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Abstract 
 

This paper investigates the role of the market for knowledge in shaping firm hierarchy—that is, the 

span of control and the number of layers. We predict that, the larger the extent of the market for 

knowledge, the larger the span of control and the fewer the layers. We test our predictions using a 

rich database representing industrial firms in Italy during 2005-2018. Our identification strategy is 

based on existing cross-regional and cross-industry heterogeneity within the extent of the market for 

business services’ providers and instrumental variables. Results confirm that firms are flatter as the 

regional market for knowledge expands.    
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I. Introduction 

 

Economists, management consultants, international organizations and the popular press have 

recognized that modern firms base their competitive advantage on the use of knowledge. So how do 

firms manage knowledge? This work discusses how firms determine their hierarchical structure for 

managing the knowledge required in the production processes. In particular, we hypothesize and 

test that the shape of a firm’s hierarchy depends, ceteris paribus, on the availability of the required 

knowledge outside of the firm’s boundaries—that is, in the market for knowledge.  

We exploit a powerful idea of Garicano [2000] who has shown that the hierarchical structure of 

organizations increases the utilization rate of knowledge by shielding specialized supervisors or 

managers from solving routine problems and allowing them to focus on solving exceptional 

problems instead.1 Thus, the greater the level of predictability within a firm’s production process, 

the greater the likelihood that the problems faced by the firm are relatively simple and solvable with 

the knowledge available from lower layers in the firm. In that case, adding upper layers of 

specialized supervisors is unnecessary. Otherwise, whenever the match between problems and 

solutions is costly at a firm’s lower layers, the firm adds an upper layer of problem-solvers to 

leverage their knowledge. In that way, the organization reduces the learning costs inherent in 

solving problems but increases the costs of communicating solutions between layers.  

But when exceptional problems are frequent, what are the alternatives to adding layers of 

supervisors? In such cases, a firm may resort to the market for knowledge, typically by buying the 

solution from providers of specialized business services, instead of relaying the problems to 

supervisors or managers.2 To the best of our knowledge, the theoretical and empirical literature on 

knowledge-based hierarchies has not paid enough attention to that alternative.3  

Our work fills that gap by examining how the market for knowledge affects firm hierarchy. In 

particular, we seek to answer the following question: How do firms shape their hierarchies if they 

can acquire the knowledge that they need from the market? To answer that question, we add the 

                                                 
1 Garicano [2000] has provided the example of the shop floor of a production plant, where machinists deal with most 
problems related to the standard operation of the machines and where unexpected downtime involving exceptional 
problems may require the attention of a mechanical supervisor.  
2 As an example to clarify our approach and show possible extensions beyond industrial firms, non-expert radiologists 
in cardiac care rooms diagnose routine cases and request help from experts regarding cases that they find difficult to 
diagnose, such that expert radiologists in the organization intervene only when residents encounter a problem that is 
sufficiently exceptional (cf. Garicano and Rossi-Hansberg [2012]). At the same time, the market for medical services 
can substitute for internal medical hierarchy—for instance, in the case of hospitals in the United States that acquire 
radiology services (e.g., diagnoses) from radiologists in India (cf. Pollack [2003]) 
3 There are several notable exceptions. Garicano [2000] has provided a preliminary description of the market for 
knowledge in section F of “Implications and Discussion” (p. 901), while Garicano and Rossi-Hansberg [2006, 2012] 
have offered an analysis of how a knowledge-based hierarchy can be decentralized into knowledge transactions. In 
Section II(ii), we refer to their theoretical framework and explain how it differs from ours.    



3 
 

market for knowledge to Garicano’s [2000] basic model to inquire into how it affects the 

fundamental dimensions of firm hierarchy—that is, the number of layers and the span of control. 

Using a rich database representing industrial firms in Italy, we confirm our predictions and show 

that the extent of the regional market for business services’ providers increases the number of 

subordinates per supervisor (i.e., the average span of control) and reduces the number of layers in 

industrial firms headquartered in that region.   

Our paper contributes to several streams of research. The first one is the mentioned literature on 

knowledge-based hierarchies (Garicano [2000, 2010]; Garicano and Rossi-Hansberg [2004, 2006, 

2012, 2015]; Garicano and Wu [2012]), wherein two structural factors that shape firm hierarchy 

have attracted the most attention: technology and product market competition. Regarding 

technology, Garicano and Rossi-Hansberg [2004] have examined how reducing the costs of 

communicating knowledge by adopting novel communication technology (CT) affords hierarchies 

with a larger span of control. Garicano and Rossi-Hansberg [2006; 2012], including both CT and 

information technologies (IT) as factors shaping firm hierarchy, showed that CT increased both the 

span of control and the number of layers in a firm, whereas adopting new IT, which reduces the cost 

of learning, led to a decrease in the number of layers. Bloom et al. [2014] built proxies for both IT 

and CT in a large sample of firms in Europe and the United States and showed the heterogenous 

effect of these types of technology on firm hierarchy. Delmastro [2002] obtained results similar to 

Bloom et al. [2014] but in a sample of firms active in Italy’s metalworking industry. Product market 

competition affects firm hierarchy, as well. Guadalupe and Wulf [2010] found that firms in the 

United States reduced their number of layers and increased the span of control of their top managers 

due to increased competitive pressures following the liberalization of trade between Canada and the 

United States in 1989. Caliendo and Rossi-Hansberg [2012] have additionally shown that the trade 

liberalization reduces the number of layers of non-exporters but increases it for exporters. More 

recently, Barba Navaretti et al. [2020] found that introducing technical barriers to trade in exporting 

countries prompted firms to increase their share of managers at the top hierarchical layer. Cooke et 

al. [2021] examined a comprehensive deregulation event that occurred across municipalities in 

Portugal from 2005 to 2009 and found that pro-competitive deregulation in the product market 

implied a reduction in the number of layers and an increase in the managers’ span of control. 

Caliendo et al. [2015] and Caliendo et al. [2020] have shifted focus away from those two structural 

factors of firm hierarchies and instead explored how demand shocks affect the number of layers in 

French and Portuguese firms, respectively. 

We contribute to that stream of literature by investigating how the extent of the market for 

knowledge affects firm hierarchy above and beyond the aforementioned factors. First, we construct 
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a model in which firms can pay external specialized problem-solvers instead of bearing higher costs 

for learning and communicating knowledge. In our setting, using the market for knowledge is an 

alternative to maintaining deeper hierarchies. Second, we conduct, to the best of our knowledge, the 

first empirical test on the role of the market for knowledge in firm hierarchies, by employing 

granular data about the layers within organizations in a representative sample of firms in Italy. 

The richness of our data allows us to study the determinants of the supervisors’ span of control and 

the number of layers across industries. We complement those firm-level data on hierarchies with 

information about the extent of the market for knowledge-intensive business services (KIBS) in the 

region where firms are located. The market for KIBS is one in which solutions for solving 

production problems faced by firms are sold and bought. According to Muller and Doloreux [2009, 

p.65], KIBS “mainly concerned with providing knowledge-intensive inputs to the business process 

of other organizations”. Evangelista et al. [2015, p.965] have added that the sector “includes all 

industries that provide intangible intermediate inputs to the rest of the economy”. Adopting an 

identification strategy that is based on the cross-regional and cross-industry heterogeneity in the 

extent of the market for business services’ providers and instrumental variables, we find that firms 

are flatter as the regional market for knowledge expands. 

Second, and more broadly, our work relates to the literature that addresses hierarchy as a tool for 

supervising subordinates (Williamson [1985]).4 Rajan and Zingales [2001] introduced a scenario in 

which an entrepreneur gives their subordinates access to the core of the firm’s technology—the so-

called “critical resource”’ (cf. Rajan and Zingales [1998a])—in order to specialize and enhance 

their knowledge. Although proximity affords better access to the core technology and thus enhances 

learning, subordinates may expropriate that core (i.e., the critical resource), establish their own 

businesses, and, in turn, compete with the entrepreneur. To diminish that risk, entrepreneurs should 

reduce the number of layers between themselves and subordinates and increase their span of 

control. In that case, a puzzle emerges: while theories on knowledge-based hierarchies (Garicano 

[2000, 2010]; Garicano and Rossi-Hansberg [2004, 2006, 2012, 2015]; Garicano and Wu [2012]) 

predict positive returns from deeper hierarchies in terms of utilization rate of knowledge, Rajan and 

Zingales [2001] and the hold-up theory seem to suggest negative returns from deeper hierarchies in 

terms of looser control over subordinates and higher risk of expropriation. However, if knowledge 

can be bought into the market, the hold-up theory would predict firms with a higher number of 

                                                 
4 In the theoretical literature, the hierarchical structure has also been studied and justified as a mechanism to lower 
transaction costs (Coase [1937]), coordinate tasks (Williamson [1967]), provide employers with power over their 
employees (Marglin [1974]), furnish motivations (Calvo and Welisz [1978, 1979]), gather information (Bolton and 
Dewatripont [1994]), allocate risks and decision-making power (Wulf [2007]; De Varo and Prasad [2015]) and 
encourage specific investments (Hart [1995]; Rajan and Zingales [1998a]). Chen and Suen [2019] have provided a 
stylized representation of hierarchies that is general enough to be consistent with multiple explanations.  
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layers and a lower span of control because proximity to the core (i.e., the critical resource) and 

shorter hierarchies to control subordinates become less necessary. Instead, our primary theoretical 

and empirical results are supportive of the theory on knowledge-based hierarchies, as they show 

that the larger the extent of the market for knowledge, the lower the number of layers and the larger 

the span of control. Those findings clarify that shorter hierarchies may well depend on a larger 

market for knowledge, the development of which may reduce the necessity of proximity to the 

critical resource and expropriation costs borne by entrepreneurs. 

Third, our paper contributes to the knowledge-based theory of the firm, according to which firms 

are coordinated nexuses of workers’ knowledge (e.g., Kogut and Zander [1992]; Conner and 

Prahalad [1996]; Grant [1996]). According to that theory, a firm’s organization does not chiefly aim 

to allocate tangible resources but is a tool for enhancing the utilization of intangible assets across 

the firm’s units, including managers’ specialized knowledge and oversight (Atalay et al. [2004]; 

Garicano and Hubbard [2016]; Halac and Prat [2016]). Our paper relates to that literature in two 

ways. First, we empirically unpack a firm’s knowledge into related ‘blocks’ proxied by workers’ 

level of occupations (i.e., white collar, blue collar, middle management, management, and the 

entrepreneurs). Second, we offer a more comprehensive theoretical framework in which using the 

market for knowledge is an alternative to maintaining firm hierarchy. In our framework, knowledge 

can be provided both within the firm through upper layers of supervisors and by specialized 

problem-solvers in the market for knowledge. In that sense, the potential knowledge set of a firm is 

larger than the firm’s boundaries (Brusoni et al. [2001]) and increases as the market for knowledge 

expands. Thus, we employ a broad conceptualization of the market for knowledge that embraces 

transactions whose object is an intangible service (i.e., a solution) that supports firms’ production 

processes (Arora et al. [2001]). 

Last, our paper contributes to the literature on the role of KIBS in developing clients’ industries 

(O’ Farrell and Moffat [1995]) and, by extension, economies and territories. Several works have 

provided sound evidence that KIBS are associated with structural changes within territories 

(Duranton and Puga [2005]; Meliciani and Savona [2015]), industrial firms’ innovation (Muller and 

Zenker [2001]), and productivity. In that regard, our work suggests that the extent of the market of 

knowledge, specifically regarding the relevance of KIBS in a region, shapes the hierarchical 

structure of industrial firms.    

The rest of the paper is organized as follows. In Section II, we propose a simple theoretical 

framework that identifies how, ceteris paribus, the market for knowledge affects the span of control 

and the number of layers. From that theoretical framework, we derive our primary predictions. In 

Section III, we describe the data and the variables used in this work to test our predictions. In 
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Sections IV and V, we present the empirical analysis and results, respectively. Section VI provides 

some concluding remarks.  
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II. A theoretical setting 

 

II(i). Our starting point: Garicano [2000]  

 

According to Garicano [2000], the firm is a hierarchical means of managing knowledge: When 

workers in lower layers of the firm encounter problems that they cannot solve, they turn to 

supervisors in the next-higher layer in the hierarchy (Figure 1, panel A).  

Let us assume that all agents involved in a production process are endowed with one unit of time 

that they spend in the firm. Let Ω ⊂ 𝑅+ be the set of all possible production problems that a firm 

may face and 𝐴𝑖 ⊂ 𝛺 be the set of problems that an agent, 𝑖, is able to solve—that is, problems 

within their knowledge set. Production requires that problem 𝑧 ∈ Ω be solved, which happens 

whenever 𝑧 ∈ 𝐴. If the problem 𝑧 can be solved, then potential for production becomes 𝑄 units of 

output. Instead, if an agent cannot solve the problem, then they will ask their supervisor in the next-

highest layer within the firm’s hierarchy for a solution. 

Each agent can learn the knowledge to solve the problem at the cost of 𝑐 < 1, in which 𝑐 is the 

learning cost per unit of time. Thus, learning how to solve all problems in the interval [0, 𝑧] has a 

cost of 𝑐𝑧.  

If the supervisor has the solution, then they will spend a fraction of a unit of time, ℎ < 1—that is 

the communication cost per unit of time—on communicating the solution to the agent in the lower 

layer. Otherwise, if the conditional probability of solving the problem is enough to bear the 

associated costs, the supervisor will ask their own supervisor at the next-highest layer in the firm, 

and so on, until the problem reaches the highest layer, occupied solely by the entrepreneur. Thus, 

fractions 𝑐 and ℎ represent two kinds of costs that a firm incurs to make solutions to production 

problems internally. The learning cost, 𝑐, negatively depends on several factors, including the range 

of expertise acquired by members of each layer (e.g., via employee training, learning by doing, and 

education). The communication cost, ℎ, depends on communications technology, including 

investments in CT and process innovation.   

