their positional advantage embedded in the 

architecture of hierarchy. This positional advantage is more likely to be leveraged if subordinates and 

superiors can learn from one another. A case in point is Intel in the 1980s, as Burgleman (1994: p. 44) 

described: 

An important cultural element of Intel’s structural context was the tradition of encouraging open 

debate about the business merit of different strategic initiatives, constructive confrontation, and 

the rule that knowledge (or information) power should not be overwhelmed by hierarchical 

position power. Andy Grove maintained that at Intel “no one was ever told to shut up.” 

 

Ironically, our analysis shows that if superiors, to a large extent, force their subordinates to learn from 

themselves, dynamics shift from two-way learning to one-way learning, which undermines the very 

strength of hierarchical structure in pooling diverse ideas and knowledge. As a consequence, the one-way, 

top-down learning will have detrimental effects on the emergence of collective intelligence at the 

organizational level. 
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This paper is organized as follows. To validate our key argument above, the paper will proceed 

mainly in two steps. First, we discuss the structural properties of hierarchy, which are the root cause of 

the positional advantage in our argument. Second, we develop a model of organizational learning and 

provide numerical evidence for the regularity in learning dynamics and the emergence of collective 

intelligence with the two-way learning through the chain of command. We conclude by discussing the 

implications of our findings for management and future research. 

 

STRUCTURAL REGULARITY OF HIERARCHY 

To understand the structural regularity of hierarchy in reality, we collected the data from SK Telecom in 

Korea and reconstructed a part of the company’s hierarchical network in Figure 1. The network consists 

of 4417 nodes with 4422 links, average path length of 7.96, and clustering coefficient of 0. About 42 

percent of managers have fewer than 10 subordinates reporting directly to them, and about 80 percent of 

managers have a span of control of less than 20. No superior has more than 50 subordinates. These 

structural properties conform to the management principle that the span of control should not be too large; 

that is, there is no hub or extremely well-connected individual. 

<Insert Figure 1 about here> 

Based on the observation of the real-world hierarchical network, we develop an idealized model 

of hierarchy, which is presented in Figure 2. In reality, there are irregularities: Some managers may have 

more subordinates than others, or some department may have more levels of supervision than others. We 

start with the simple assumption that each superior has the exactly same number of subordinates. Then, 

we show the robustness of our key results against the presence of the irregularities in reality. 

<Insert Figure 2 about here> 
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Our analysis of the idealized model of hierarchy suggests that information processing and 

communication among organizational members can be efficient even in a large organization with a tall 

hierarchy. This efficiency stems from the small-world property of hierarchical networks. In general, a 

small-world network is defined such that its average path length L grows logarithmically with its size n 

(Watts and Strogatz 1998). That is, even if n increases exponentially, L grows only linearly. For example, 

when the size of the hierarchical network grows one thousand times from 100 to 100,000, the average 

path length increases only by 3. This property allows the average social distance to remain small even in a 

large network. As shown in Figure 3, both the numerical and analytical results indicate that the scaling of 

Lhierarchy is logarithmic with respect to n (see technical details in Appendix A). This scaling behavior is in 

contrast to that of a large-world network, where L is large and increases linearly with increasing n. Watts 

(1999a) regarded a connected caveman network as an idealized benchmark for large-world networks, 

while considering a random network as a theoretical lower bound for small-world networks. 

<Insert Figure 3 about here> 

Now, let us introduce the concept of chain of neighborhood and distribution sequence to go 

deeper into the structural regularity of hierarchy. We illustrate these concepts with the well-known 

connected caveman network, which is shown in Figure 4a (e.g., Lee, Song, and Yang 2015). Consider the 

node with the arrow. It has four nearest neighbors, or direct contacts, all of which are one step away from 

the focal node. If we take one step further to the second nearest neighborhood, there are two individuals. 

If we take one more step to the third nearest neighborhood, there are eight individuals. So, the number of 

new neighbors at every step in the chain of neighborhood expands: 4, 2, 8, 2, 8, 2… There seems to be a 

pattern in the expansion of the new neighbor sequence, which becomes more obvious if we count the 

number of neighbors at every two steps: 6, 10, 10, 10, … The pattern is that the number of new neighbors 

at every two steps expand in a constant rate of 10 (before the system runs out of new neighbors). What, 
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then, is distribution sequence? It is a cumulative sequence of the new neighbor sequence above. Thus, the 

cumulative sequence expands at every two time step: 6, 16, 26, 36, ...  

