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Abstract

We document that more than one third of employment in French manufacturing firms

is within lateral functions — tasks that are neither in production nor management. We

show that such functions are heterogeneous in importance and composition, with less rou-

tine lateral functions being relatively more prevalent in larger firms, and that their higher

shares in employment are correlated with higher productivity, intangible capital, measures

of product complexity and innovation, and higher markups. We provide thus evidence

suggesting that these functions generate information using specialized labor – a critical

resource within knowledge-intensive organizations – relevant for the production of com-

plex goods. We rationalize these findings by a simple model where firms decide on the

complexity of goods that they produce and on the production of information to reduce the

uncertainty they face associated with complexity.
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1 Introduction

[...] Just what, then, are the functions of the executives responsible for the fortunes

of the enterprise? They coordinate, appraise and plan. They may, at the same

time, do the actual buying, selling, advertising, accounting, manufacturing, engi-

neering, or research, but in the modern enterprise the execution or carrying out of

these functions is usually left to such employees as salesmen, buyers, production

supervisors and foremen, technicians, and designers. [...]

Chandler (1962), p.8.

Using a classification of jobs detailing functions, we identify that 37.2% of hours worked

within manufacturing firms in France1 (see the left-hand panel of Figure 1) are performing

functions other than production or management. This constitutes a large fraction of total hours

worked and hence the non-production and non-management functions must be important to

successful firm operations.

Figure 1: Shares of workers in different functions.

The left-hand panel shows the share of hours worked in production, management (“gestion” or administration in French) functions and the rest
while the right-hand panel gives these shares and after isolating managers. Sample: firms in manufacturing with employment >50 people in
2015.

To date, however, they remain largely absent from the theories of the firm, even if they are

mentioned in heuristic discussions or are invoked as an explanation of empirical patterns (Ata-

lay et al., 2014, —auxiliary functions in their language). As envisioned by Chandler (1962) in

the quote above, these non-production and non-management functions escape the hierarchical

1Sample of manufacturing firms with >50 employees in 2015. The categorization of functions is done by the
INSEE, the French statistical agency. As the right-hand panel of Figure 1 shows, excluding jobs within lateral
functions that have managerial tasks reduces this fraction only to 32.2% of hours.
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or vertical view of the firm (advanced by e.g. Radner, 1993; Garicano, 2000; Caliendo et al.,

2015):2 we shall call them lateral functions.

In this paper, we provide some theory and evidence to understand the role of such lateral

functions within organizations. We argue that these lateral functions — and in particular the

non-routine ones such as B-2-B (purchases or sales), Intellectual services (legal services, IT,

marketing among others), and R&D — allow firms to generate information to resolve uncer-

tainty related to the different stages of the production processes from sourcing inputs to final

good sales and branding. The resulting capabilities become the source of the firm’s comparative

advantage to supply complex goods – which we understand as goods that are more uncertain to

produce.3 More precisely, a firm needs to consider more payoff-relevant states in the production

of the complex good, a cardinality-based notion of complexity (see Rubinstein, 1986).

To start with, we build a simple model of firms’ technology to produce complex goods us-

ing information. In our model, firms observe their productivity draws and select whether to

produce either a simple but low-value good or a high-value but complex good using a set of

inputs that they source using labor. The production of the complex good requires to select one

specific input, in contrast with the simple good which can be produced with any.4 However,

firms are ex ante not informed about which input to select but they can reduce this uncertainty

by employing labor dedicated to information generation: more precisely, as in the rational

inattention literature, firms face an information constraint that can be relieved by increasing

specialized information-generating labor. From this model, we derive empirical implications.

More productive firms, relative to less productive ones 1) produce more complex goods, 2)

have a higher share of labor specialized in information generation, 3) sell with higher markups

and, to the extent that management is complement to information production, 4) have a higher

share of management labor. Our model, through various interpretations, indicates that B-2-B,

Intellectual services and R&D functions should be especially important in information genera-

tion.