To add tractability, problems are ordered from the most common to the most exceptional and 

drawn from an exponential distribution. Thus, a firm solves the fractions of problems 𝐹(𝑧) = 1 −

𝑒−𝜆𝑧. The unique parameter of the exponential distribution, 𝜆 > 0, thus characterizes the 

predictability of the firm’s production process. The greater the predictability, 𝜆, the greater the 

likelihood that production problems are relatively simple and therefore solvable with the knowledge 

available within the lower layers of the firm. 
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Consider the case of an entrepreneur who hires a number of workers, 𝑛, and forms a hierarchy 

with two layers, the top layer of which will be occupied by the entrepreneur. Let us use subscript 𝐸 

to indicate the entrepreneur and subscript 𝑤 to indicate workers. Each worker has a knowledge set, 

𝐴𝑤, whereas the entrepreneur’s knowledge set is 𝐴𝐸 . The firm solves problems in the interval 

[0, 𝑧𝑤
2 + 𝑧𝐸

2], in which the superscript “2” indicates that the firm has two layers. Each worker solves 

a fraction of problems (1 − 𝑒−𝜆𝑧𝑤
2 ), whereas the problems that workers cannot solve are relayed to 

the entrepreneur. The entrepreneur spends ℎ𝐸  unit of time on communicating the solution if the 

problem falls within their knowledge set. In that way, the entrepreneur can deal, at most, with 1
ℎ𝐸

 

problems. The entrepreneur’s time constraint is ℎ𝑛𝑒−𝜆𝑧𝑤
2 ≤ 1, meaning that they can hire 𝑛 = 𝑒𝜆𝑧𝑤2

ℎ
  

workers at most.  

The learning cost is lower at each successively higher layer within the firm, namely 𝑐𝑤 > 𝑐𝐸. 

That condition is the primary reason for maintaining a hierarchy as a means to increase the 

utilization rate of knowledge. Because the communication of solutions flows downward from 

supervisors to subordinates, adding a layer increases the cost of such communication, however. 

Thus, while taking account of that trade off, the firm has to decide how many layers to have, what 

each agent on each layer needs to learn, and whom each agent should ask when confronted with an 

exceptional problem. The optimal organization has a pyramidal shape, with production workers at 

the base and fewer supervisors or managers who learn knowledge to solve exceptional problems 

(Figure 1, panel A).  

  [Insert Figure 1 about here]    

II(ii). Our contribution to theory: Firm hierarchy and the market for knowledge 

 

In our study, we add a market for knowledge to Garicano’s [2000] basic model and examine the 

potential make-or-buy dilemma that a firm may face for increasing the utilization rate of 

knowledge. In that dilemma, instead of relaying an unsolved exceptional problem to the next-

highest layer in the hierarchy, the firm could pay someone outside the firm, typically a business 

service provider, to solve it. Thus, according to our model, the hierarchy’s shape depends on the 

costs of learning and communicating solutions internally—that is, “making” solution—versus the 

cost of “buying” those solutions on the market for knowledge (Figure 1, panel B).  

Let us indicate with 𝑝 (where 𝑝 < 1) the cost of buying a solution in the market. Similar to c and 

ℎ, 𝑝 is normalized in terms of units of time; each agent can “buy” time—that is, find solutions on 



9 
 

the market at the cost of 𝑝—instead of spending time learning how to solve the problem (𝑐) and/or 

communicating the solution (ℎ). We assume that the greater the extent of the market for knowledge, 

the lower the cost of buying solutions (𝑝). 

In a previous extension of Garicano’s [2000] model resembling our work with the market for 

knowledge, Garicano and Rossi-Hansberg [2006] conceived that each agent can buy solutions from 

providers of consultant services at the cost of a consulting fee. In their theoretical framework, the 

authors predicted the consequences of that market for the wage inequality between workers and 

managers within the firm. Moreover, they derived, under wage equalization, an equivalence 

between knowledge-based hierarchies and (knowledge) transactions acquired on the market for 

consultant services.  

Although Garicano and Rossi-Hansberg’s [2006] framework and ours shares certain features, 

two major differences set them apart. One, Garicano and Rossi-Hansberg [2006] investigated labor 

market equilibrium and focused on the wages of workers and managers when firms can buy 

knowledge in the market for consultant services, and their framework reflects that intention. 

Instead, we are interested in the consequences of the extent of the market for knowledge for the 

hierarchical structures of firms. Second, whereas Garicano and Rossi-Hansberg [2006] stressed the 

equivalence between hierarchy and the market for knowledge, in our framework firms manage 

knowledge using a combination of both internal hierarchy and the market for knowledge, the latter 

of which becomes more relevant as its extent increases. 

II(iii). The model and testable predictions 

 

The design of a firm’s hierarchy involves determining the number of layers or depth, 𝐿, which 

represents the vertical dimension of the hierarchy, and the span of control or breadth, 𝐵, which 

represents the horizontal dimension of the hierarchy. Garicano [2000] has identified the first key 

trade-off faced by the firm as being between learning (c) and communication (h) costs. Indeed, by 

adding layers of problem-solvers, the firm increases the utilization rate of knowledge, thereby 

economizing on learning but increasing communication costs. We add a second trade-off, one 

between the knowledge managed via the hierarchy (which involves communication and learning 

costs, 𝑐 and ℎ, respectively) and the knowledge bought on the market (which involves the cost of 

buying solutions, 𝑝).  
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Given the existence of a market for knowledge, the supervisor or manager may now deal with a 

maximum of 1
ℎ

+ 1
𝑝
 problems. The entrepreneur’s time constraint becomes ℎ𝑝𝑛𝑒−𝜆𝑧𝑤2

𝑝+ℎ
≤ 1, and thus 

they can hire at maximum of 𝑛 = 𝑒𝜆𝑧𝑤2 (𝑝+ℎ)
𝑝ℎ

= 𝑒𝜆𝑧𝑤2

ℎ
+ 𝑒𝜆𝑧𝑤2

𝑝
 subordinates. The net expected output is:  

(1) 𝑦𝑀
2 = 𝑄(1 − 𝑒−𝜆(𝑧𝑤

2 +𝑧𝐸
2)) − 𝑐𝐸𝑧𝐸

2 − 𝑛𝑐𝑤𝑧𝑤
2 − 𝑝𝑒−𝜆(𝑧𝑤

2 +𝑧𝐸
2) 

in which 𝑦𝑀
𝐿  indicates the output of a firm with 𝐿 layers that can use the market (subscript M) for 

knowledge. Equation 1 can be rewritten as follows:  

𝑦𝑀
2 = 𝑄(1 − 𝑒−𝜆(𝑧𝑤

2 +𝑧𝐸
2)) − 𝑐𝐸𝑧𝐸

2 − (
𝑒𝜆𝑧𝑤

2

ℎ
+

𝑒𝜆𝑧𝑤
2

𝑝
) 𝑐𝑤𝑧𝑤

2 − 𝑝𝑒−𝜆(𝑧𝑤
2 +𝑧𝐸

2) 

In that configuration, 𝐿 = 2 and 𝐵 = 𝑒𝜆𝑧𝑤2

ℎ
+ 𝑒𝜆𝑧𝑤2

𝑝
. Thus, the entrepreneur may buy solutions instead 

of making them within the firm. The span of control is negatively related to p: owing to a reduction 

in p, the entrepreneur can save time and devote it to controlling a greater number of subordinates. 

That setting can be readily generalized to a firm with 𝐿 > 2 layers in which subordinates, placed 

in layer 𝑙 (with 𝑙 ≤ 𝐿 − 1), ask their managers—namely, members in higher layers—to solve their 

production problems. Alternatively, the organization can buy knowledge on the market. If the firm’s 

knowledge set is 𝐴 = 𝑧𝐸
𝐿 + ∑ 𝑧𝑙

𝐿𝐿−1
𝑙=1 , then the expected output of the firm is:  

(2) 𝑦𝑀
𝐿 = 𝑄(1 − 𝑒−𝜆𝐴) − 𝑐𝐸𝑧𝐸

𝐿 − ∑ 𝑛𝑙
𝐿𝐿−1

𝑙=1 𝑐𝑙
𝐿𝑧𝑙

𝐿 − 𝑝𝑒−𝜆𝐴 

subject to a time constraint for each manager at the layer 𝑙, presented as:  

 

(3) ℎ𝑝𝑛𝑙−1
𝐿 𝑒−𝜆𝑧𝑙−1

𝐿

𝑝+ℎ
≤ 1 

 

From that setting, we first derive two testable predictions, as follows.  

Prediction 1. The span of control at each layer l (𝐵𝑙) negatively depends on the cost of buying 

solutions in the market (𝑝).  

Proof. Given the time constraint (Equation 3), the span of control of one manager at the layer 𝑙 is  

(4) 𝐵𝑙 = 𝑒𝜆𝑧𝑙−1
𝐿

ℎ
+ 𝑒𝜆𝑧𝑙−1

𝐿

𝑝
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According to Equation 4, the higher the cost of buying solutions on the market, the narrower the 

span of control.5 By the same token, a reduction in 𝑝 incentivizes the firm to buy solutions on the 

market for knowledge instead of ‘making’ them internally. As a result, the manager’s average time 

available to control subordinates increases, as does their span of control. Thus, the firm becomes 

flatter. ∎ 

Prediction 2. The number of layers (L) positively depends on the cost of buying solutions on the 

market (𝑝).   

Proof.  

Consider two firms, the first of which has 𝐿 layers, whereas the second has (𝐿 − 𝑘) layers. The first 

firm thus has more depth than the second one and exploits its greater hierarchy to solve exceptional 

problems. As such, without the market for knowledge, the first firm would produce a higher output 

than the second one. Now assume that the second firm, with (𝐿 − 𝑘) layers, can access and use the 

market for knowledge, while the first, with 𝐿 layers, cannot. As a consequence, the second firm, 

with (𝐿 − 𝑘), may acquire the needed knowledge from the market and thereby obtain a higher 

expected output despite having fewer layers than the first firm. Using Equation 2, we have that 

𝑦𝑀
𝐿−𝑘 > 𝑦𝐿 if the cost of buying solutions on the market, 𝑝𝑒−𝜆𝐴𝐿−𝑘 , is less than the cost of adding 

the 𝐿th layer. Thus, a firm characterized by a short hierarchy may have a higher expected output.  

For instance, consider two firms, one with four layers (Figure 1, panel A) and the other with 

three layers (Figure 1, panel B). The firm with three layers could obtain a higher expected output 

than the firm with four layers, if:  

𝑄(1 − 𝑒−𝜆𝐴3) − 𝑐3𝑧3
3 − ∑ 𝑛𝑙

32
𝑙=1 𝑐𝑙

3𝑧𝑙
3 − 𝑝𝑒−𝜆𝐴3 > 𝑄(1 − 𝑒−𝜆𝐴4) − 𝑐4𝑧4

4 − ∑ 𝑛𝑙
43

𝑙=1 𝑐𝑙
4𝑧𝑙

4.  

That condition may hold when the firm with three layers has access to the market for knowledge, 

whereas the firm with four layers does not. 

The market for knowledge affects the number of layers. While a higher 𝑝 incentives to add upper 

layers, a reduction in 𝑝 makes solutions of productive problems cheaper and encourages upper 

layers to be substituted with knowledge transactions on the market. Thus, the firm reduces the depth 

of its hierarchy. ∎ 

                                                 
5 The relationship between 𝐵𝑙  and 𝑝 can be expressed by a natural logarithmic transformation. Equation 4 can be 
reformulated as ln(𝐵𝑙) =  𝜆𝑧𝑙−1

𝐿 + ln(𝑝 + ℎ) − ln(𝑝) − ln (ℎ), which implies that 𝜕 ln(𝐵𝑙)
𝜕ln (𝑝)

= 𝑝
𝑝+ℎ

− 1. As a result, 𝜕 ln(𝐵𝑙)
𝜕ln (𝑝)

 
is negative for non-null values of h. That formulation is similar to Equation 7 in the empirical analysis (Section IV).  



12 
 

With reference to Garicano [2000; pp. 889-893 and his predictions 5, 6 and 7), the model also 

allows making two addition predictions, as follows.  

Prediction 3. The span of control (𝐵𝑙) is positively related to the predictability of the process and 

negatively related to learning costs and communication costs (proof: Section A.I, Online 

Appendix).  

Prediction 4. A reduction in communication costs (h) may increase or decrease the number of 

layers; a reduction in the learning costs (c) does not increase and may decrease the number of 

layers; and a reduction in the predictability (𝜆) of the process does not reduce but may increase the 

number of layers (proof: Cf. Section A.I, Online Appendix). 

Table I summarizes our predictions. 

[Insert Table I about here] 
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III. Data and descriptive analysis 
 

III(i). Data sources 

 

We use an original database compiled by recovering information from various sources. Data on 

firms come from the Rilevazione Longitudinale Imprese e Lavoro (RIL), a mandatory survey 

conducted in a representative sample of firms in Italy by the Istituto Nazionale per l’Analisi delle 

Politiche Pubbliche (INAPP). Conducted in five waves (i.e., in 2005, 2007, 2010, 2015 and 2018), 

the RIL gathered data representing partnerships and limited liability companies in all size classes 

that operate in private non-agricultural sectors in Italy.6 

Various features of the RIL made it appropriate for our work. First, because the survey’s aim 

was to collect accurate information from firms in Italy about the characteristics of their labor 

demand, including the number of employees per occupational category, we are able to develop 

proxies for the span of control and the number of layers within firms. Second, because the RIL had 

multi scopes, we can control for a large set of firms’ observable characteristics, particularly ones 

related to the primary parameters of the model: predictability (𝜆), learning costs (𝑐), and 

communication costs (ℎ). Third, the RIL database contains information regarding the industry in 

which each firm is active and the geographical region where it is located. That information is 

critical to assessing the role of the extent of the market for knowledge in the hierarchies of firms. 

Indeed, as detailed in Section IV(i), for a proxy for the market for knowledge, we use the 

information about the extent of the market for KIBS in the (NUTS 27) region where each firm’s 

headquarters are located. We also take advantage of the fact that, because some industries are more 

intensive than others in the use of KIBS, firms active in different industries have a heterogeneous 

level of sensitiveness to the cost of solutions purchasable on the market.   

In line with previous works (Colombo and Delmastro [1999]; Delmastro [2002]; Guadalupe and 

Wulf [2010]; Caliendo et al. [2015]; Barba Navaretti et al. [2020]; Caliendo et al. [2020]), we focus 

on industrial firms8 for two major reasons. First, industrial sectors are, on average, less regulated 

                                                 
6 In the Online Appendix (Section A.II.), we provide additional information regarding the representativeness of the 
database and the distribution of firms by industry and regions.  
7 The Nomenclature of Units for Territorial Statistics (NUTS) indicates a hierarchical classification of administrative 
areas used by the European Statistical Office (i.e., Eurostat). The RIL database contains the NUTS 2 degrees of 
aggregation, which, in Italy, correspond to regions. Additional information about the classification is available at 
https://ec.europa.eu/eurostat/web/nuts/background. 
8 Using the NACE (rev 1.1) classification, we consider several firm sectors of the Italian economy: mining and 
quarrying (Section C); manufacture of food, beverages, and tobacco (Subsection DA); manufacture of textile and 

https://ec.europa.eu/eurostat/web/nuts/background
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and more exposed to product market competition than services sectors (Inklaar et al. [2008]). That 

circumstance is relevant in our case, given the well-known link between competitive pressure and 

firms’ hierarchical decisions (Guadalupe and Wulf [2010]; Caliendo and Rossi-Hansberg [2012]; 

Barba Navaretti et al. [2020]). Second, industrial sectors are highly intensive when it comes to 

research and development (R&D), the most innovative, and where advances in productivity most 

often occur (Pilat et al. [2006]; Castaldi [2009]). For those reasons, the hierarchical organization of 

knowledge is certainly relevant in industrial firms. 