The expansion patterns of distribution sequences are closely associated with L (Lee, Song, and 

Yang 2015). In a connected caveman network characterized by large L, its distribution sequence expands 

very slowly at a constant rate. This implies that if an individual in the connected caveman network tries to 

spread information to every other member of the network step by step through the chain of neighborhood, 

it takes many steps for the information to reach everyone else. On the other hand, it takes very few steps 

for the information to reach everyone else in a random network with small L. In this case, the distribution 

sequence expands exponentially (Watts 1999b; Newman 2010). The expansion pattern is similar to the 

well-known S-shaped diffusion curve, which is occasionally observed in the explosive diffusion of 

successful new products. Like the random network, a hierarchical network is characterized by an 

exponentially expanding distribution sequence, as shown in Figure 4b. This implies that a hierarchical 

network per se should not deter the speed of information processing or knowledge transfer, even in a 

large organization with a tall hierarchy. 

<Insert Figure 4 about here> 

The examples in Figure 5 illustrate what the exponentially expanding distribution sequence 

really means in the architecture of hierarchy. For example, consider level 1 (CEO) as a starting point in 

our idealized hierarchical network. The cumulative number of individuals reached in the second step is 7. 

In the third step, the cumulative number becomes 43. In the fourth step, the process reaches everyone in 

the network with the cumulative number of 259. So, the exponentially expanding distribution sequence 

means there is an explosion in terms of the cumulative number of people reached with additional steps.  

Furthermore, the expansion pattern in Figure 5 shows remarkable order with respect to rank: if 

one traces a distribution sequence starting from a higher-rank node, its distribution sequence expands 
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more rapidly than starting from a lower-rank node. For instance, let us trace the distribution sequence 

starting from level 2. It takes five steps to reach all the organizational members. Here, it takes one more 

step compared to the number of steps in the previous case starting from the top because you have to move 

up first before you move down to reach everyone else at the bottom. 

<Insert Figure 5 about here> 

As summarized in Figure 6(a), there is remarkable order with respect to rank in hierarchy. If one 

starts from a higher-rank node, the distribution sequence expands more rapidly: The higher the rank, the 

faster the expansion of its distribution sequence. This means that superiors are reachable to other 

organizational members in fewer steps than their subordinates. Using only rank of an actor, one can 

predict the scope of the actor’s direct access to various subunits. In a random network or other types of 

small-world networks, it is difficult for an outside observer to tell an actor’s the scope of connectivity to 

others without collecting the detailed local information of his or her connectivity. 

To see whether the real-world network is also characterized by this kind of structural regularity, 

we analyze its distribution sequence. Figure 6(b) shows that the expansion pattern of the real-world 

network is not much different from that of the idealized model of hierarchy. 

<Insert Figure 6 about here> 

HIERARCHY AND LEARNING DYNAMICS 

Now, let us get back to our key argument: Even without superior information-processing talent or prior 

knowledge, superiors can outperform and have a positive influence if they know how to leverage their 

positional advantage embedded in a hierarchical network. To validate this point, we develop a model of 

organizational learning. 
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Organizational learning has attracted substantial attention in the literature since March (1991) 

first formalized it. In modeling organizational learning, March (1991) sidestepped learning between actors 

because of the lack of tools to describe the complexity of interactions among actors at the time. With 

advances in understanding of connection topology in the new millennium, several studies have developed 

models of interpersonal learning within organizations (e.g., Miller, Zhao, and Calantone 2006; Fang, Lee, 

and Schilling 2010; Posen, Lee, and Yi 2013; Chang, Lee, and Song 2014). An underlying assumption is 

that each individual has bounded rationality in information processing. Thus, organization members 

process information based on other individuals who are directly connected to them. This new stream of 

research has suggested that organizational structure can be thought of as a means of improving 

organizational knowledge. 

However, the effects of hierarchy on organizational learning have been largely unaddressed. To 

fill this gap, we develop a model of organizational learning with two components of hierarchy. First, we 

consider a hierarchical network as a map for interactions among actors for learning. Second, we consider 

hierarchical intervention, which is operationalized in a way that each subordinate is forced to learn from 

his or her superior. Our model consists of three entities, (1) reality, (2) individuals, and (3) organization. 

Reality. Reality represents external environment that evaluates each individual’s choices or ideas. We 

describe the reality as an m-dimensional vector, where each vector element is assigned a value of 1 or –1 

with probability 0.5. 

Individuals. There are n individuals in the organization, each of whom holds m ideas about the reality at 

each time step. Each individual tries to maximize the fit between her ideas and the attributes of the reality 

without complete knowledge of the reality. Each idea of an individual is assigned a value of 1, 0, or –1. 