Next, we generate new facts about functions in organizations using a sample of all French

manufacturing firms above 50 employees in 2015 and interpret them through the lens of our

2Moreover, if, given the skill content of some of those functions we would assign them a place within a hierar-
chy, hierarchies of many firms would appear to be bell-shaped instead of pyramid-like as required by management
theories. This is important, because our approach points how empirical study of organizations such as Caliendo
et al. (2015) could be refined.

3See for example Nedopil et al. (2011) for numerous case studies on the issue.
4Our framework can be restated e.g. as firms producing complex goods searching for the “ideal” consumer

variety or quality.
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model. We focus on manufacturing because it offers a rather homogenous sector where the

output is strongly linked to physical goods – hence it is easier to distinguish the “production”

types of occupations from those performing lateral functions. To examine functions, we use the

detailed classification (“PCS”), produced by the French statistical office (INSEE), that allocates

486 different occupations into 15 distinct functions.

First, we show that lateral functions correspond to an important share of employment –

as mentioned, 37.2% of hours worked. Furthermore, these functions are present in almost all

firms. In particular, this holds particularly true for business relations (B-2-B), R&D, mainte-

nance, transport and logistics and, to some extent, intellectual services (marketing, consulting,

IT, legal services etc.).

Second, the subset of lateral functions identified by our model as important for information

generation coincides with non-routine tasks according to the routineness measure from Autor

et al. (2003): these functions are B-2-B; R&D; Intellectual services. We show that larger

and/or more productive firms are relatively richer in these non-routine lateral functions – this

share of employment in non-routine lateral function increases from an average of 12% for the

smallest firms of our sample to more than 30% for the largest ones. In contrast, the shares

of hours in routine lateral functions such as logistics or other functions’ (such as retail sales)

are uncorrelated with productivity or size. Our findings are robust controlling for the share

of the management (as a function) and the share of managers overall and, also, on top of the

(projected) skill composition of jobs. Functional composition of a firm workforce in terms of

lateral functions along management is an important correlate of TFP.

Third, we provide evidence that suggesting that firms with relatively more non-routine lat-

eral functions 1) generate more information, 2) produce more complex goods and 3) have

higher markups. In particular, we show that higher shares of non-routine lateral workers are

associated with measures of information production such as more intangible capital (per hour

worked or as a share of total capital) or sales volatility but also with higher levels of self-

reported product, process, marketing and logistics innovation and intellectual property protec-

tion. The share of non-routine lateral functions is also positively correlated with measures of

product scope, complexity, and markups.

Fourth, we scrutinize the importance of particular subfunctions for TFP. We obtain that

some subfunctions are of particular importance but our findings also suggest that R&D is only

one component in the generation of relevant information for the firm. For example, other non-
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routine functions are correlated with intangible capital or product innovation measures, or e.g.

marketing innovation. Moreover, the share of workforce related to input purchases or marketing

appear to be strongly correlated with productivity. The former is strongly correlated with a

higher share of materials in production, an indication that a successful outsourcing strategy

may be key for the most productive manufacturing firms, a finding consistent with Bernard and

Fort (2015).

Overall, we argue that non-routine lateral functions are essential for firms producing com-

plex goods. They are not only important because of task specialization, but particularly vi-

tal in generating information about the economic environment which increases complex good

production efficiency. Information produced by non-routine lateral workers that may possess

specific human capital is retained within an organization, creating a critical resource asset (see

Rajan and Zingales (1998)) for knowledge-based firms. Some of this inalienable information

can be assessed and valued by outsiders, using accounting methods – such as intangible capi-

tal, while a large part may be unquantifiable and inherently connected with each firms’ specific

operations, creating its organizational capital. While effective management may be impor-

tant in administering, exercising authority, coordinating and monitoring workers, managers are

not necessarily the ones responsible in organizations to resolve uncertainty about markets, cus-

tomers, inputs or technological processes. Thus, non-routine lateral workers play a key function

alongside production workers and managers in successful firms that are producing complex and

knowledge-based goods.