Data regarding the extent of the market for KIBS in NUTS 2 regions in Italy are recovered from 

the Italian National Institute of Statistics (ISTAT) database on “Regional Structural Business 

Statistics”, while data on the input-output dependence of industrial sectors on KIBS sectors are 

derived from input-output (I-O) use tables maintained by ISTAT.  

Last, relevant information for constructing the instrumental variables for the econometric 

analysis (i.e., the diffusion of broadband connections among firms and the share of regional 

employment in cooperative businesses) is recovered from ISTAT’s database “Territorial Indicators 

for Development Policies” (particularly the item “Information Society”).  

In Section A.III in the Online Appendix, we provide additional information on our data sources 

and our procedure for constructing the proxies for the extent of the market for KIBS, the control 

variables and the instrumental variables.   

III(ii). Data on firm hierarchy 

 

We need to operationalize in the data the two primary dimensions of a firm’s hierarchy, namely the 

span of control and the number of layers. A layer (l) is conceived as a group of employees with 

comparable knowledge and who perform tasks with a similar level of authority. The RIL database 

allows us to track the number of employees in four occupational categories, consistently defined 

over the five waves of the survey: (i) managers, (ii) middle managers, (iii) clerical employees and 

white-collar workers, and (iv) blue-collar workers. In line with Caliendo et al. [2015] and Caliendo 

et al. [2020], we group and order those occupational categories into four layers:  

(1) Workers, meaning all employees in occupational categories (iii) and (iv);9 

                                                 
wearing, wood, and paper and reproduction (Subsections DB+DC+DD+DE); manufacture of coke, chemicals, and 
metals (Subsections DF+DG+DH+DI+DJ); manufacture of machinery and equipment (Subsections DK+DL+DM);  
other Manufacturing (Subsection DN); and supply and distribution of electricity, gas, and steam and water supply 
(Section E). 
9 The decision to merge occupational categories (iii) and (iv) into a single layer is due to the similar knowledge that 
employees in those categories have (cf. Caliendo et al. [2015]). 
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(2) Middle-managers, meaning all employees in occupational category (ii); 

(3) Managers, meaning all employees in occupational category (i); and 

(4) Entrepreneur, or owner, who is, by definition, present in all firms (Caliendo and Rossi-

Hansberg [2012]). 

After defining what constitutes a layer (l), we can construct proxies for the two dimensions of 

firm hierarchy. We count the number of non-empty10 layers to measure the hierarchy’s vertical 

dimension (Colombo and Delmastro [1999]; Colombo and Delmastro [2004]; Colombo and Grilli 

[2013]; Caliendo et al. [2015]; Caliendo et al. [2020]):   

(5) 𝐿𝑓𝑡 = number of non-empty layers in firm f in year t 

Thus, Lft  is a count of the layers in firm f in year t and ranges from 1 (i.e., a one-layer firm or self-

employed worker) to 4 (i.e., at least one employee in each layer). 

We measure the horizontal dimension of the hierarchy of firm f in year t, Bft, by calculating the 

average supervisors’ span of control at the firm level. Using the information on employees across 

layers, we first calculate the span of control at each layer l of supervisors (Blft) as the number of 

subordinates in layer l-1 per specialized supervisor. If the adjacent superior layer (l) is empty, then 

the ratio is calculated by dividing the number of employees in layer l-1 by the number of 

supervisors in the non-empty layer, l+1, up to the layer of the entrepreneur who, by definition, is 

present in all firms. After calculating Blft, we take its average across the number of non-empty layers 

in firm f to obtain the average span of control of supervisors at the firm-level:11  

(6) 𝐵𝑓𝑡 =
∑  𝐵𝑙𝑓𝑡𝑙

𝐿𝑓𝑡
 

By construction, firms with 𝐿𝑓𝑡=1 show 𝐵𝑓𝑡= 0. We first include these firms in the empirical 

analysis, and later check the robustness of the results to the exclusion of them (Section V(iv)(d)).  

To determine whether the classification of occupational categories in the RIL database is suitable 

for constructing proxies for the hierarchy of industrial firms in Italy, we first present the distribution 

of firm size by the number of layers, as shown in Figure 2.  

                                                 
10 A non-empty layer is one with a non-zero number of employees.  
11 In the theoretical model, we derive the effect of the market for knowledge on the span of control for a single layer l of 
the hierarchy, Blft (Prediction 1). However, in our empirical analysis, we first explore the effect of the market for 
knowledge on the average span of control of the firm, as shown in Section V(i), to gain insight into how firms change 
their average horizontal dimension of the hierarchy as the market for knowledge increases. Second, we assess the role 
of the market for knowledge in the span of control of each layer l of the firm f (Blft) to investigate the granular 
mechanisms occurring in the different layers of the firm, as discussed in Section V(iii).  
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[Insert Figure 2 about here] 

Firms with more layers tend to have more employees (Figure 2, panel A) and higher turnover 

(Figure 2, panel B). Those results align with both theory (e.g., Caliendo and Rossi-Hansberg 

[2012]) and empirical evidence from firms in France (Caliendo et al. [2015]) and Portugal 

(Caliendo et al. [2020]; Cooke et al. [2021]).  

Second, as shown in Figure 3, we graphically determined the representative hierarchy of an 

industrial firm in Italy during 2005-2018.  

[Insert Figure 3 about here] 

In Figure 3, each layer is a rectangle, with a length equal to the average number of employees 

therein and a height equal to the percentage of firms in the sample with the same layer. The typical 

firm thus takes a pyramidal shape, with lower layers having, on average, more employees, as 

predicted by Garicano [2000] and Caliendo and Rossi-Hansberg [2012]. In our data, intermediate 

layers (i.e., managers and middle managers) are less frequent than the extreme ones (i.e., 

entrepreneur and workers). Back to the figure, the sum of the layers’ lengths is equal to the size 

(i.e., number of employees) of the average firm in the sample, whereas the sum of the layers’ height 

indicates the firm’s depth. The representative hierarchy in the sample shows 𝐿𝑓𝑡 = 2.332 layers and 

an average span of control of 𝐵𝑓𝑡 =13.884 subordinates per supervisor, as the arrows in Figure 3 

show.   

Table II provides some descriptive statistics regarding the number of firms, the horizontal and 

vertical dimensions of their hierarchies and their firm size in 2005, 2007, 2010, 2015, and 2018.  

[Insert Table II about here] 

From 2005 to 2018, the average number of layers (𝐿𝑓𝑡) in the industrial firms in Italy initially 

shrank before recovering, namely from 2.43 in 2005 to 2.26 in 2010, before rising back to 2.43 in 

2018. The average span of control of supervisors, 𝐵𝑓𝑡, also increased. Those facts, combined with a 

general increase in firm size, indicate a flattening of industrial firms in Italy during the period 

analyzed.12  

III(iii). Data on the market for knowledge  

                                                 
12 Even if our work does not specifically address the phenomenon of hierarchical flattening (i.e., the long-term tendency 
towards hierarchies with fewer layers and a larger span of control), our descriptive evidence regarding the dynamics of 
the two hierarchical dimensions aligns with past findings from specific industries or countries (Delmastro [2002]; 
Colombo and Delmastro [1999]; Rajan and Wulf [2006]; Guadalupe and Wulf [2010]; Caliendo et al. [2015]).   
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Although we do not directly observe the cost (p in Section II) of the solutions that firms may buy on 

the market for knowledge, we use the information about the extent of the market for KIBS, in the 

(NUTS 2) region r where firm f is located, in terms of the share of regional employment that it 

represents, 𝐵𝑆_𝑆𝐻𝑟𝑡. We adopt Schnabl and Zenker’s [2013] definition of KIBS.13 The larger the 

extent of the market for KIBS in a region, the greater the availability of solutions for firms located 

therein and, in turn, the lower the cost of buying those solutions.  

Of course, because IT and CT have facilitated communication and the dissemination of 

knowledge, KIBS are arguably spatially neutral—that is, they may cover the entire country and not 

only one region. Even so, because face-to-face contact and tacit knowledge matter, business service 

providers most often deal with clients who require close, direct interaction to conceive solutions to 

their problems. Geographical proximity is thus relevant for the interactions between buyers and 

suppliers of knowledge, namely between industrial firms and KIBS (Koschatzky [1999]; Muller and 

Zenker [2001]).   

Figure 4 shows the heterogeneity in the extent of the market for KIBS across NUTS 2 regions In 

Italy during 2005-2018.  

[Insert Figure 4 about here] 

Some northern regions (e.g., Piemonte, Lombardia, and Liguria) stand out among ones with the 

highest shares of employees in KIBS. Lazio, the region of the capital city, Rome, is also highly 

intensive in KIBS. Smaller regions (e.g., Trentino-Alto Adige, Abruzzo, and Marche) are 

characterized by lower shares of KIBS. Additionally, as Tables A.IV and A.V in the Online 

Appendix show, there is a significant within-region and over-time (other than across-regions) 

variation in terms of the share of KIBS in a region’s employment. That variation allows our 

empirical framework to exploit the temporal variability of the primary independent variables.14  

Firms are heterogeneous in their sensitivity to the cost of solutions purchasable on the market. 

Indeed, some firms belong to industries that use KIBS more intensively than others. We compute 

                                                 
13 In this definition, KIBS gather the following (NACE rev 1.1) 2-digit industries. 72 (Computer and related activities), 
73 (Research and development) and 74 (Other business activities) for the years 2005 and 2007 and the (NACE rev 2) 2-
digit industries 62 (Computer programming, consultancy and related activities), 63 (Information service activities), 69 
(Legal and accounting activities), 70 (Activities of head offices; management consultancy activities), 71 (Architectural 
and engineering activities; technical testing and analysis), 72 (Scientific research and development), 73 (Advertising 
and market research), 74 (Other professional, scientific and technical activities) and 75 (Veterinary activities) for the 
years 2010, 2015 and 2018. 
14 Section A.III(i). in the Online Appendix discusses the general downward shift in the share of KIBS common to all 
NUTS 2 regions over time. The shift is due to a change in industrial classification that has especially impacted the 
group of sectors composing KIBS (Schnabl and Zenker [2013]). In our analysis, we take that measurement issue into 
account by inserting year-fixed effects in all specifications. 
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the coefficient 𝑤𝑗2004
𝐵𝑆  from the input-output (I-O) use table for Italy, which measures the share of 

intermediate costs of industry j corresponding to inputs provided by the KIBS sectors in 2004, the 

year prior to the period analyzed. The coefficient captures the dependence of industry j on business 

services, 𝐵𝑆, and reflects technological (i.e., exogenous) differences across industries. Table III 

details the cross-industry heterogeneity in the dependence of industrial firms on KIBS in 2004. 

[Insert Table III about here] 

Mining and quarrying is the sector most dependent on KIBS with approximately 12% of its 

inputs coming from KIBS sectors. Manufacture of machinery and equipment sector follows with 

8.3% of inputs coming from those sectors. By contrast, the supply and distribution of electricity, 

gas, and steam and water supply sector is least dependent on KIBS, with only 3.8% of its inputs 

coming from KIBS sectors.  

III(iv) Control variables 

 

Given the richness of the RIL database, we are able to control for a large set of firms’ observable 

characteristics. The model shown in Section II drives the choice of those variables. Indeed, we want 

to identify the effect of the extent of the market for knowledge on 𝐵𝑓𝑡 and 𝐿𝑓𝑡, in addition to the 

roles played by the key parameters of the model (i.e., λ, ℎ, and 𝑐) in firm hierarchy. We construct 

proxies for those parameters using some indicators. Both investments in R&D and the introduction 

of new products are expected to be associated with a less predictable production process (λ). 

Process innovation is expected to be related to a lower cost of communicating knowledge within the 

firm (h), while the share of temporary employees is expected to be positively associated with the 

learning cost (c) of solving problems. Firm size, in terms of the number of employees, controls for 

the expected positive relationship between hierarchical structure and the firm size.  

We also include a vector of time-variant controls at the industry(j)-region(r) level, which is 

expected to be correlated to both dimensions of firm hierarchy and 𝑤𝑗2004
𝐵𝑆 ∙ 𝐵𝑆_𝑆𝐻𝑟𝑡. In particular, 

we control for (i) the relative size (i.e., in terms of the number of employees) of industry j with 

respect to the regional economy, (ii) the median value of labor productivity (i.e., turnover per 

number of employees), (iii) the percentage of firms that have invested in R&D activities, (iv) the 

percentage of firms that exported part of their products and services. 
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In Section A.III(ii)., we provide additional details about the definitions of the control variables, 

while the Table A.V provides descriptive statistics regarding both firm and in industry-region 

controls. 
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IV. Econometric analysis  

 

IV(i). Identification strategy 

 

To identify the role of the market for knowledge in the two dimensions of firm hierarchy—that is, 

the span of control (𝐵𝑓𝑡) and the number of layers (𝐿𝑓𝑡)—we estimate three models.  

First, we estimate the following specification using OLS:  

(7) 𝐻𝑓𝑡 = 𝛽0 + 𝛽1𝐵𝑆_𝑆𝐻𝑟𝑡 + 𝛽2𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆 + 𝑋𝑓𝑡

′ 𝜑 + 𝑉𝑗𝑟𝑡
′ 𝛿 + 𝛼𝑗𝑟 + τ𝑡 + 𝜀𝑓𝑡 

In which the dependent variable 𝐻𝑓𝑡 = {ln (𝐵𝑓𝑡 + 1)𝑓𝑡, 𝐿𝑓𝑡} denotes either dimension of the 

hierarchy (i.e., the span of control or the number of layer) of firm f in year t. As clarified in Section 

III(iii), we do not directly observe the cost (p, detailed in Section II) of the solutions purchased by 

firms on the market. Instead, we use a proxy for the extent of the market for knowledge, namely the 

share of employment represented by KIBS in the NUTS 2 region (r) in which firm f is located 

(𝐵𝑆_𝑆𝐻𝑟𝑡). We assume that the larger the extent of the market for KIBS, the greater the availability 

of solutions and, in turn, the lower the cost of buying them in the market. 