Here, a value of 0 means that the individual is unsure of whether 1 or –1 represents reality. Building on 

the recent research on learning, each individual is assumed to learn about the reality by observing what 
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others are doing and especially keying in on high-performing individuals, who are directly connected to 

the focal individual. Under conditions of uncertainty, each individual selects an idea on each dimension of 

m to match its corresponding value in the reality vector. The idea is considered “good” or “correct” if it 

matches. Otherwise, the idea is considered “bad” or “incorrect.” 

Organization. The organization is represented by our idealized model of hierarchy or the real-world 

hierarchical network. We then characterize the collective behavior of organizational learning by using 

simulations performed on either of the networks (see Figures 1 and 2). 

Payoff. The learning performance of each individual is evaluated at every time step based on the current 

idea vector. The performance is a function of the number of “good” ideas. The simplest possible payoff 

function for specifying this feature is a linear payoff function, where one can simply count the number of 

good ideas in each individual’s idea vector and map the number into this individual’s performance 

(March 1991). In this study, we apply the generalized payoff function developed by Fang, Lee, and 

Schilling (2010) as detailed in Appendix C. This generalized payoff function is controlled by a tunable 

parameter s, which captures the degree of interdependence of the search problem. The greater the value of 

s, the more interdependent, and the more difficult the search problem becomes. If s = 1, the search 

problem becomes completely independent, corresponding to the linear payoff function introduced by 

March (1991). On the other hand, if s = m, the search problem becomes maximally interdependent; that is, 

if any single element of the idea vector deviates from the corresponding true state, the payoff associated 

with the whole idea vector becomes zero. Here we elect to use the generalized payoff function over the 

NK model (Kauffman 1993; Levinthal 1997; Rivkin 2000) primarily because of the significant reduction 

in computational burdens involved (Fang, Lee, and Schilling 2010; Posen, Lee, and Yi 2013). This 

reduction is particularly crucial when we simulate learning dynamics in the large-scale hierarchical 

network in reality, where computational costs increase dramatically with an increase in the number of 
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organizational members. Organization-wide performance is calculated as the average performance across 

all individuals in the organization. 

Learning Dynamics. In our model, each individual starts with a random set of ideas, where each element 

of the idea vector is assigned a value randomly drawn from the set {1, 0, –1}. More specifically, we 

assume the symmetric learning rule in that everyone’s idea vector is, on average, filled with about 33 

percent good ideas that match true states in the reality vector. This implies that bosses are not initially 

endowed with a larger number of good ideas compared to their subordinates. Then, the symmetric 

learning rule for updating each idea vector is as follows. Each individual interacts with direct contacts in a 

hierarchical network. Learning is likely to occur when an individual has higher-performing individuals 

among her direct contacts. More specifically, the individual is likely to modify her current idea on each 

dimension in accordance with that of the higher-performing individuals with probability p—this learning 

rule applies equally to all individuals regardless of their rank in the hierarchy for the baseline model (we 

later relax this symmetric learning assumption when we simulate hierarchical intervention). If the values 

of higher performers do not converge on a particular dimension of the idea vector, the focal individual 

with probability p adapts to the dominant idea (or majority view) held by the group of higher performers. 

When there are ties, the focal individual chooses one between the alternatives with probability of 0.5 

(Oliveira 1991). As more good ideas diffuse throughout the organization, the number of individuals with 

higher levels of learning performance increases over time. Thus, we view organizational learning as the 

collective outcome of interactions between individual members, whose local learning leads to 

improvement of organization-wide learning performance or collective intelligence at the organizational 

level. 

SIMULATION RESULTS 
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In this section, we conduct a series of experiments to validate our key argument. We first use an idealized 

model of the hierarchical network to establish our understanding about the underlying mechanisms of 

learning dynamics in the simplified, controlled setting. Then, we run simulations on the real-world 

hierarchical network to reconfirm the pattern in learning dynamics. 

Learning Simulations on the Idealized Model of Hierarchy 

We first perform simulations of organizational learning on the idealized model of the 

hierarchical network, where there are four levels of supervision with 259 individuals, as shown in Figure 

2. Parameter specifications of each simulation are summarized in Appendix B. 

Figure 7 shows the relative average performance of each level compared to that of level 3. All 

data points are averaged over 100 repeated simulations. The key finding here is that superiors enjoy 

systematic advantage in learning. More specifically, bosses tend to lead learning performance ahead of 

subordinates in the interim learning process. The transient learning performance of individuals is 

systematically ranked according to their level in the hierarchy. Here the numbers represent levels in the 

hierarchy: the smaller the number, the higher the level in the hierarchy. 

<Insert Figure 7 about here> 

 To understand the driver of the regularity in learning dynamics, we first trace the flow of 

learning across different levels. The symmetric learning rule imposes the assumption that at each time 

step, each individual learns from one or more direct contacts whose performance is better than her own. 