We view our contribution as complementary to the crucial themes of organization eco-

nomics such as firm hierarchies or centralization-decentralization tradeoffs, and expanding the

questions in this strand of research. While hierarchies exist in lateral functions, they may be

flatter, especially as most non-routine lateral functions comprise of professionals (witnessed by

low degree of routineness) that may work in teams.5 Importantly, however, not all knowledge

is generated within hierarchies. Information acquisition resolving uncertainty may be entrusted

to specialized lateral functions’ employees. At the same time, the need to generate informa-

tion to produce complex goods may increase the need for coordination (Becker and Murphy,

1992), and be complementary with more intensive management, while successful experimen-

tation by non-routine lateral workers may require autonomy that in turn invites decentralization

and adaptation (Dessein and Santos, 2006).

5The increase over time in the shares of lateral functions in firms may be another reason for the observed
flattening of hierarchies documented in Rajan and Wulf (2006).
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Related literature. The paper is connected to different strands of the literature.

First, the role of lateral functions to produce information that is useful for the firms is

connected to the resource-view of the firm (see Wernerfelt, 1984; Lockett et al., 2009, for a

review), the dynamic capabilities theory of the firm (Teece, 1982; Teece et al., 1997) or the

knowledge-based theory of the firm (Kogut and Zander, 1992).6 Within this literature, we are

close to Rajan and Zingales (1998) formulate a theory of the firm centered around access to

a critical resource (which may be a machine, and idea etc.). Agents employed within a firm

specialize their human capital to work with the resource. In our model, agents specialize in

producing information about a particular function and jointly create the critical resource of the

firm: information. Because of the problem of appropriability in information sharing, the ability

to keep valuable acquired information within the organization is a source of its comparative

advantage and a developed capability (Cohen and Levinthal, 1990). In particular, as in Rajan

and Zingales (1998), we do not explain the presence of lateral functions through the lens of the

property-rights theory (Grossman and Hart, 1986; Hart and Moore, 1990), given that we are not

concerned by the allocation of assets but of workers, on which the firm cannot have residual

rights. In addition, the view that producing and sharing information is key for the firms’ borders

is also forwarded by Atalay et al. (2014). We contribute to this literature by providing evidence

on the type of intangibles that firms may produce, using the way firms specialize their workers.

Second, our focus is different from the firm-specific human capital literature such as Becker

(1962) or Lazear (2009). Development of specific skills while employed may be needed to gen-

erate knowledge for firms to be more productive in complex goods. We abstain from studying

skill acquisition by employees on the job and the potential frictions this may entail. The uses

of general human capital may be firm specific, and firm-specific human capital in the sense of

Becker that is generated during employment may not be easily transferable to other firms. In

contrast, we concentrate on information production in the firm that allows the firm to create

its competitive advantage as long as this information remains within the firm. In particular,

workers with the same type of general human capital could be used by different firms to gen-

erate disparate firm-specific information required by the firm to produce complex goods. But

this information is potentially transferable to other firms if the employee leaves. For example,

AI modelers could be used by distinct firms to uncover needed information in different areas:

6See also Sutton (2012) for a theory of industry competition with firms differing in capabilities – either in
terms of product quality or productivity. He considers “capability building” by firms through sunk costs that can
take multiple forms: R&D or advertising expenditures, reputation building via bearing opportunity costs, etc.
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exchange rate market fluctuations, programming robot arm movement, or optimizing supply

chains. From this perspective, our paper is closer to Tambe et al. (2020) -who document the

role of IT labor in accumulating digital capital –which is in turn a key determinant in future

firm productivity– or, more recently, the role of sales managers when it comes to exporting as

investigated by Patault and Lenoir (2021). We add to this paper a more systematic analysis

of lateral functions and show the relative importance of all of these functions engaging into

information generation and its role for the production of complex and higher-markups goods.