 Our identification strategy is similar to the one proposed by Rajan and Zingales [1998b] and 

adopted (in this field literature) by Guadalupe and Wulf [2010], among others. Because firms in 

industries that use KIBS more intensively are expected to be more sensitive to the cost of solutions 

in the market, we interact 𝐵𝑆_𝑆𝐻𝑟𝑡with the coefficient 𝑤𝑗2004
𝐵𝑆  calculated from the input-output (I-O) 

use table, which measures the share of intermediate costs of industry j that correspond to inputs 

provided by the KIBS sectors in 2004. While 𝐵𝑆_𝑆𝐻𝑟𝑡 yields information about the extent of the 

market for KIBS across regions and over time, 𝑤𝑗2004
𝐵𝑆  captures the dependence of industry j on 

KIBS. When we date 𝑤𝑗2004
𝐵𝑆  back to the year prior to the period analyzed, 2004, the coefficient 

reduces problems of reverse causality. Moreover, we derive that coefficient from the input-output 

(I-O) use table for the entire Italian economy to reflect stable technological and exogenous 

differences across firms (Barone and Cingano [2011]; Franco et al. [2016]).  

Including a vector of firm-level controls (𝑋𝑓𝑡
′ ) increases the precision of estimates (Angrist and 

Pischke [2009]). To also minimize the risk of an omitted variable bias, we control for a vector of 

time-variant controls (𝑉𝑗𝑟𝑡
′ ) at the industry(j)-region(r) level, which is expected to be correlated to 

both 𝐻𝑓𝑡 and 𝑤𝑗2004
𝐵𝑆 ∙ 𝐵𝑆_𝑆𝐻𝑟𝑡. We enrich our specification with several vectors of fixed effects to 
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control for unobserved heterogeneity. First, we include a vector of fixed effects, 𝛼𝑗𝑟, at the industry-

region level, and a vector of year dummies, τ𝑡, to control for year-specific shocks. Next, we 

substitute year dummies with region-time- trends or region-year-fixed effects. Including those 

effects is expected to minimize the bias due to unobserved confounders. In all specifications, we 

cluster standard errors at the industry-region level—that is, the level of the treatment (𝑤𝑗2004
𝐵𝑆 ∙

𝐵𝑆_𝑆𝐻𝑟𝑡)—as suggested by Abadie et al. [2017].15 

𝛽2 in Equation 7 captures the relationship between the dimensions of a firm’s hierarchy (𝐻𝑓𝑡) 

and the extent of the market for KIBS (𝐵𝑆_𝑆𝐻𝑟,𝑡), which is mediated by the degree of dependence 

of the industry (j) on business services, 𝑤𝑗2004
𝐵𝑆 . We expect 𝛽2 > 0 (< 0) when the dependent 

variable is the average span of control (the number of layers).   

Second, given a possible correlation between the extent of the market for KIBS and unobserved 

shocks due to measurement errors in the explanatory variables and reverse causality, both of which 

may generate endogeneity and bias estimates, we adopt an instrumental variables (IV) approach. 

The extent of the market of KIBS in a given NUTS 2 region may be endogenous to firms’ choices 

regarding their hierarchies. As for reverse causality, if firms decide to enlarge their average span of 

control or reduce their number of layers, those decisions may generate, via outsourcing, a larger 

market for knowledge, with services once retained within the firm now existing externally in the 

market. That dynamic may make 𝐵𝑆_𝑆𝐻𝑟𝑡 as well as the interaction 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆  endogenous 

in Equation 7. The IV approach adds to Equation 7 the reduced form of 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆 : 

(8) 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆 = 𝛼0 + 𝑍𝑟𝑡−1

′ ∙ 𝑤𝑗2004
𝐵𝑆 𝛾 + 𝑋𝑓𝑡

′ 𝜑 + 𝑉𝑗𝑟𝑡
′ 𝛿 + 𝛼𝑗𝑟 + τ𝑡 + 𝜔𝑟𝑗𝑡 

Valid instruments (𝑍𝑟𝑡−1
′ ) need to both correlate well with 𝐵𝑆_𝑆𝐻𝑟𝑡 and not directly correlate 

with the two dimensions of 𝐻𝑓𝑡. We use information at the NUTS 2 level about the percentage of 

firms with more than ten employees that have a broadband connection and about the share of 

regional employment in cooperative businesses.16  

The pervasiveness of the broadband connection among the firms can be expected to expedite and 

lower the cost of inter-firm exchange of knowledge (OECD, 2008) and, in turn, to go hand in hand 

with the development of a market for KIBS (Tranos and Mack [2016]). In addition, it is unlikely 

that firms’ decisions about their hierarchies have had any direct effect on the diffusion of broadband 

connections within NUTS 2 regions over time. Indeed, during 2005-2018, trends in the access to 

                                                 
15 We provide evidence that our results are robust at different levels of clusterization (region; two-way cluster: region and 
industry; two-way cluster: region and firm) in Tables A.VI and A.VII in the Online Appendix.  
16 To further lessen simultaneity between the excluded instruments and the endogenous variables we lag both 
instrumental variables by one year with respect to 𝐵𝑆_𝑆𝐻𝑟𝑡 .  
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broadband connection were driven by European (supranational) targets (European Court of 

Auditors [2018]).17 Meanwhile, the share of regional workers employed in the cooperative 

businesses is expected to be a valid instrument because it can be a proxy for the level of trust in the 

market relationships between firms in a given territory (Sabatini et al. [2014]). At the same time, the 

relevance of cooperatives in a territory may be also related to long-term factors that are hardly 

influenced by the organizational decisions of most firms therein.18  

Third, we assess how the extent of the market for knowledge changes the span of control of 

specific layers within a firm in order to investigate the granular mechanisms occurring in various 

layers of the firm. To do so, we collapse the four layers defined in Section III(iii) into three layers 

and estimate the model at the layer-level: 

(9) ln(𝐵𝑙𝑓𝑡) = 𝛽0 + 𝛽1𝐵𝑆_𝑆𝐻𝑟𝑡 + 𝛽2𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆 ∙ 𝑙 + 𝑋𝑓𝑡

′ 𝜑 + 𝑉𝑗𝑟𝑡
′ 𝛿+ 𝛼𝑙𝑟𝑡 + 𝛼𝑙𝑗 + 𝛼𝑓 + 𝜀𝑙𝑓𝑡 

𝐵𝑙𝑓𝑡 refers to the span of control of a supervisor at layer l (or, if l is empty, at layer l+1) in terms of 

the number of supervised employees at layer l-1, where 𝑙 = {entrepreneur, managers plus middle 

managers, workers}. Given that we collapsed four layers into three, we can compute a maximum of 

two spans of control for each firm f: the entrepreneur’s span of control over supervising managers 

and middle managers, and the span of control of supervisors (i.e., managers plus middle managers) 

over workers.  

We estimate a saturated model by including vectors of layer-region-year, layer-industry, and 

firm-fixed effects to control for most unobserved factors, which may have been related to both the 

span of control and the extent of the market for knowledge.   

Coefficient 𝛽2 captures whether the effect of the extent of the market for knowledge differs across 

each firm’s two spans of control. Given the theoretical framework in Section II, we expect that as 

the extent of the market for knowledge increases, (a) the number of employees per managers plus 

middle managers increases, and (b) the number of managers plus middle managers per entrepreneur 

decreases.  

  

                                                 
17 Evidence of the convergence toward European targets in terms of the percentage of firms with broadband connections 
is also appreciable in the Italian regions. Figure A.I in the Online Appendix shows the trend in the diffusion of 
broadband connections across regions during the period analyzed. 
18 Figure A.2 in the Online Appendix shows cross-regional heterogeneity in the relevance of cooperative businesses. 
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V. Results 

 

V(i). OLS results 

 

Based on Equation 7, we provide the primary results for the effect of the extent of the market for 

knowledge on the average span of control, 𝐵𝑓𝑡, in Table IV.  

[Insert Table IV about here] 

In column 1, we include 𝐵𝑆_𝑆𝐻𝑟𝑡 and 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆  together with a vector of industry-region-

fixed effects and a vector of the year dummies. No significant relationship is found between the 

average span of control and the extent of market for knowledge. However, that result may have 

been heavily affected by omitted variable bias. To mitigate that risk and improve the precision of 

the estimates, we include in column 2 the vectors of controls at the industry-region and firm level, 

𝑉𝑗𝑟𝑡
′  and 𝑋𝑓𝑡

′ . While the coefficient on the extent of the market for KIBS is negative and significant 

(𝛽1), the coefficient of the interaction of 𝐵𝑆_𝑆𝐻𝑟𝑡 with the intensity of use of business services by 

industries (𝛽2) is positive and significant. This means that the greater the availability of solutions 

from KIBS, the lower the average span of control, 𝐵𝑓𝑡. However, this negative relationship is 

moderated and even reversed in industries that are more intensive in the use of KIBS. 

As shown in column 3 of Table IV, we control for region-specific linear time trends to account 

for specific trajectories in both the span of control and the extent of the market for knowledge that 

NUTS 2 regions may have taken during the period analyzed. Column 4 includes both linear and 

quadratic region-specific time trends (Bitler at al. [2016]). As the coefficient for the extent of the 

market for KIBS approached 0 in magnitude and lost statistical significance, the interaction term 

remains positive and significant.  As shown in column 5, we control for any lingering unobserved 

heterogeneity at the region-year level by including a vector of region-year-fixed effects. That 

specification absorbs the coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡, while that of the interaction term 𝛽2 can still be 

estimated.  

As shown in columns 1-5 in Table IV, as more controls are added, the magnitude of 𝛽2 slightly 

decreases. With reference to column 5, when the extent of the market for knowledge arises by 10 

percentage points,19 the average span of control of the firms also rises by nearly 1 (0.96) employee 

                                                 
19 The change in terms of the share of regional employment that KIBS represent corresponding to region Veneto in 
2005 (i.e., approximately 11.1% of regional employment) would increase the extent of the market for knowledge to the 
level of region Lazio in 2005 (i.e., approximately 21.8%). Details appear in Figure 5 in this text and Table A.III in the 
Online Appendix.  
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per supervisor. That result implies an average increase in supervisors’ span of control of 

approximately 7.2% relative to the sample’s mean (13.884 employees per supervisor, as shown in 

Table II). Thus, Prediction 1 is supported by our findings. 

That overall impact is averaged across heterogeneous industries. Indeed, the change in the extent 

of the market for knowledge would increase firms’ average span of control (𝐵𝑓𝑡) by approximately 

two employees per supervisor in the sector that uses KIBS most intensively (i.e., mining and 

quarrying). The same change would also increase the span of control by approximately 0.5 

employees per supervisor in the industry that uses KIBS the least (i.e., supply and distribution of 

electricity, gas, and steam). Those effects are comparable to the effects of procompetitive market 

deregulation episodes and trade shocks, as shown by Cooke et al. [2021] and Barba Navaretti et al. 

[2020], respectively. Figure 5 shows the marginal effects on the sample’s mean and by industry (j).  

[Insert Figure 5 about here] 

In column 6 of Table IV, we substitute industry-region-fixed effects with a vector of firm-fixed 

effects, 𝛼𝑓, to control for time-invariant and unobserved characteristics of firms. Although the 

coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆  remains positive, it shrinks in magnitude and is much less precisely 

estimated. A specification with firm-fixed effects is expected to be too demanding because of the 

short temporal dimension and the low average number of observations per firm (i.e., approximately 

1.8 in the sample of 49716 observations, shown in column 5) and the low within-firm variability of 

𝐵𝑓𝑡 and 𝐿𝑓𝑡 over time. For those reasons, column 5 serves as our baseline specification.  

Most of correlations between the control variables and 𝐵𝑓𝑡 show the expected signs. Both 

investments in R&D and product innovation are negatively correlated with the average span of 

control, even when only the former has a statistically significant coefficient, thereby indicating a 

lower degree of predictability (λ) in the production of firms that make these investments. Process 

innovation is positively and significantly associated with a larger span of control, as is consistent 

with the idea that process innovations may lead to lower costs of communicating knowledge (h). 

The higher the share of temporary employees, the larger the average span of control. If temporary 

contracts were a good proxy for a lower accumulation of knowledge to solve firm-specific 

problems, we would have expected a decrease in 𝐵𝑓𝑡, via an increase in c. Nonetheless, temporary 

employees may be used when firms employ more routinized production processes, with a 

consequent need for a fewer supervisors per employee (Arrighetti et al. [2022]). As expected, larger 

firms have larger 𝐵𝑓𝑡. The correlations between industry–region control variables and 𝐵𝑓𝑡 also show 

the expected signs. The median value of labor productivity is negatively associated with the average 
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span of control, even if it is slightly statistically significant. In industry-region pairs in which most 

firms invest in R&D, the predictability of production (λ) is lower and the span of control thus 

smaller. Firms have a narrower span of control in industries that are relatively small in the regional 

economy but have a larger span of control in industry-region pairs populated by a higher share of 

exporters, which aligns with the findings of Guadalupe and Wulf [2010]. These results support our 

Prediction 3.  

As shown in Table V, we also analyze the effect of the extent of the market for knowledge on the 

number of layers.  

[Insert Table V about here] 

As shown in column 1, we include 𝐵𝑆_𝑆𝐻𝑟𝑡 and 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆  together with a vector of 

industry-region-fixed effects and a vector of year dummies. Despite a positive relationship between 

the extent of the market for KIBS and the number of layers shown by the coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡, 

the relationship is moderated and even reversed in industries that use KIBS intensively. Those 

results may have been affected by omitted variable bias. As shown in column 2, we thus introduce 

the vectors 𝑉𝑗𝑟𝑡
′  and 𝑋𝑓𝑡

′ . Whereas the coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡 drops in terms of magnitude as it 

approaches 0 and is not statistically significant, the effect of the extent of the market for KIBS is 

significantly moderated by the intensity of the use of KIBS, which is heterogeneous across 

industries. Including region-specific time trends, either linear (i.e., in column 3) or both linear and 

quadratic (i.e., in column 4) does not alter the results. The specification that better control for 

region-year unobserved factors is the one shown in column 5, which includes a vector of region-

year-fixed effects. In that specification, the coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡 is absorbed by the fixed effects, 

and the coefficient of the interaction term, 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆 , remains negative and significant, as 

predicted by our theoretical framework presented in Section II.  

As shown in column 5 of Table V, an increase of 10 percentage points in the extent of the market 

for KIBS reduces the number of layers by approximately 0.09 layers. That result indicates an 

average 4% decrease in the number of layers relative to the sample’s mean (2.332 layers, shown in 

Table II). This result supports our Prediction 2. That overall impact is averaged across 

heterogeneous industries, as shown in Figure 6.  