From the previous simulation results, we know that the performance of superiors is likely to be higher 

than that of subordinates in the interim learning process. Then, it follows that subordinates should learn 

more from their bosses than from subordinates. Now, we verify whether knowledge, indeed, tends to flow 

from higher to lower levels. 
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To validate this point, we quantify the aggregated flow of learning from one level in the 

hierarchy to another. During the complete cycle of a simulation run, we count the total number of learning 

events between two individuals, treating the higher-performing individual as a source of knowledge flow. 

Using the frequency of learning events, we can then calculate how much each individual learns from her 

boss and subordinates when there is a single source. A complication arises, however, when an individual 

has multiple sources of learning in a particular event —recall that in this condition, the learning rule 

specifies that the focal individual assimilates the most popular idea among all different ideas of higher-

performing individuals. In this case, the frequency of learning events would be inflated if all holders of 

the popular idea are regarded as sources. To fix this problem, we adjust the frequency of learning between 

two individuals using the following weighting scheme: if an individual learns from W sources for an event 

of learning, each source’s contribution is adjusted as 1/W. We use the aggregation of this weighted 

frequency of learning events to test our conjecture that knowledge tends to flow from higher to lower 

levels. 

To reduce statistical errors, we focus our attention on levels 2, 3 and 4, which include 

sufficiently large numbers of individuals (see Table 2)—in any hierarchy, there are only small numbers of 

individuals at top levels, individuals whose dynamics are likely to be more sensitive to background noises 

inherent in the learning process. Figure 8(a) shows that subordinates are more likely to learn from their 

bosses than from their subordinates. For example, knowledge tends to flow more from level 2 to level 3 

than from level 4 to level 3. This pattern becomes more apparent in cumulative learning flows, as 

depicted in Figure 8(b). The cumulative flow of learning from level 2 to level 3 is much larger than that 

from level 4 to level 3. In sum, knowledge tends to flow more from higher levels in the hierarchy to lower 

levels. 

<Insert Figure 8 about here> 
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The above experiments show that bosses tend to acquire more knowledge in the learning process 

ahead of their subordinates, who, as a result, tend to learn more from their bosses than from their 

subordinates. The next logical step in our analysis is to debunk the root cause of this systematic advantage 

for superiors. From the symmetric learning rule, we know that this advantage must not come from 

superiors’ higher initial stock of knowledge or better information-processing talents. We simply assume 

away these possibilities in our model setup. Yet, we observe the emergence of the advantage for 

superiors. So, where does it come from? 

In the previous section, we came to the conclusion that a hierarchical network has an inherent 

structural regularity: the higher the rank, the faster the expansion of its distribution sequence. This leads 

us to conjecture that individuals who are positioned at higher levels of the organizational hierarchy can, in 

a few steps, obtain access to more diverse sources of organizational knowledge that are developed by 

individuals from different subunits. So, the superiors’ advantage may come from their positional 

advantage in hierarchy. Superiors who connect the boundaries of subunits can broaden the search space 

for new diverse ideas and knowledge. Prior work established that individuals who are exposed to 

knowledge diversity tend to perform better than those who are not (e.g., March 1991; Fang et al. 2010; 

Posen, Lee, and Yi 2013; Chang, Lee, and Song 2014). If our conjecture is correct, superiors will be 

exposed to more good ideas and diverse knowledge than subordinates in the interim learning process. 

To validate this point, we develop a metric called “exposure to knowledge diversity,” which 

represents the quality of knowledge diversity, or namely the number of good ideas in each individual’s 

the nearest neighborhood. This measure reflects how well the neighborhood collectively preserves good 

ideas, or those ideas that match reality (Posen, Lee, and Yi 2013). The results in Figure 9 show that 

superiors are, on average, more exposed to knowledge diversity than their subordinates in the interim 

learning process. In other words, superiors’ neighborhoods have better assessment of reality than 
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subordinates’ neighborhoods. Again, the pattern is systematically ranked according to their level in the 

hierarchy, confirming our conjecture above. 

<Insert Figure 9 about here> 

 

Learning Simulations on the Real-World Hierarchical Network 

We also run simulations on the real-world hierarchical network, which has some irregularities, as 

stated earlier. However, the irregularities do not seem to affect the dynamics significantly, and the results 

of the simulations on the real-world network do not differ much from those on the idealized model. As 

shown in Appendix D, an individual’s transient learning performance is consistently higher if she is of a 

higher rank in the hierarchy than of a lower rank. The simulation results of cross-level learning flow and 

exposure to knowledge diversity in the real-world hierarchical network are fairly consistent with those in 

the idealized model. 