Third, our paper is connected with the literature on international trade and intra-firm trade

with prominent examples as Helpman (1984) or Antràs (2003). This literature is particularly

interested in the separation between headquarter services (“general purpose inputs”) vs. pro-

duction, and fragmentation of production processes, also enabled by ICT (Fort, 2016). We aim

to understand better such “headquarter” services themselves, as certain functions performed

within firms – such as management – received particular scrutiny in contemporary literature

but the nature of the general purpose inputs produced within firms has so far received much

less attention.7

Fourth, our interpretation that at least some lateral functions are about producing informa-

tion to reduce uncertainty is related to the large literature about firm decision-making under

different forms of uncertainty (e.g. Jovanovic, 1982; Zeira, 1987; Mitchell, 2000), mainly fo-

cused on learning and firm dynamics (see also Berman et al. (2019) on demand uncertainty in

international trade). The idea that knowledge (that we take for an equivalent of information

production) is about reducing uncertainty and that it has consequences on the (hierarchical)

organization of the firm dates back to at least Radner (1993) with important contributions from

Garicano (2000) and Caliendo et al. (2015) among others.8 In contrast to this literature (dis-

cussed e.g. by Garicano and Van Zandt, 2013), we study information production (or knowl-

edge production) not within a firm hierarchy involving different layers of management (that

constitute knowledge hierarchies, solve team production or information processing problems)

but through the lateral functions workers acquiring new information. We also show that these

functions are able to produce multiple and potentially complementary “capabilities”. Our ap-

proach that information production is costly and has to be traded off with potential gains has

also received specific attention by Dessein et al. (2016).

7Some attempts to study these phenomena were made by Bernard and Fort (2015) focusing especially on input
outsourcing and imports and by Defever (2006) in the context of multinationals.

8See also Garicano and Wu (2012) for an overview and a connection to the strategy literature.
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From this perspective, our paper is also connected to the impact on management on firm

organization. Note that we consider the impact of management through the use of labor. This

differs from the approach by Bloom et al. (2014), Bloom et al. (2016) or Bender et al. (2018)

who consider the impact of management practices on firms’ productivity. Of course, the impact

of good management practices may help to make the firm more productive and engage more

into information-productive lateral functions by facilitating task coordination and information

sharing.

Finally, our approach on costly information production is connected to the literature on

costly information acquisition following Townsend (1979). In particular, our idea that complex

goods are information sensitive parallels the idea that assets may also be information sensitive,

thus affecting their design as argued by Dang et al. (2012). In addition, the use Shannon’s

entropy is connected with the literature on rational inattention as initiated by Sims (2003) (see

Mackowiak et al., 2020, for an overview).

The paper is organized as follows. In Section 2 we lay out a simple model of firm employ-

ment structure that generates implications for data patterns. We also define good complexity

that we shall consider. In part 3 we describe our data. Section 4 establishes the most salient

facts about functions within firms and their relation with firm productivity and information

production. Section 5 provides further discussion while 6 concludes.

2 A simple model

We start by building a model of heterogenous firms that decide on the complexity of the

goods that they produce. In this decision, the trade-off is that more complex goods can be sold

at higher prices but they also require more information. The main assumption of our approach

is that experimenting, conception, acquiring and analyzing information to generate knowledge

and resolve uncertainty requires specific labor corresponding to the lateral functions that we

observe in the data.

2.1 The environment.

Consider a continuum of firms indexed by i ∈ [0, 1]. Each firm can produce a good that

can either be simple or complex and we denote by q ∈ {simple, complex} the corresponding

complexity.
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Production. To produce a good of complexity q, a firm has access to a set of potential inputs

Ω and uses a production of the form yi = Ai
∑

k∈Ω ak,qxk, where Ai is firm’s productivity

and the ak,q are productivity parameters specific to a good of complexity q. All inputs are

substitutes to produce a good, but they do not have the same productivity, so that substitutability

is imperfect. We denote by N = Card(Ω) the number of potential inputs.