 

[Insert Figure 6 about here] 

 

Indeed, although the reduction amounts to 0.17 layers for firms in the industry that used KIBS 

most intensively (i.e., mining and quarrying), that effect shrinks to 0.05 layers for firms active in the 
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electricity, gas and steam and water supply sector. Estimates of the coefficients referring to the 

control variables are in line with our Prediction 4 presented in Section II. 

Because 𝐿𝑓𝑡 is a count, we estimate a Poisson regression model, as shown in column 6 of Table 

V, in which the negative relationship between the extent of the market for knowledge and the 

number of layers is confirmed. Last, we employ a linear model with firm-fixed effects to fully 

control for unobserved heterogeneity at the firm level. As shown in Table IV, though the sign of the 

relationship is confirmed, the coefficient is far less precisely estimated and is not statistically 

significant.  

 

V(ii). IV results 

 

Table VI presents the results of the specification with the vectors of industry-region and region-

year-fixed effects and the estimated coefficients in Equations 7 and 8. For ease of comparison, 

column 1 shows the baseline estimation for the average span of control, 𝐵𝑓𝑡 (i.e., column 5 in Table 

IV). As shown in column 2, the two-step GMM estimator is implemented. The p-value of the 

Kleibergen-Paap rk LM test rejects the null hypothesis, which reassures us about the identification 

of the model. The Kleibergen–Paap Wald rk weak-identification test confirms that the relationship 

between the instruments and the potentially endogenous regressors is strong, given a remarkably 

high F statistic (270.327).20 Last, the instruments are valid, given a Hansen J test statistic showing 

that that overidentified restrictions are not rejected (p-value = .743). 

[Insert Table VI about here] 

The coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆  is larger, once the endogeneity of 𝐵𝑆_𝑆𝐻𝑟𝑡 is taken into 

account. This result may be explained by the fact that firms with a ‘flatter’ organization typically 

adopt more predictable production processes and need to use less to external knowledge for solving 

production problems. The results are consistent across different estimators such as the limited 

information maximum likelihood (LIML) and the continuously updated estimators (CUE).21 Results 

on the number of layers, 𝐿𝑓𝑡, confirm that firms reduce the number of layers the larger the extent of 

the regional market for knowledge.  

                                                 
20 Critical values tabulated by Stock and Yogo [2005] are well below the reported value.  
21 Those estimators are less affected than the GMM estimator by the problem of weak instruments (Baum et al. [2007]). 
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Summing up, IV results confirm that, after controlling for the endogeneity of the extent of the 

market for knowledge due to measurement errors and reverse causality, the extent has a positive 

(negative) effect on firms’ average span of control (number of layers).  

 

V(iii). Layer-level results 

 

We estimate Equation 9 to explore how the extent of the market for knowledge affects changes in 

the span of control of specific layers within firms. As shown in Figure 7 below and in Table A.VIII 

in the Online Appendix, an increase in the extent of the market for knowledge by 10 percentage 

points increases the average span of control of each supervisor (i.e., either managers plus middle 

managers or the entrepreneur) by approximately 0.57 blue- and white-collar workers and decreases 

the average span of control of the entrepreneur by approximately 1.1 managers plus middle 

managers.  

 

[Insert Figure 7 about here] 

 

That overall impact is averaged across heterogeneous industries. However, because the coefficients 

are not precisely estimated, the results should be taken as descriptive and as complementary 

evidence of the role of the market as an alternative to hierarchy for accessing knowledge needed to 

solve exceptional problems in production. 

 

V(iv). Robustness checks  

 

V(iv)(a). The geography of the market for knowledge and multi-plant firms 

 

The identification strategy undergirding our empirical analysis begins with the assumption that 

firms may opt to buy the knowledge needed to solve exceptional problems in the regional market in 

which they are located. However, firms with scarce managerial resources may choose to locate their 

headquarters in a region precisely because of it affords superior access to KIBS. Such self-selection 

in the regional market for knowledge, based on the specific hierarchy of those firms (i.e., fewer 

layers and a larger span of control) may cause an additional endogeneity in our baseline estimates 

(i.e., column 5 of both Tables IV and V). Moreover, multi-plant firms may exploit their structure to 
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access knowledge available in regions other than the one where they are headquartered. That 

circumstance may generate a measurement error issue and a downward bias in our estimates if the 

firms modify their hierarchies according to changes in the extent of the market for KIBS in other 

NUTS 2 regions.  

The first potential problem should not have affected our model and estimates, because in the data 

cleaning steps (Section A.II. of the Online Appendix) involved excluding firms that changed the 

region of their headquarters during 2005-2018. By contrast, we addressed the secondo potential 

problem by rerunning our baseline specification in the sample without multi-plant firms in order to 

make the measurement error less severe (Table VII).  

[Insert Table VII about here] 

Whereas in columns 2 and 5 of Table VIII, we exclude firm-year pairs if the firms have multiple 

plants (i.e., observations), in columns 3 and 6 we have restricted the analysis to firms with only one 

plant throughout the period in which they are observable. Indeed, a firm may change its hierarchy 

either vertically or horizontally in order to anticipate a future opening of a plant in another region 

and benefit from the extent of the market for knowledge therein.  

Even when the number of observations is significantly reduced, our results align with our 

expectations: once multi-plant firms are excluded from the analysis, the effect, both positive and 

negative, of the regional market for knowledge seems larger in relation to both the average span of 

control and the number of layers, except when we consider firms that are single-plant firms during 

2005-2018. 

 

V(iv)b. Knowledge and firm boundaries: Industrial groups and mergers and acquisitions (M&As) 
 

A firm’s knowledge set may be broader than its boundaries. The market is the fundamental way to 

increase the knowledge set that we have in mind in our work. However, firms may be part of or be 

involved in extraordinary operations in which their physical and intangible assets are transferred to 

or consolidated with other firms (i.e., M&As). For that reason, we expect that firms not belonging 

to groups and firms not involved in M&As would be more exposed to changes in the extent of the 

market for KIBS. Results shown in Tables VIII and IX confirm our expectations, with the sole 

exception of the average span of control when groups are considered to be an alternative means of 

accessing knowledge. Those results suggest that firms involved in groups may gather knowledge 

from other firms in the group, thereby bypassing both the market and the hierarchy.  
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[Insert Table VIII about here] 

[Insert Table IX about here] 

V(iv)(c). Different input-output coefficients and alternative definitions of KIBS  

Firms’ use of KIBS, proxied by the 𝑤𝑗2004
𝐵𝑆  coefficient, may anticipate changes in the extent of the 

market for KIBS irrespective of decisions regarding firm hierarchy, 𝐻𝑓𝑡. That circumstance would 

generate a downward bias in our estimates. Thus, in line with the empirical literature that employs 

input-output coefficients to moderate policy or economic changes across sectors (Barone and 

Cingano [2011]; Franco et al. [2016]), 𝑤𝑗2004
𝐵𝑆  refers to the year prior to the period analyzed (i.e., 

2004) but not to any NUTS 2 region in particular.  

However, input-output coefficients in 2004 may suffer from idiosyncratic shocks that hamper 

their effectiveness in capturing technological (exogenous) differences across firms active in 

different industries. For that reason, we have rerun our baseline specification by including the  

𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐵𝑆  coefficients, obtained by averaging the intensity of the use of KIBS by industry j in the 

years 2004, 2006, 2009, 2014, and 2017. Table X shows the results.  

[Insert Table X about here] 

In column 2 of Table X and in line with our expectations, when the average intensity of the use 

of KIBS by industry during 2004-2017 is considered, the coefficient of 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐵𝑆 , 

albeit positive, is smaller in magnitude and not significant. Column 6 shows that the negative 

relationship between the extent of the market for KIBS and the number of layers is confirmed but 

that coefficient is smaller in magnitude, as expected. 

As we discuss at length in Section A.II(i). in the Online Appendix, we are also concerned about 

the change in the NACE industrial classification that occurred in 2007. Indeed, Schnabl and Zenker 

(2013] have pointed out that the change has had consequences for the group of sectors that offer 

KIBS. For that reason, they proposed a new taxonomy to be adopted after 2007. Following their 

work, we built a stricter taxonomy of business services that excludes NACE (rev. 2) industries 74 

and 75. Results shown in columns 3, 4, 7, and 8 align with the baseline estimates, and, again, when 

the 𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐵𝑆  input-output coefficients are used, the statistical relationship between the extent of 

the market for KIBS and the hierarchical dimensions of the firm weakens. 

V(iv)(d). Excluding one-layer firms 
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In all prior runs of our empirical model, we include one-layer firms in our analysis—that is, firms 

showing an average span of control equal to 0 and that may be regarded as nonstandard—all of 

which have an owner acting as a self-employed worker. Even if those firms represent a small share 

of observations in the sample (approximately 10%), we rerun the baseline specification (i.e., 

column 5 in Tables IV and V) by excluding those firms (in line with Caliendo et al. [2015]). Table 

XI shows the results, which align with the baseline estimates. Thus, one-layer firms did not drive 

the primary results of our analysis. 

[Insert Table XI about here]    
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VI. Conclusion 
 

Deeper hierarchies offer the advantage of increasing the utilization rate of knowledge. Unsolved 

problems are passed upward through the hierarchy until the conditional probability of solving them 

is enough to bear the associated learning and communication costs. By adding layers of supervisors, 

the firm increasingly facilitates problem-solving in the productive process (Garicano [2000]).   

In our work, we add the market for knowledge to Garicano’s [2000] basic model and inquire into 

its role in shaping knowledge-based hierarchies. Instead of relaying exceptional and unsolved 

problems to supervisors or managers (i.e., ‘making’ solutions, via hierarchy), a firm may resort to 

the market for knowledge, typically by acquiring (i.e., ‘buying’) the solutions from providers of 

specialized business services. We examine the role of the extent of the market for knowledge in 

shaping firm hierarchy. To our knowledge, that factor has not received enough attention, for it may 

affect firms’ hierarchical structure in addition to other well-studied determinants of firm hierarchy. 

We also discuss and gather new evidence of the fact that a firm’s potential knowledge set exceeds 

the firm’s boundaries. 

We predict that the extent of the market for knowledge affects firm hierarchy (i.e., the span of 

control and the number of layers) and, in particular, that firms will be ‘flatter’ as the extent of the 

market for knowledge increases.   

We test our predictions with data from a rich database representing industrial firms in Italy from 

2005 to 2018. The database offers information on firms’ employment per occupational category and 

allows us to construct proxies for the supervisors’ span of control and the number of layers in a 

firm. We enrich those firm-level data with information about the extent of the market for 

knowledge, proxied by the relevance of KIBS in the region where firms are headquartered. Using 

an identification strategy based on existing cross-regional and cross-industry heterogeneity in the 

extent of the market for knowledge and instrumental variables, our empirical analysis confirms that 

a firm will be ‘flatter’ as the regional market for knowledge expands. Our findings suggest that the 

extent of the market for knowledge in a given territory affects an important economic outcome of 

firms located therein—that is, their hierarchical organization.   
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Tables and Figures 
 
Tables 
 

Table I - Our predictions 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table II - Firm hierarchical dimensions and firm size; averages by year 

 
 
Table III - Share of intermediate costs of industry j that corresponds to the inputs provided by the 
KIBS sectors in 2004 

  

Hierarchical dimensions Determinants (expectations)  

Span of control (B) 

Cost of buying solutions in the market 𝑝 (–) Prediction 1 

Predictability 𝜆 (+) 

Prediction 3 Learning costs 𝑐 (–)      

Communication costs ℎ (–) 

Number of layers (L) 

Cost of buying solutions in the market 𝑝 (+) Prediction 2 

Predictability 𝜆 (–) 

Prediction 4  Learning costs 𝑐 (+) 

Communication costs ℎ (ambiguous) 

Year Firms Span of control 
(B_f,t) 

Number of layers 
(L_f,t) 

Firm size (no. of 
employees) 

2005 8230 11.553 2.430 49.686 
2007 9670 11.387 2.160 42.807 
2010 9096 11.862 2.256 51.491 
2015 11578 15.784 2.365 61.335 
2018 11670 17.287 2.433 64.612 

Average - 13.884 2.332 54.840 

Industry j Coefficient of use of KIBS,  
by industry 

Mining and quarrying 0.116 
Manufacture of food, beverages, and tobacco 0.047 
Manufacture of textile and wearing, wood, and paper and 
reproduction 0.069 

Manufacture of coke, chemicals, and metals 0.065 
Manufacture of machinery and equipment 0.083 
Other manufacturing 0.057 
Supply and distribution of electricity, gas, steam and water 
supply  0.038 
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Table IV - Average span of control, ln (𝐵𝑓𝑡+1); baseline results 
 (1) (2) (3) (4) (5) (6) 
 (lin. reg.) (lin. reg.) (lin. reg. + lin tt) (lin. reg. + quad tt) (lin. reg.) (lin. reg.) 
BS_SH_r,t 1.138 -1.880*** -1.436** -0.834 0.000 0.000 
 (1.693) (0.706) (0.573) (0.662) (.) (.) 
BS_SH_r,t ⋅ w_j,2004 -14.736 21.091*** 18.664*** 18.880*** 18.790*** 4.567 
 (22.480) (7.803) (6.805) (6.493) (6.554) (4.920) 
Investments in R&D_f,t  -0.353*** -0.353*** -0.353*** -0.352*** -0.078*** 
  (0.014) (0.014) (0.014) (0.014) (0.011) 
Product innovation_f,t  -0.007 -0.007 -0.007 -0.007 0.006 
  (0.010) (0.010) (0.010) (0.010) (0.007) 
Process innovation_f,t  0.046*** 0.047*** 0.047*** 0.046*** -0.007 
  (0.012) (0.012) (0.012) (0.012) (0.007) 
% of temporary employees_f,t  0.298*** 0.298*** 0.298*** 0.299*** 0.092*** 
  (0.022) (0.022) (0.022) (0.022) (0.015) 
Firm size (#employees)_f,t (log+1)  0.619*** 0.619*** 0.619*** 0.619*** 0.739*** 
  (0.017) (0.017) (0.017) (0.017) (0.016) 
Median labor productivity_rj,t (log)  -0.027* -0.019 -0.020 -0.026* -0.014 
  (0.016) (0.014) (0.014) (0.015) (0.011) 
% of firms that invest in R&D_rj,t  -0.227** -0.143 -0.138 -0.143 -0.167*** 
  (0.093) (0.098) (0.094) (0.102) (0.059) 
Industry relative size_rj,t  -0.174 -0.178* -0.187* -0.181* -0.112 
  (0.108) (0.101) (0.097) (0.100) (0.069) 
% of exporters_rj,t  0.146 0.157** 0.150** 0.124* 0.053 
  (0.093) (0.070) (0.066) (0.065) (0.049) 
Constant 2.039*** 0.666*** 0.581*** -2251.786 0.468*** 0.231*** 
 (0.103) (0.097) (0.087) (2218.221) (0.088) (0.075) 
Industry-region FEs Yes Yes Yes Yes Yes No 
Year FEs Yes Yes Yes Yes No No 
Region time trends No No Yes Yes No No 
Region-year FEs No No No No Yes Yes 
Firm FEs No No No No No Yes 
Adj.R-squared 0.063 0.703 0.704 0.704 0.704 0.899 
Log-likelihood -76106.84 -46747.19 -46698.01 -46686.14 -46668.89 -5174.751 
#Observations 50244 49716 49716 49716 49716 35584 
#Industry-region 139 139 139 139 139 139 