The Effects of Middle Management Interaction on Organizational Learning 

In the idealized model of hierarchy, there is no communication channel between middle 

managers. This model can be considered as a gross approximation of an organization with competitive 

organizational culture, where middle managers do not share their knowledge with their peers; so 

knowledge flows only through the chain of command. In reality, middle managers of the same rank may 

interact with one another. For example, GE adopted codes of conduct in which managers are obligated to 

share their knowledge with other managers across different subunits. Now, we take this complex element 

of reality into account by assuming that all of middle managers of the same rank exchange ideas and 

knowledge with one another. 
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The simulation results show that if middle managers of the same rank actively interact with one 

another, the organization as a whole benefit from the improvement in learning performance. Improvement 

in learning performance comes from the reduced average path length due to active interaction between 

middle managers. As shown in Figure 3, the added communication channels between middle managers of 

the same rank serve as shortcuts to bypass learning through the chain of command, thereby reducing the 

average path length of the hierarchical network. Prior work has shown that such reduced path length 

improves learning performance when the average path length is not too small (Fang, Lee, and Schilling 

2010; Chang, Lee, and Song 2015). 

<Insert Figure 10 about here> 

The Effects of Hierarchical Intervention on Organizational Learning 

Now, we examine whether a high level of hierarchical intervention has detrimental effects on 

organizational learning. As described before, we operationalize hierarchical intervention such that 

subordinates are forced to learn from their bosses with probability ph. Whenever this hierarchical 

intervention is realized, the subordinates neglect the symmetric learning rule specified earlier. For 

instance, if ph = 0.2, subordinates will learn from their direct superiors with a probability of 0.2, while 

following the symmetric learning rule with a probability of 0.8. 

As shown in Figure 11, when ph > 0.25, long-term organizational learning performance is lower 

than that in the absence of the intervention (i.e., ph = 0), and long-term organizational knowledge declines 

monotonically with the hierarchical intervention probability. To dig into the underlying mechanism for 

this decline, we run learning simulations in the directed (one-way, top-down) hierarchical network, while 

keeping other conditions fixed. We find the convergence between the average simulation result for 100% 

hierarchical intervention and that for learning on directed hierarchical network. This implies that 

hierarchical intervention changes the nature of dynamics from two-way learning to one way learning. The 
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decline in collective intelligence here stems from the one-way, top-down learning from superiors, pushing 

their subordinates to focus on the narrow set of knowledge the former provide. In a way, excessive 

hierarchical intervention suppresses the advantage inherent in the architecture of hierarchy in bridging 

diverse ideas and knowledge across different levels and subunits. 

<Insert Figure 11 about here> 

DISCUSSION 

We examine the adaptive features of hierarchy by modeling the learning process of individuals who are 

connected through the chain of command. We find that an individual’s transient learning performance is 

systematically higher if she is of a higher rank in the hierarchy than of a lower rank. Although we do not 

assume that bosses are smarter or more knowledgeable than their subordinates, subordinates in 

organizations tend to learn more from their superiors than their subordinates. This regularity in learning 

dynamics arises from the hidden order inherent in hierarchy. Superiors are reachable to other organization 

members in fewer steps than their subordinates. Reachability in fewer steps is a substantial advantage in 

the world governed by an exponential law. We show that hierarchy is characterized by an exponentially 

expanding distribution sequence. Therefore, superiors have positional advantages in learning; different 

ideas and knowledge are more likely to be exchanged through superiors who have more exposure to 

diverse sources of organizational knowledge than their subordinates. 

An implication is that superiors do not have to be smarter or more knowledgeable. Superiors can 

have a positive influence if they know how to leverage their positional advantage embedded in a 

hierarchical network. In particular, the positional advantage is more likely to be capitalized on if 

subordinates and superiors can learn from one another regardless of hierarchical positions. However, if 

superiors, to a large extent, force their subordinates to learn from themselves, dynamics change from two-

way to one-way learning. This one-way, top-down learning through the chain of command hampers 
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organizational learning mainly because it undermines the strength of the hierarchical structure in 

channeling diverse ideas and knowledge. Our key finding is quite consistent with the Intel case in the 

1980s. In 1983, for example, Andy Grove (Newsweek 1983: p. 23; cited in Grove 1999: p. 211) noted:  

Since our business depends on what it knows to survive, we mix ‘knowledge-power people’ with 

‘position-power people’ daily, so that together they make the decisions that will affect us for 

years to come. We at Intel frequently ask junior members of the organization to participate 

jointly in a decision-making meeting with senior managers. This only works if everybody at the 

meeting voices opinions and beliefs as equals, forgetting or ignoring status differentials. 

Our finding here is also consistent with observations in the literature. Adler (1999) observed that layers of 

management were often the repository of precious skills and experience within an organization. Huy 

(2001, 2002) also observed that they sometimes provide fertile ground for creative ideas. 