Notes: coefficients of industry-region FEs, year FEs, region time trends, region-year FEs and firm FEs are not reported to save space. Full tables are available from authors upon request. Cluster 
(industry-region) - robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
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 Table V - Number of layers, 𝐿𝑓𝑡; baseline results 
 (1) (2) (3) (4) (5) (6) (7) 
 (lin. reg.) (lin. reg.) (lin. reg. + lin tt) (lin. reg. + quad tt) (lin. reg.) (Poisson reg.) (lin. reg. ) 
BS_SH_r,t 2.715** 0.767 0.881* 0.595 0.000 0.000 0.000 
 (1.334) (0.580) (0.525) (0.638) (.) (.) (.) 
BS_SH_r,t ⋅ w_j,2004 -41.359** -16.992** -14.874** -14.745** -14.273** -5.066** -3.222 
 (17.589) (6.806) (6.088) (5.967) (5.790) (2.549) (6.133) 
Investments in R&D_f,t  0.135*** 0.135*** 0.135*** 0.136*** 0.028*** 0.043*** 
  (0.009) (0.009) (0.009) (0.009) (0.003) (0.011) 
Product innovation_f,t  0.037*** 0.037*** 0.037*** 0.037*** 0.021*** -0.003 
  (0.007) (0.007) (0.007) (0.007) (0.003) (0.007) 
Process innovation_f,t  -0.026*** -0.027*** -0.027*** -0.027*** -0.008*** 0.005 
  (0.007) (0.007) (0.007) (0.007) (0.003) (0.007) 
% of temporary employees_f,t  0.097*** 0.097*** 0.097*** 0.096*** 0.078*** 0.071*** 
  (0.018) (0.018) (0.018) (0.018) (0.009) (0.019) 
Firm size (#employees)_f,t (log+1)  0.384*** 0.384*** 0.384*** 0.384*** 0.158*** 0.418*** 
  (0.005) (0.005) (0.005) (0.005) (0.001) (0.009) 
Median labor productivity_rj,t (log)  0.047*** 0.048*** 0.052*** 0.053*** 0.029*** 0.042*** 
  (0.011) (0.010) (0.011) (0.011) (0.005) (0.014) 
% of firms that invest in R&D_rj,t  0.136* 0.123 0.113 0.111 0.034 0.130 
  (0.081) (0.077) (0.078) (0.084) (0.034) (0.080) 
Industry relative size_rj,t  -0.140* -0.091 -0.078 -0.050 -0.060* 0.034 
  (0.072) (0.061) (0.060) (0.064) (0.031) (0.085) 
% of exporters_rj,t  0.001 -0.009 -0.017 0.005 0.027 -0.006 
  (0.064) (0.054) (0.055) (0.060) (0.028) (0.060) 
Constant 2.333*** 1.119*** 1.088*** -1207.367 1.150*** 0.278*** 1.051*** 
 (0.070) (0.065) (0.064) (2515.737) (0.063) (0.029) (0.080) 
Industry-region FEs Yes Yes Yes Yes Yes Yes No 
Year FEs Yes Yes Yes Yes No No No 
Region time trends No No Yes Yes No No No 
Region-year FEs No No No No Yes Yes Yes 
Firm FEs No No No No No No Yes 
Adj.R-squared 0.071 0.601 0.602 0.602 0.601  0.779 
Log-likelihood -60005.21 -38335.49 -38299.89 -38290.77 -38279.15 -70023.75 -8270.661 
#Observations 50244 49716 49716 49716 49716 49716 35584 
#Industry-region 139 139 139 139 139 139 139 

Notes: coefficients of industry-region FEs, year FEs, region time trends, region-year FEs and firm FEs are not reported to save space. Full tables are available from authors upon request. Cluster 
(industry-region) - robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively.  
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Table VI - Average span of control and number of layers; IV estimates 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 (ln(𝐵𝑓𝑡+1); 

lin. reg.) 
(ln(𝐵𝑓𝑡+1); 
iv-gmm2s) 

(ln(𝐵𝑓𝑡+1); 
iv-liml) 

(ln(𝐵𝑓𝑡+1); 
iv-cue) 

(𝐿𝑓𝑡; 
lin. reg.) 

(𝐿𝑓𝑡; 
iv-gmm2s) 

(𝐿𝑓𝑡; 
iv-liml) 

(𝐿𝑓𝑡; 
iv-cue) 

BS_SH_r,t ⋅ w_j,2004 18.790*** 30.664*** 30.911*** 30.702*** -14.273** -24.959*** -25.003*** -24.946*** 
 (6.554) (10.780) (10.792) (10.793) (5.790) (8.837) (8.838) (8.835) 
Firm controls_f,t Yes Yes Yes Yes Yes Yes Yes Yes 
Industry-region controls_rj,t Yes Yes Yes Yes Yes Yes Yes Yes 
Industry-region FEs Yes Yes‡ Yes‡ Yes‡ Yes Yes‡ Yes‡ Yes‡ 
Region-year FEs Yes Yes‡ Yes‡ Yes‡ Yes Yes‡ Yes‡ Yes‡ 
Adj.R-squared 0.704 0.681 0.681 0.681 0.601 0.568 0.568 0.568 
#Observations 49716 49716 49716 49716 49716 49716 49716 49716 
#Industry-region 139 139 139 139 139 139 139 139 
Underidentification test: Kleibergen-Paap rk LM stat. (p-value)  0.000 0.000 0.000  0.000 0.000 0.000 
Weak identification test: Kleibergen-Paap rk Wald F stat.  270.327 270.327 270.327  270.327 270.327 270.327 
Hansen J (p-value)  0.630 0.630 0.630  0.743 0.743 0.743 

Notes: coefficients of the control variables are not reported to save space. ‡Industry-region FEs and region-year FEs are “partialled out” from all the other variables. Full tables are available from 
authors upon request. Cluster (industry-region) - robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
 
 
Table VII - Average span of control and number of layers; excluding multi-plant firms 

 (1) (2) (3) (4) (5) (6) 
 (ln(𝐵𝑓𝑡+1); 

lin. reg.) 
(ln(𝐵𝑓𝑡+1); 

lin. reg;  
no multi-plant obs.) 

(ln(𝐵𝑓𝑡+1);  
lin. reg.;  

no multi-plant firms) 

(𝐿𝑓𝑡; 
lin. reg.) 

(𝐿𝑓𝑡; 
lin. reg.; 

no multi-plant obs.) 

(𝐿𝑓𝑡;  
lin. reg.;  

no multi-plant firms) 
BS_SH_r,t ⋅ w_j,2004 18.790*** 22.230*** 23.316*** -14.273** -15.715*** -11.020 
 (6.554) (6.513) (6.876) (5.790) (5.158) (6.737) 
Firm controls_f,t Yes Yes Yes Yes Yes Yes 
Industry-region controls_rj,t Yes Yes Yes Yes Yes Yes 
Industry-region FEs Yes Yes Yes Yes Yes Yes 
Region-year FEs Yes Yes Yes Yes Yes Yes 
Adj.R-squared 0.704 0.806 0.842 0.601 0.552 0.551 
#Observations 49716 30494 21811 49716 30494 21811 
#Industry-region 139 139 139 139 139 139 

Notes: coefficients of the control variables, industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors upon request. Cluster (industry-region) - 
robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
 
  



40 
 

Table VIII - Average span of control and number of layers; excluding firms that belong to groups 
 (1) (2) (3) (4) 
 (ln(𝐵𝑓𝑡+1); 

lin. reg.) 
(ln(𝐵𝑓𝑡+1); 

lin. reg.;  
no group) 

(𝐿𝑓𝑡; 
lin. reg.) 

(𝐿𝑓𝑡; 
lin. reg.;  

no group) 
BS_SH_r,t ⋅ w_j,2004 18.790*** 12.772** -14.273** -17.515*** 
 (6.554) (6.110) (5.790) (6.151) 
Firm controls_f,t Yes Yes Yes Yes 
Industry-region controls_rj,t Yes Yes Yes Yes 
Industry-region FEs Yes Yes Yes Yes 
Region-year FEs Yes Yes Yes Yes 
Adj.R-squared 0.704 0.838 0.601 0.500 
#Observations 49716 33784 49716 33784 
#Industry-region 139 139 139 139 

Notes: coefficients of the control variables, industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors upon request. Cluster (industry-region) - 
robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
 
 
Table IX - Average span of control and number of layers; excluding firms involved in M&As 
 (1) (2) (3) (4) 
 (ln(𝐵𝑓𝑡+1); 

lin. reg.) 
(ln(𝐵𝑓𝑡+1); 

lin. reg.; no M&A) 
(𝐿𝑓𝑡; 

lin. reg.) 
(𝐿𝑓𝑡; 

lin. reg.; no M&A) 
BS_SH_r,t ⋅ w_j,2004 18.790*** 19.300*** -14.273** -17.513*** 
 (6.554) (6.381) (5.790) (5.815) 
Firm controls_f,t Yes Yes Yes Yes 
Industry-region controls_rj,t Yes Yes Yes Yes 
Industry-region FEs Yes Yes Yes Yes 
Region-year FEs Yes Yes Yes Yes 
Adj.R-squared 0.704 0.738 0.601 0.579 
#Observations 49716 45880 49716 45880 
#Industry-region 139 139 139 139 

Notes: coefficients of the control variables, industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors upon request. Cluster (industry-region) - 
robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
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Table X - Average span of control and number of layers; alternative definition of KIBS and average (over-time) I-O coefficients 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 (ln(𝐵𝑓𝑡+1); 

lin. reg.) 
(ln(𝐵𝑓𝑡+1); 

lin. reg.;  
𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝐵𝑆 ) 

(ln(𝐵𝑓𝑡+1); 
lin. reg.,  

alt. KIBS_def) 

(ln(𝐵𝑓𝑡+1); 
lin. reg.,  

𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐵𝑆 ,  

alt. KIBS_def) 

(𝐿𝑓𝑡; 
lin. reg.) 

(𝐿𝑓𝑡; 
lin. reg.;  

𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐵𝑆 .) 

(𝐿𝑓𝑡; 
lin. reg.,  

alt. KIBS_def) 

(𝐿𝑓𝑡; 
lin. reg., 

𝑤𝑗2004−2017̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐵𝑆 ,  

alt. KIBS_def) 
BS_SH_r,t ⋅ w_j,2004 18.790***    -14.273**    
 (6.554)    (5.790)    
BS_SH_r,t ⋅ w_av  7.998    -12.088**   
  (6.261)    (5.141)   
BS_1_SH ⋅ w_1   15.426***    -11.747**  
   (5.480)    (4.784)  
BS_1_SH ⋅ w_1_av    7.178    -10.439** 
    (5.522)    (4.471) 
Firm controls_f,t Yes Yes Yes Yes Yes Yes Yes Yes 
Industry-region 
controls_rj,t 

Yes Yes Yes Yes Yes Yes Yes Yes 

Industry-region FEs Yes Yes Yes Yes Yes Yes Yes Yes 
Region-year FEs Yes Yes Yes Yes Yes Yes Yes Yes 
Adj.R-squared 0.704 0.704 0.704 0.704 0.601 0.601 0.601 0.601 
#Observations 49716 49716 49716 49716 49716 49716 49716 49716 
#Industry-region 139 139 139 139 139 139 139 139 

Notes: coefficients of the control variables, industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors upon request. Cluster (industry-region) - 
robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
 
Table XI - Average span of control and number of layers; excluding one-layer firms 
 (1) (2) 
 (ln(𝐵𝑓𝑡+1); 

no 1-lyr firms) 
(𝐿𝑓𝑡:  

no 1-lyr firms) 
BS_SH_r,t ⋅ w_j,2004 19.594*** -14.549** 
 (6.956) (6.426) 
Firm controls_f,t Yes Yes 
Industry-region controls_rj,t Yes Yes 
Industry-region FEs Yes Yes 
Region-year FEs Yes Yes 
Adj.R-squared 0.573 0.468 
#Observations 44477 44477 
#Industry-region 139 139 

Notes: coefficients of the control variables, industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors upon request. Cluster (industry-region) - 
robust standard errors are reported in parentheses. Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively.
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Figures 
 
Figure 1 – Knowledge-based hierarchy and the market for knowledge 

 
 

Panel A: Garicano’s setting Panel B: our setting 
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Figure 2 - Firm size distribution by number of layers 

Figure 3 - The representative hierarchy in our sample; Italian industrial firms, 2005-2018 

Panel A Panel B 
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Figure 4 – Geographical distribution of KIBS, by region (NUTS 2); Italy, selected years  
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Figure 5 - Marginal effect on the average span of control, ln (𝐵𝑓𝑡+1) 

Figure 6 - Marginal effect on the number of layers, 𝐿𝑓𝑡 
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Figure 7 - Marginal effect on the layers’ span of control, 𝑙𝑛(𝐵𝑙𝑓𝑡) 
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Firm hierarchy and the market for knowledge 

Supplementary material – Online Appendix 

 

A.I. Proofs of Predictions 3 and 4 

Prediction 3. Proof. According to Equation 3, 𝐵𝑙  increases as communication costs, ℎ, diminish 

or as predictability, 𝜆, increases. Moreover, 𝐵𝑙 is proportional to the knowledge set 𝑧𝑙−1
𝐿 , whose 

increase is negatively associated with the learning costs—that is, if 𝑐 diminishes, then it will be less 

costly to increase the upper bound (z) of the knowledge set 𝐴𝑖 by learning. As a result, with cheaper 

learning costs, workers at lower layers need to rely less on the help of supervisors. This increases 

the span of control at each layer. That is, a reduction in the learning cost, 𝑐, makes the organization 

flatter. ∎ 

Prediction 4. Proof. Cf. Garicano (2000: 889-893, predictions 5, 6 and 7).  