Hierarchy and Collective Intelligence 

Recently, there has been renewed interest on collective intelligence with the surging popularity of 

artificial intelligence in the computing community. The issue can be traced back to early research on 

parallel implementation of algorithms, where typical motivation was to reduce the overall computing time 

by dividing the whole computational task into parts and processing them in parallel (Martin et al. 1997). 

Some researchers conjectured that parallel computation may have potential to improve the quality of a 

solution (Forrest 1991) or to lead to fundamentally new modes of thought (Bailey 1992). In other words, 

the outcome of the whole computation may be greater than the sum of its parts acting in isolation. This 

holistic ideal has materialized with the recent advances in computing. For example, the development of 

“ant colony optimization,” a class of optimization algorithms modeled on the foraging behavior of 

artificial ants, each of which is searching for a solution to a problem (e.g., food sources) in parallel 

(Dorigo and Gambardella 1997). Although each artificial ant has limited intelligence, the whole system of 

ant colony is shown to solve complex problems that were once considered unsolvable. This sort of 

collective intelligence emerges primarily from an adaptive rule that if an ant moving in a certain direction 
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stumbles on a good solution, other ants are likely to move in this direction. Dorigo and Gambardella 

(2002: p. 317) highlighted the adaptive features of ant colony optimization: “These designs are proving 

flexible and robust, they are able to adapt quickly to changing environments, and they continue 

functioning when individual elements fail.” 

This type of collective intelligence can emerge in organizational contexts as well. Our finding 

indicates that two-way learning through the chain of command helps the organization to enhance 

collective intelligence. As mentioned before, the two-way learning at Intel seemed to serve to enhance 

collective intelligence by encouraging individuals to search for diverse ways of doing business in parallel. 

It appears that the enhanced collective intelligence allowed Intel to successfully migrate from the money-

losing DRAM business to the fast-growing microprocessor business when the company was at a 

crossroads in the 1980s. Indeed, Burgleman (1994) attributed such adaptive capacity to the latitude of 

middle managers, who were allowed to diverge from the official corporate strategy formulated by top 

managers—at the time, Gordon Moore and Any Grove had difficulty making decision for the divestiture 

of the DRAM business. Adaptive capacity of this kind can be understood in light of collective 

intelligence, which can emerge through the architecture of hierarchy. 

Hierarchy and Complex Organizations 

Our key findings speak to a stream of renewed research on complex organizations. For a long time, 

organizational theorists have thought of the organization as a complex system (e.g., Simon 1962; 

Lawrence and Lorsch 1967; Galbraith 1973). In particular, Simon (1962) argued that hierarchy is a 

common structural scheme for the architecture of many complex systems and that understanding 

hierarchy is a path to gain deep insights into complex systems. Inspired by Simon’s vision, a new stream 

of research has followed this path, showing some adaptive features of hierarchy (Csaszar 2013; Ethiraj 



 

 

21 

 

and Levinthal 2004; Seshadri and Shapira. 2003; Zhou 2013; Lee and Csaszar 2016; Puranam, Levinthal, 

and Koçak 2016). 

According to Simon (1962: p. 468), a complex system is defined as “one made up of a large 

number of parts which interact in a nonsimple way…” Then, Simon (1962: p. 468) argued: “In such 

systems, the whole is more than the sum of the parts…” However, it has been a daunting challenge to 

understand the collective behavior of the whole systems for decades. In particular, bewildering 

complexity in the topological properties of hierarchical organizations has made it difficult for researchers 

to analyze the interplay between their structures and dynamics occurring on top of them. Combining 

modern computational modeling tools with the actual data of a hierarchical network, we attempt to tackle 

the bewildering organizational complexity and take one step forward in the direction Simon (1962) 

envisioned. We offer a new perspective on complex organizations, in which hierarchy consists of two 

main elements: (1) the actions of actors through the chain of command and (2) its connection topology. In 

this perspective, organizational complexity may arise from three main sources: (1) dynamics of each 

actor, (2) the connection topology of hierarchy, and (3) tangled effects from interactions between the two 

components. 