 

A.II. The RIL survey: representativeness, composition in terms of waves, industries and 
regions 

This work uses data from the Rilevazione Longitudinale Imprese e Lavoro (RIL), a mandatory 

survey conducted by the Istituto Nazionale per l’Analisi delle Politiche Pubbliche (INAPP).1 The 

RIL survey is carried out on a representative sample of Italian partnerships and limited liability 

companies of all size classes that operate in the non-agricultural private sectors. The sample is 

stratified by firm size, industry, geographical area, and the legal form of firms. Inclusion 

(probability extraction) is proportional to firm size (measured by the total number of employees). 

The reference population is the one provided by the Italian Statistical Institute (ISTAT) in the 

Registro statistico delle imprese attive (ASIA) database. INAPP conducted five waves of the survey 

in 2005, 2007, 2010, 2015 and 2018, interviewing altogether 74843 partnerships and limited 

liability companies. Each wave covers from about 21000 to 30000 firms. A sub-sample of 33550 

firms (45% of the firms) is observed in at least two waves. In line with previous works, and as 

explained at length in our article, we selected industrial firms (see Table I for the list of considered 

sectors), which represent about 37% of all firms in RIL. 

                                                           
1 INAPP is part of the Italian National Statistical System (SISTAN). RIL has been recently used in a number of 
scientific papers such as Pompei et al. (2019); Berton et al. (2021); Dosi et al. (2021). For more details on RIL 
questionnaire, sample design and methodological issues, see: https://www.inapp.org/it/dati/ril. 
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We performed some data ‘cleaning’ steps. First, we selected active2 firms and we excluded firms 

that changed their NUTS 23 location in the period 2005-2018. Second, we only considered yearly 

observations with non-missing information on the number of employees in each single layer of the 

firm, being this information essential to build both the span of control (𝐵𝑓𝑡) and the number of 

layers (𝐿𝑓𝑡). Third, given that we built some controls at the industry-region-year level (𝑉𝑗𝑟𝑡
′  in 

Equation 7) starting from the available firm-level information, we excluded from the analysis 

industry-region-year cells that contain less or equal to five observations (firm-year pairs) to avoid 

these values being driven by outliers. These steps left us with 50244 observations and 27455 firms. 

Overall, the data-cleaning steps we adopted did not impact significantly on the representatives of 

the sample across industries and regions, as shown in Tables A.I and A.II. 

As for industries, the taxonomy shown in Table A.I covers 7 main industrial sectors of the Italian 

economy and it is consistently followed across the five waves of RIL. In the survey, the taxonomy 

of industries is based on the NACE rev. 1.1 (waves 2005 and 2007) and NACE rev. 2 (waves from 

2010 onwards) statistical classifications of economic activities for Europe. Using the conversion 

matrix proposed by Perani and Cirillo (2015), 2-digit industry codes in the third, fourth and fifth 

wave of RIL have been converted into NACE Rev. 1.1 and then aggregated into a consistent 

taxonomy of 7 sectors. Table A.I describes the distribution of firms across these sectors. 

Geographical location of firms is available at the NUTS 2 (region) level: Table A.II presents the 

distribution of firms across Italian regions. 

 

 
  

                                                           
2 We excluded yearly observations for firms involved in extraordinary corporate transactions (i.e. liquidations, 
composition with creditors, extraordinary administration, bankruptcy, cessation of businesses). 
3 Nomenclature of Units for Territorial Statistics (NUTS) indicates a hierarchical classification of administrative areas 
used by the European statistical office (Eurostat). The RIL database contains the NUTS2 degree of aggregation, which, 
in Italy, correspond to regions. More information on the classification can be retrieved from 
https://ec.europa.eu/eurostat/web/nuts/background. 

https://ec.europa.eu/eurostat/web/nuts/background
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Table A.I - RIL database; distribution of firms by industry 

Notes: Columns (2) and (3) refer to all industrial firms contained in the RIL database, excluding firms that declared not being active and firms that 
changed their location (NUTS 2 region) across waves. Columns (4) and (5) refer to the final sample (i.e. the sample in column 1, Table 4 in the main 
text of the paper). 

    

Table A.II - RIL database; distribution of firms by NUTS 2 regions 

Notes: Columns (2) and (3) refer to all industrial firms contained in the RIL database, excluding firms that declared not being active and firms that 
changed their location (NUTS 2 region) across waves. Columns (4) and (5) refer to the final sample (i.e. the sample in column 1, Table 4 in the main 
text of the paper). 

 

 
RIL database - 

number of firms 
% 

Sample column 1 Table 3 - 
number of firms 

% 

Mining and quarrying 1110 4,04 1085 3,95 
Manufacture of Food; beverages; tobacco 4133 15,03 4133 15,05 
Manufacture of Textile and wearing; 
Wood; Paper and reproduction 

5260 19,13 5258 19,15 

Manufacture of Coke; Chemicals; Metals 5971 21,72 5971 21,75 
Manufacture of Machinery and equipment 5477 19,92 5474 19,94 
Other manufacturing 3174 11,54 3169 11,54 
Supply and distribution of electricity, gas, 
steam 

2370 8,62 2365 8,61 

# Firms (Total) 27495 100,00 27455 100,00 

 
RIL database - 

number of firms 
% 

Sample column 1 
Table 3 –  

number of firms 
% 

Piemonte 2013 7,32 2012 7,33 
Valle d'Aosta 246 0,89 242 0,88 
Lombardia 4799 17,45 4798 17,48 
Trentino Alto-Adige 926 3,37 926 3,37 
Veneto 2942 10,70 2940 10,71 
Friuli V.G. 1084 3,94 1084 3,95 
Liguria 881 3,20 877 3,19 
Emilia Romagna 2363 8,59 2362 8,60 
Toscana 2333 8,49 2333 8,50 
Umbria 903 3,28 901 3,28 
Marche 1423 5,18 1423 5,18 
Lazio 1097 3,99 1096 3,99 
Abruzzo 981 3,57 980 3,57 
Molise 452 1,64 445 1,62 
Campania 1161 4,22 1157 4,21 
Puglia 1085 3,95 1085 3,95 
Basilicata 579 2,11 576 2,10 
Calabria 640 2,33 635 2,31 
Sicilia 872 3,17 868 3,16 
Sardegna 715 2,60 715 2,60 
#Firms (Total) 27495 100,00 27455 100,00 
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A.III. Definition of variables and descriptive statistics 

A.III(i). The market for knowledge 

A.III(i)(a). The regional market for knowledge intensive business services (KIBS) 

The market for business services is the one in which solutions (knowledge) for solving production 

problems are sold by business services providers to client firms. The information on the extent of 

the market for KIBS in the (NUTS 2) region in which industrial firms are located has been 

recovered from the ISTAT database on Regional Structural Business Statistics (‘Statistiche 

regionali sulla struttura delle imprese’).4 In particular, we proxy the extent of the market for 

knowledge with the share of regional reemployment that KIBS sectors represent. We merged this 

piece of information with the information on the geographical location of industrial firms contained 

in RIL. INAPP discloses (for research purposes) the information on the location of industrial firms 

at the NUTS 2 level only to ensure the anonymity of single businesses.  

We recognize that a finer level of geographical aggregation (NUTS 3, i.e. provinces) may be 

desirable to proxy the extent of the local market for knowledge that a firm may have access to. 

However, several scholars have provided support to the regional dimension of KIBS. Using data 

from a German regional innovation survey, Koschatzky (1999) showed that the role of KIBS in 

innovation of downward sectors that use them depends on the degree of interaction between the 

two, which is not spatially neutral. Muller and Zenker (2001) identified the influence of proximity, 

location and regional innovation systems on the propensity of (knowledge intensive) business 

services to interact with their clients on their knowledge-related activities. Meliciani and Savona 

(2015) empirically showed that business services are geographically distributed across NUTS 2 

regions, depending on agglomeration economies and input-output linkages with the manufacturing 

sectors that use business services as an input in their production process.  

A change in the NACE industrial classification occurred in 2007 and Schnabl and Zenker (2013) 

pointed out that this change had consequences in the group of sectors that make up the KIBS before 

and after 2007. Indeed, the KIBS sector –as classified in statistical terms—was larger in the NACE 

rev 1.1 classification than in the NACE rev 2 classification.5 This is appreciable in Table A.III, 

which shows the extent of the market for KIBS (in terms of the share of employees over regional 

                                                           
4 See, http://dati.istat.it.  
5 Following Schnabl and Zenker (2013), KIBS gather the (NACE rev 1.1) 2-digit industries 72 (Computer and related 
activities), 73 (Research and development) and 74 (Other business activities) for years 2005 and 2007 and the (NACE 
rev 2) 2-digit industries 62 (Computer programming, consultancy and related activities), 63 (Information service 
activities), 69 (Legal and accounting activities), 70 (Activities of head offices; management consultancy activities), 71 
(Architectural and engineering activities; technical testing and analysis), 72 (Scientific research and development), 73 
(Advertising and market research), 74 (Other professional, scientific and technical activities) and 75 (Veterinary 
activities) for years 2010, 2015 and 2018. 

http://dati.istat.it/
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employment) both across Italian NUTS 2 regions and over time. In line with Schnabl and Zenker 

(2013), who provide similar evidence for Germany and France, a decrease in the extent of KIBS is 

appreciable across all Italian regions, since 2010. Figure 4 in the paper furnishes a similar 

information through some geographical maps.  As suggested by Schnabl and Zenker (2013), we 

have also built another proxy for the extent of KIBS, in which we adopt a stricter definition of 

KIBS for the years 2010, 2015 and 2018. This definition does not include (NACE rev 2) industries 

74 and 75 (which are less knowledge intensive business services). Table A.IV shows the extent of 

the market for KIBS if one adopts this stricter definition. Indeed, differences between Table A.III 

and A.IV are confined to years 2010, 2015 and 2018 and are precisely due to the redefinition of 

what sectors belong KIBS, after the change in 2007 of the NACE classification. 

 

A.III(i)(b). The dependence of industrial firms from the market for KIBS 

Some firms belong to industries that are more intensive in the use of KIBS. The coefficient 𝑤𝑗2004
𝐵𝑆  

calculated from the Italian Input-Output (I-O) use table6 measures the share of intermediate costs of 

industry j that corresponds to inputs provided by the KIBS sectors. This coefficient captures the 

dependence of industry j from business services and reflects technological (exogenous) differences 

across firms. 𝑤𝑗2004
𝐵𝑆  is time-invariant—by dating it back to the year prior to the period analyzed, 

2004—and is obtained from I-O use table for the Italian economy (thus, it does not refer to any 

NUTS 2 region in particular) to reflect the technological (exogenous) differences across industries 

(Barone and Cingano, 2011; Franco et al. 2016). Table III in the paper provides the cross-industry 

variability in the dependence of industrial firms from KIBS. 

  

                                                           
6 https://www.istat.it/it/archivio/sistema+input-output  

https://www.istat.it/it/archivio/sistema+input-output
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Table A.III - The extent of KIBS across Italian regions  

Region/NUTS 2 
Year 

2005 2007 2010 2015 2018 Total 
Piemonte 0.143 0.151 0.101 0.107 0.110 0.121 
Valle d'Aosta 0.125 0.124 0.097 0.092 0.096 0.105 
Lombardia 0.158 0.173 0.108 0.115 0.123 0.136 
Trentino Alto-Adige 0.112 0.120 0.080 0.087 0.086 0.095 
Veneto 0.111 0.119 0.080 0.083 0.086 0.095 
Friuli V.G. 0.132 0.140 0.084 0.084 0.086 0.101 
Liguria 0.140 0.146 0.103 0.098 0.097 0.113 
Emilia Romagna 0.128 0.132 0.083 0.088 0.091 0.104 
Toscana 0.121 0.129 0.088 0.093 0.097 0.104 
Umbria 0.120 0.124 0.088 0.091 0.093 0.102 
Marche 0.100 0.109 0.077 0.083 0.089 0.091 
Lazio 0.218 0.214 0.127 0.136 0.140 0.160 
Abruzzo 0.103 0.123 0.072 0.082 0.082 0.090 
Molise 0.108 0.114 0.085 0.085 0.090 0.096 
Campania 0.139 0.141 0.085 0.089 0.092 0.105 
Puglia 0.138 0.139 0.132 0.085 0.087 0.111 
Basilicata 0.132 0.154 0.133 0.095 0.089 0.117 
Calabria 0.129 0.133 0.092 0.092 0.095 0.108 
Sicilia 0.125 0.128 0.085 0.085 0.087 0.099 
Sardegna 0.129 0.134 0.080 0.085 0.088 0.100 
 Total 0.134 0.142 0.094 0.095 0.099 0.111 

 

Table A.IV - The extent of KIBS across Italian regions; stricter definition (excluding NACE rev.2 
2-digit industries 74 and 75)   

Region/NUTS 2 
Year 

2005 2007 2010 2015 2018 Total 
Piemonte 0.143 0.151 0.088 0.093 0.095 0.111 
Valle d'Aosta 0.125 0.124 0.085 0.082 0.084 0.097 
Lombardia 0.158 0.173 0.093 0.099 0.106 0.127 
Trentino Alto-Adige 0.112 0.120 0.068 0.074 0.073 0.086 
Veneto 0.111 0.119 0.068 0.071 0.074 0.088 
Friuli V.G. 0.132 0.140 0.070 0.070 0.071 0.091 
Liguria 0.140 0.146 0.086 0.087 0.086 0.104 
Emilia Romagna 0.128 0.132 0.070 0.073 0.076 0.095 
Toscana 0.121 0.129 0.076 0.080 0.083 0.096 
Umbria 0.120 0.124 0.076 0.077 0.080 0.093 
Marche 0.100 0.109 0.065 0.070 0.075 0.082 
Lazio 0.218 0.214 0.114 0.123 0.125 0.150 
Abruzzo 0.103 0.123 0.063 0.072 0.071 0.083 
Molise 0.108 0.114 0.077 0.077 0.081 0.090 
Campania 0.139 0.141 0.076 0.079 0.081 0.099 
Puglia 0.138 0.139 0.117 0.076 0.077 0.103 
Basilicata 0.132 0.154 0.118 0.085 0.079 0.110 
Calabria 0.129 0.133 0.084 0.084 0.086 0.102 
Sicilia 0.125 0.128 0.076 0.076 0.077 0.093 
Sardegna 0.129 0.134 0.069 0.074 0.076 0.093 
 Total 0.134 0.142 0.082 0.083 0.085 0.103 
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A.III(ii). Control variables 
Based on the richness of information available in the RIL survey, we can control for a large vector 

of firm characteristics. The choice of these variables is driven by the formal model shown in 

Section II. A dummy variable taking value one if the firm has invested in research and development 

activities and a dummy variable that controls for firms that have introduced a product innovation (in 

the last three years) should be associated with a lower the degree of predictability of production (λ). 