With this theoretical lens, we can better understand puzzling issues and confusions in the 

literature. For decades, long layers of supervision in large organizations have been perceived as a main 

source of inefficiency (e.g., slow response to environmental change or impediment to innovation), which 

is believed to reduce the adaptability of the system. Our anatomy of hierarchy, however, suggests that 

such a maladaptive outcome should not be a direct consequence of the architecture of hierarchy. As 

shown before, the architecture of hierarchy is a small-world network, which guarantees efficient 

information processing. Even if the number of individuals in an organization increases exponentially, the 

number of degrees of separation among organizational members grows only linearly. However, it is quite 

possible that a hierarchical organization engenders ineffective organizational functioning if superiors 
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abuse their authority. Our analysis of learning dynamics, indeed, shows that maladaptive outcomes are 

likely if actors in the organization underutilize the aforementioned strength inherent in the architecture of 

hierarchy by ignoring good ideas and knowledge of their subordinates. In this scenario, the problem does 

not stem from the hierarchical structure per se, but from individual actors’ behavior. We believe that 

sorting out misunderstanding and confusions in this way will be a promising step toward building a 

systematic body of knowledge on complex organizations and providing remedies for organizational 

failures. 

Our study points to an interesting venue for future research. A hierarchical network has been an 

under-researched area, and there is ample room for future research to find other interesting emergent 

properties we missed in this study. The model and results presented here are a step toward systematic 

research on the effect of real-world organizational structure on organizational functioning. More research 

is needed in several directions. It would be useful to assign richer data structures that more naturally 

describe an organizational hierarchical network—e.g., adding characteristics to each individual or adding 

characteristics to the knowledge exchange links. Additional empirical research may be needed to 

corroborate our main results that the chain of command is essential to enhancing collective intelligence at 

the organizational level. 
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Figure 1. Real-world Hierarchy 

 

(a) Partial View of the Hierarchical Network 

 

 

 
 

 

  



 

 

27 

 

(b) Probability Distribution for Span of Control 
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Figure 2. Idealized Model of Hierarchy 
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Figure 3. Small-World Property of Hierarchical Networks 

 

 

 

 

 

  

n



 

 

30 

 

Figure 4. Patterns of Distribution Sequence 

 

(a) Illustration of Distribution Sequence of Connected Caveman Network 
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(b) Distribution Sequence by Network Type 
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Figure 5. Distribution Sequences Starting from Various Levels in Hierarchy 
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Figure 6. Patterns of Distribution Sequence Starting from Different Levels in Hierarchy  

 

(a) Idealized Model 
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(b) Real-World Hierarchy 
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Figure 7.  Relative Transient Learning Performance by Level 
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Figure 8.  Cross-Level Flow of Learning 

 

(a) Amount of Learning per Time Step 
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(b) Cumulative Amount of Learning over Time 
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Figure 9.  Exposure to Knowledge Diversity by Level 
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Figure 10. Effects of Middle Management Interaction on Performance 
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Figure 11. Effects of Hierarchical Intervention on Performance 
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APPENDICES 

 

Appendix A: Analytical Derivation of the Small-World Property of Hierarchical Networks 

In the main text, we claim that the hierarchical network is a small-world network. To validate 

this claim analytically, we assume the simplest possible hierarchical network such that each node has 

exactly the same span of control k, as shown in Figure 2. In reality, there may exist irregularities: some 

managers may have more subordinates than others, or some department may have more levels of 

supervision than others. But we ignore these irregularities, as they make it difficult to analyze a 

hierarchical network. 

In this hierarchical network, the average path length of a hierarchical network 𝐿hierarchy is 

determined by the maximum number of levels in the hierarchy, l. For simplicity, we assume that the 

maximum length between a pair of nodes chosen at random is less than two times the number of levels (l). 

Now, we can express the size of the network N in terms of k and l as below: 

𝑁(𝑙) = 1 + 𝑘1 + 𝑘2 +⋯+ 𝑘𝑙 

Then, we can derive the size of Lhierarchy as a function of N as follows: 

𝑘𝑁(𝑙) = 𝑘1 + 𝑘2 + 𝑘3 +⋯+ 𝑘𝑙+1 

(1 − 𝑘)𝑁(𝑙) = 1 − 𝑘𝑙+1 

𝑁(𝑙) =
1 − 𝑘𝑙+1

1 − 𝑘
 

𝑙 =
− log[𝑘] + log[1 − (1 − 𝑘)𝑁]

log[𝑘]
 

∴ 𝐿ℎ𝑖𝑒𝑟𝑎𝑟𝑐ℎ𝑦~ log[𝑁] 

As shown above, if the span k is fixed constant and if the maximum length between a pair of 

nodes chosen at random is less than twice the level of the hierarchy, the characteristic length of the 

hierarchy (𝐿ℎ𝑖𝑒𝑟𝑎𝑟𝑐ℎ𝑦) scales only logarithmically as the network size N. This outcome supports our claim 

that the hierarchical network is a small-world network. The numerical (average path length) and 

analytical results (2 × 𝐿ℎ𝑖𝑒𝑟𝑎𝑟𝑐ℎ𝑦) show similar patterns, as shown in Figure 3. 
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Appendix B.  List of Parameter Values 

 n p m s T Ph Others 

Figure 1 4417 - - - - - Real Hierarchy 

Figure 2 259 - - - - - Idealized Model 

Figure 3 varies - - - - - One typical run 

Figure 4 1555 - - - - - One typical run per network 

Figure 5(A) 259 0.2 100 4 500 0 One typical run 

Figure 5(B) 4417 0.1 98 7 1500 0 One typical run 

Figure 6 4417 - - - - - 100 simulation runs 

Figure 7 259 0.2 100 4 100 0 100 simulation runs 

Figure 8(A) 259 0.2 100 4 100 0 100 simulation runs 

Figure 8(B) 259 0.2 100 4 100 0 100 simulation runs 

Figure 9 259 0.2 100 4 100 0 100 simulation runs 

Figure10 259 0.2 100 4 100 0 100 simulation runs 

Figure11 259 0.2 100 4 100 Varies 100 simulation runs 

Appendix D 4417 0.1 98 7 1500 0 100 simulation runs 

 

Note: n = number of individuals, p = learning probability, m = number of knowledge dimensions, s = interdependence 

of a search problem, T = simulation period, Ph = probability of managerial intervention. 

 

 

  



 

 

43 

 

Appendix C: The Generalized Payoff Function 

The detailed description of the payoff function below is taken from Fang, Lee, and Schilling (2010): 

Let (x) denote the payoff function for a bit string x with its dimension m. We assume that (x) is 

characterized by a continuum between two polar ends. On one end of the continuum is a linear payoff 

function L(x)—this is equivalent to the one March (1991) used in his learning model. Let xj denote the jth 

element of the bit string x. Then, the linear payoff function is 

L(x) =


m

j

j

1

  (1) 

where j = 1 if xj corresponds with reality on that dimension; j = 0 otherwise. In our formulation, L(x) is a 

special case of (x). When the payoff function is characterized by (1), it is rather easy for an organization 

to search for higher payoff points because the payoff of each problem is independent from others. 

Consider the other extreme on the continuum: Hinton and Nowlan’s (1987) payoff function, which is 

known as a “needle-in-a-haystack” search problem. Let H(x) denote this payoff function. There is only 

one peak in a space of 2m possibilities. Unlike March’s linear search problem, this problem is very hard 

because the search landscape provides no clue for guiding evolution to the peak. For instance, suppose m 

= 10. For simplicity, suppose that a bit string representing the highest payoff is 1111111111. There are 

zero payoffs to even minor deviations from this configuration (for example, 1011111111 and 

1101111111). That is, even when the organization is one step away from the peak, there is no clue by 

which the organization can infer where the peak is. Only random trial and error can lead it to the peak. At 

this level of interdependency, it is extremely hard for organizations to improve their performance—a 

manifestation of the “non-evolvability condition” discussed in Kauffman (1993). 

Between the two extreme cases, there is a middle ground, where an m-bit string is partitioned into l 

independent subsets. Within each subset, there are s bits, whose performance is coupled. Note that l = m/s. 

Formally, we represent our generalized payoff function as 

(x) = )...(
1

2

11





m

smj

j

s

sj

j

s

j

js   (2) 

Here, s serves as a tunable parameter that can control the difficulty of the search problems, and 1 sm. 

When s = 1, (x) = L(x). When the value of s is increased, the search problem becomes more 

interdependent. The bigger the value of s, the more interdependent the search problem. When s = m, the 

search problem becomes Hinton and Nowlan’s (1987) payoff function. That is, 

(x) = 


m

j

jm
1

  = H(x) (3) 
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For instance, suppose reality is represented by a string of 11111 11111 and we set our parameter s to 5. 

The payoff to one individual A whose beliefs are 11100 11111 is: 5×1×1×1×0×0 + 5×1×1×1×1×1 = 5. The 

payoff to another individual B whose beliefs are 11111 11111 is: 5×1×1×1×1×1 + 5×1×1×1×1×1 = 10. If 

we set our parameter s to 10, A’s payoff will be 0 while B’s will remain at 10. Thus, the higher the s 

parameter, the more complex the problem. 

The main benefit of this characterization of the m/s payoff function is that we can control the difficulty of 

a search problem with only a single parameter s. An organization’s performance is measured as the 

average performance across all individuals in the organization.  
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Appendix D: Results of Simulations on the Real-World Hierarchical Network 

(a) Relative Transient Learning Performance by Level 
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(b) Cross-Level Flow of Learning  

 

 
 

Level 3  Level 4

Level 5  Level 4

Time

C
u

m
u

la
ti

v
e 

a
m

o
u

n
t 

o
f 

le
a

rn
in

g



 

 

47 

 

(c) Exposure to Knowledge Diversity by Level 
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