If innovation aims at making the production process smoother and more efficient, a dummy variable 

indicating those firms that have introduced a process innovation may relate to a lower cost of 

communicating knowledge within the firm (h). The share of temporary employees may well be 

positively correlated with the learning cost (c) of solving problems. It may be more expensive for 

employees with temporary contracts to learn how to solve exceptional production problems if 

competence accumulation in solving firm-specific problems is discouraged by these labor contracts 

(Acharya et al., 2010; Martinez-Sánchez et al., 2011; Berton et al. 2016). The (log of) the number of 

employees, as a proxy for firm size has been included to control for the expected positive 

relationship between hierarchical structure and firm scale (Caliendo and Rossi-Hansberg, 2012; 

Cooke et al. 2021). About 13.4% of industrial firms in the sample have invested in R&D and about 

44.6% have introduced at least one new product during the 3-year period before the survey (being t 

the year of the survey wave, the question refers to the period from t-2 to t). A similar percentage of 

firms (44%) have introduced in the last 3 years a new process. The average share of temporary 

employees to total employment is about 8.6%, but about 10% of firms in the sample employ a share 

of temporary employees that is equal or higher than 25%. The average firm size amounts to about 

55 employees and the median firm size is of 12 employees, thus confirming the typical positively 

skewed size distribution.  

We also control for a vector of time-variant controls at the industry (j)-region(r) level, which 

may well be correlated to both 𝐻𝑓𝑡 and 𝑤𝑗2004
𝐵𝑆 ∙ 𝐵𝑆_𝑆𝐻𝑟𝑡. In particular, we control for (i) the relative 

size (in terms of employment) of industry j in which firm f is active, with respect to the regional 

economy (r) to control for specific supply/demand shocks a given industry may face with respect to 

the regional economy; (ii) the median value of labor productivity (turnover/number of employees) 

in a given industry-region to control for the level of efficiency of a given industry in a specific 

territory; (iii) the percentage of firms that have invested in R&D activities in a given industry-

region, to control for differences in the intensity of knowledge and technology across sectors and 

territories; (iv) the percentage of firms in a given industry-region that export part of their products 

and services in order to control for the degree of openness in a certain industry and territory. The 

average labor productivity is about 170000 euro per employee. While, on average, in a given 
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industry-region pair about 13.3% of firms have invested in R&D, heterogeneity is remarkable; 

indeed, there are some sectors in which only about 3.5% of firms have invested in R&D and other 

sectors in which this percentage rises to about 25%, denoting a high technological and knowledge 

intensity. The same applies to the relative size of industries in the regional economy, which ranges 

from about 1.7% to 17.4%. Finally, the share of exporters in the typical industry-region pair is 

rather high (40%) and some sectors show even 65% or more of their firms exporting abroad.  

Table A.V provides the descriptive statistics on both firm- and industry-region-level controls. 
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Table A.V - Descriptive statistics; firm controls and industry-region controls 
Variable Definition Mean SD Min p10 p25 p50 p75 p90 Max 
Investments in 
R&D_f,t 

The firm has invested in research and development, certifications and 
patents, licenses, trademarks and software in the current year; dummy 0.134 0.341 0 0.000 0.000 0.000 0.000 1.000 1 

Product 
innovation_f,t 

The firm has introduced at least one product innovation in the current year 
and/or in the past two years; dummy 0.446 0.497 0 0.000 0.000 0.000 1.000 1.000 1 

Process 
innovation_f,t 

The firm has introduced at least one process innovation in the current year 
and/or in the past two years; dummy 0.440 0.496 0 0.000 0.000 0.000 1.000 1.000 1 

% of temporary 
employees_f,t 

Share of employees with the following types of contracts in the firm’s total 
employees. Fixed-term contracts (Contratto a tempo determinato), 
apprenticeships (Contratto di apprendistato), training contracts (Contratto 
di formazione e lavoro) and placement contracts (Contratto di inserimento); 
share 

0.086 0.169 0 0.000 0.000 0.000 0.103 0.250 1 

Firm size 
(#employees)_f,t Total number of employees 55.840 279.586 1 1.000 4.000 12.000 35.000 109.000 29652 

Median labor 
productivity_rj,t 

The average sales (thousands of Euro) to employees ratio in a given 
industry(j)-region(r) pair 170.840 1196.475 23 101.150 119.784 143.902 175.006 218.327 103252 

% of firms that 
invest in R&D_rj,t 

Percentage of firms that have invested in research and development, 
certifications and patents, licenses, trademarks and software in the current 
year to the total number of firms active in a given industry(j)-region(r) pair; 
share 

0.133 0.079 0 0.034 0.076 0.126 0.181 0.247 0 

Industry relative 
size_rj,t The share of employees in industry (j) to total regional (r) employment 0.089 0.063 0 0.017 0.040 0.081 0.129 0.174 1 

% of exporters_rj,t 
Percentage of firms that have exported (in whole or in part) their products 
and services in the current year to the total number of firms active in a given 
industry(j)-region(r) pair; share 

0.401 0.193 0 0.104 0.263 0.432 0.549 0.655 1 
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A.III(iii). Instrumental variables 

The relevant information for building the instrumental variables have been recovered from the 

ISTAT database on the “Territorial Indicators for Development Policies,”7 the item “Information 

Society.” We build two variables at the NUTS 2 level, as instruments for the extent of the market 

for KIBS. First, we exploit the available information about the percentage of firms with more than 

ten employees that have a broadband connection. The second instrumental variable is the share of 

workers employed in the cooperative companies to total regional employment. 

As for the degree of pervasiveness of the broadband connection, changes over time across NUTS 

2 regions have been fundamentally driven, in the period under analysis (i.e. 2005 to 2018) by 

decision at the European (supranational) level (European Court of Auditors, 2018). Evidence of 

convergence towards European targets in terms of the percentage of firms with broadband 

connection is appreciable in Figure A.1.  

As for the share of workers employed in the cooperative companies, this may be considered a 

proxy for the level of trust (and, thus, of the easiness of relationship among businesses in the 

market) in a region (Sabatini et al. 2014). The relevance of cooperatives in a given territory is 

related to long-term factors that are hardly influenced by organizational decisions of most firms 

located in it. Cross-regional heterogeneity in the relevance of cooperative businesses is shown by 

geographical maps depicted in the Figure A.2. 

To lessen simultaneity between the excluded instruments and the endogenous variables we lag 

both instrumental variables by one year with respect to 𝐵𝑆_𝑆𝐻𝑟𝑡. 

 

Figure A.1 – Percentage of firms with more than 10 employees with broadband connection, by 
Italian (NUTS 2) region; selected years  

                                                           
7 https://www.istat.it/it/archivio/16777  

Panel A Panel B 

https://www.istat.it/it/archivio/16777
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Figure A.2 – Geographical distribution of the share of employees in cooperatives, by Italian 
(NUTS2) region; selected years  

2004 2006 

2009 2014 

2017 
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A.IV. Additional results 

Tables A.VI and A.VII provide evidence about the robustness of the main results of the empirical 

analyisis shown in Tables IV and V to different levels of clusterization of the error term. In 

particular, we check the robustness of the main results (column 1) to clusterization at the: region-

level (column 2); region-year-level (column 3); firm-level (column 4); two-way cluster: region and 

industry (column 5); two-way cluster region and firm (column 6). Overall, the main results on the 

relationship between the average span of control (Table VI), the number of layers (Table VII) and 

the main independent variable, 𝐵𝑆_𝑆𝐻𝑟𝑡 ∙ 𝑤𝑗2004
𝐵𝑆 ,  are confirmed.  

 

Table A.VI - Average span of control; different levels of clustering SE 
 (1) (2) (3) (4) (5) (6) 
 (lin.reg.) (lin.reg.; 

cl_reg) 
(lin.reg.; 
cl_regyr) 

(lin.reg.; 
cl_firm) 

(lin.reg.; 
2wcl_ras) 

(lin.reg.; 
2wcl_raf) 

BS_SH_r,t ⋅ w_j,2004 18.790*** 18.790*** 18.790*** 18.790*** 18.790* 18.790*** 
 (6.554) (5.826) (5.136) (6.333) (9.626) (5.826) 
Investments in R&D_f,t -0.352*** -0.352*** -0.352*** -0.352*** -0.352*** -0.352*** 
 (0.014) (0.014) (0.015) (0.014) (0.021) (0.014) 
Product innovation_f,t -0.007 -0.007 -0.007 -0.007 -0.007 -0.007 
 (0.010) (0.005) (0.007) (0.008) (0.017) (0.005) 
Process innovation_f,t 0.046*** 0.046*** 0.046*** 0.046*** 0.046** 0.046*** 
 (0.012) (0.013) (0.008) (0.007) (0.017) (0.013) 
% of temporary 
employees_f,t 

0.299*** 0.299*** 0.299*** 0.299*** 0.299*** 0.299*** 

 (0.022) (0.025) (0.021) (0.015) (0.046) (0.025) 
Firm size (#employees)_f,t 
(log+1) 

0.619*** 0.619*** 0.619*** 0.619*** 0.619*** 0.619*** 

 (0.017) (0.026) (0.013) (0.004) (0.038) (0.026) 
Median labor 
productivity_rj,t (log) 

-0.026* -0.026* -0.026* -0.026* -0.026** -0.026* 

 (0.015) (0.013) (0.014) (0.014) (0.008) (0.013) 
% of firms that invest in 
R&D_rj,t 

-0.143 -0.143 -0.143* -0.143* -0.143 -0.143 

 (0.102) (0.091) (0.084) (0.077) (0.188) (0.091) 
Industry relative size_rj,t -0.181* -0.181 -0.181* -0.181* -0.181 -0.181 
 (0.100) (0.106) (0.107) (0.099) (0.100) (0.106) 
% of exporters_rj,t 0.124* 0.124* 0.124* 0.124* 0.124 0.124* 
 (0.065) (0.065) (0.069) (0.064) (0.086) (0.065) 
Constant 0.468*** 0.468*** 0.468*** 0.468*** 0.468*** 0.468*** 
 (0.088) (0.078) (0.078) (0.082) (0.099) (0.078) 
Industry-region FEs Yes Yes Yes Yes Yes Yes 
Year FEs No No No Yes No No 
Region-year FEs Yes Yes Yes Yes Yes Yes 
Adj.R-squared 0.704 0.704 0.704 0.704 0.704 0.704 
#Observations 49716 49716 49716 49716 49716 49716 
#Clust.1 139 20 100 27354 20 20 
#Clust.2     7 27354 

Notes: coefficients of industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors 
upon request. Cluster - robust standard errors (at different levels) are reported in parentheses. Statistical significance at the 10%, 5% 
and 1% level is indicated by *,** and ***, respectively. 
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Table A.VII - Number of layers; different levels of clustering SE 
 (1) (2) (3) (4) (5) (6) 
 (lin. reg.) (cl_reg) (cl_regry) (5:cl_firm) (5:2wcl_r_s) (5:2wcl_r_f) 
BS_SH_r,t ⋅ w_j,2004 -14.273** -14.273** -14.273** -14.273** -14.273** -14.273** 
 (5.790) (6.329) (5.553) (5.932) (4.778) (6.329) 
Investments in R&D_f,t 0.136*** 0.136*** 0.136*** 0.136*** 0.136*** 0.136*** 
 (0.009) (0.012) (0.012) (0.010) (0.016) (0.012) 
Product innovation_f,t 0.037*** 0.037*** 0.037*** 0.037*** 0.037** 0.037*** 
 (0.007) (0.005) (0.007) (0.006) (0.010) (0.005) 
Process innovation_f,t -0.027*** -0.027*** -0.027*** -0.027*** -0.027** -0.027*** 
 (0.007) (0.008) (0.007) (0.006) (0.008) (0.008) 
% of temporary employees_f,t 0.096*** 0.096*** 0.096*** 0.096*** 0.096** 0.096*** 
 (0.018) (0.019) (0.020) (0.013) (0.036) (0.019) 
Firm size (#employees)_f,t (log+1) 0.384*** 0.384*** 0.384*** 0.384*** 0.384*** 0.384*** 
 (0.005) (0.009) (0.004) (0.002) (0.010) (0.009) 
Median labor productivity_rj,t (log) 0.053*** 0.053*** 0.053*** 0.053*** 0.053*** 0.053*** 
 (0.011) (0.010) (0.010) (0.014) (0.009) (0.010) 
% of firms that invest in R&D_rj,t 0.111 0.111 0.111* 0.111 0.111 0.111 
 (0.084) (0.082) (0.063) (0.071) (0.131) (0.082) 
Industry relative size_rj,t -0.050 -0.050 -0.050 -0.050 -0.050 -0.050 
 (0.064) (0.045) (0.090) (0.084) (0.042) (0.045) 
% of exporters_rj,t 0.005 0.005 0.005 0.005 0.005 0.005 
 (0.060) (0.071) (0.056) (0.057) (0.076) (0.071) 
Constant 1.150*** 1.150*** 1.150*** 1.150*** 1.150*** 1.150*** 
 (0.063) (0.080) (0.065) (0.080) (0.073) (0.080) 
Industry-region FEs Yes Yes Yes Yes Yes Yes 
Region-year FEs Yes Yes Yes Yes Yes Yes 
Adj.R-squared 0.601 0.601 0.601 0.602 0.601 0.601 
#Observations 49716 49716 49716 49716 49716 49716 
#Clust.1 139 20 100 27354 20 20 
#Clust.2     7 27354 

Notes: coefficients of industry-region FEs and region-year FEs are not reported to save space. Full tables are available from authors 
upon request. Cluster - robust standard errors (at different levels) are reported in parentheses. Statistical significance at the 10%, 5% 
and 1% level is indicated by *,** and ***, respectively. 
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In Table A.VIII, we show the estimation of Equation 9, in which we assess how the extent of the 

market for knowledge affects changes in the span of control at specific layers within the firm. 

 
Table A.VIII - Layers' span of control 
 (1) 
 (l_breadth:lyr 2+3-4) 
BS_SH_r,t ⋅ w_j,2004 10.281 
 (7.861) 
BS_SH_r,t ⋅ w_j,2004 ⋅ No. managers plus middle managers -36.147 
 (30.091) 
Firm controls_f,t Yes 
Industry-region controls_rj,t Yes 
Layer-region-year FEs Yes 
Layer-industry FEs Yes 
Firm FEs Yes 
Adj.R-squared 0.602 
#Observations 51282 
#Industry-region 139 

Notes: coefficients of the control variables, layer-region-year FEs, layer-industry FEs and firm FEs are not reported to save space. 
Full tables are available from authors upon request. Cluster (industry-region) - robust standard errors are reported in parentheses. 
Statistical significance at the 10%, 5% and 1% level is indicated by *,** and ***, respectively. 
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