Importantly, we assume that the production of the complex good is more sensitive to the

choice of inputs than the production of the simple good. As we will make this clearer afterward,

this will mean that the production of the complex good is more uncertain that the one of the

simple good. Formally, to make things simple, we assume an extreme form of uncertainty

for the production of the complex good: there exists k′ ∈ Ω such that ak′,complex = 1 and

ak,complex = 0 for any k 6= k′. In contrast, we assume that the production of the simple good

does not face any uncertainty: ak,simple = 1 for any k ∈ Ω.9

Inputs are then produced internally only using labor. The production function of any input

k ∈ Ω is xk = lαk , where lk is the amount of labor used and α ∈ (0, 1) is a parameter. Finally,

we denote by w the wage rate paid on labor.

Information. Firms cannot freely observe the productivities ak,q. Instead, this requires to

produce information. Formally, firms can decide on their information set Ii but this requires to

hire labor within the firm.

Before acquiring any information on {ak,q}k∈Ω,q∈Q, the information set of a firm that we

denote by I0 is such that firms have uninformative priors on which input is the one that yields

ak,q = 1 and, for each k ∈ Ω, they assign a priori probability 1/N that k is such that ak,q = 1.

In the tradition opened by Sims (2003), we borrow from information theory the relative en-

tropy H(I|I0) –also known as the Kullback-Leibler divergence– to measure the informational

content of I relative to I0. We do not assume any constraints on the signals that firms can

receive to update their information set.

Our key assumption is that the amount of additional information selected by the firm has

to be produced by the firm using labor lI . For simplicity, we assume that the production of

information is linear in the labor used for this specific task. Overall, this leads to the constraint

9We use thus a cardinality-based notion of complexity similar to that in the literature on complexity in games
as in e.g. Rubinstein (1986). Here, there are more payoff-relevant states (inputs) to consider in the production of
the complex good.
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on the amount of information used by the firm:

H(I|I0) ≤ lI (1)

Remark. Importantly, this assumption captures two aspects of information and the boundaries

of the firm consistent with theories like the resource-view one. On the one hand, this assump-

tion implies that information acquisition always requires the use of specialized labor within the

firm and so it cannot be fully outsourced. On the other hand, the information acquired by the

firm can then be used as an input for other production within the firm. Generated informa-

tion becomes the critical resource of the firm and the source of its comparative advantage in

producing the complex good.

Demand for goods. Finally, we need to detail the demand for the complex and the simple

goods. To make things simple, we assume that there is an infinite demand for these two goods

for any prices π ≤ π(q), with q ∈ {complex, simple}, so that firms are always better selling

good of complexity q at the price π(q). We then make the following assumption:

Assumption 1. More complex goods are sold at higher prices: π(complex) > π(simple).

As this will become clear later on, this is a necessary condition for complex goods to be

produced, as complex goods require more costly information generation.

More involved microfoundations of higher markup for more complex goods are possible.

An example would be that differentiated goods are more complex to produce than homogenous

goods and only differentiated goods allow for some market power while homogenous goods

are competitively traded. In this case, the characteristics of the good that differentiate it from

the other are complex to produce.

Perfect information. As a benchmark, let us clarify what firms would do if productivities ak,q

would be perfectly observable at no cost. As π(complex) > π(simple), it is straightforward

that all firms, no matter their productivity level Ai, would prefer to produce the complex good.

Indeed, all firms are perfectly able to select the right input k′ ∈ Ω such that ak,complex = 1.

In addition, no labor is required to produce any information. In the end, the production of all

firms satisfies li = li(complex) = (π(complex)Ai/w)
1

1−α .
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Interpreting the model. In this setup, the complexity of producing a good stems from the

uncertainty on the set of inputs that are useful for production. The input purchasing (B-2-B,

finding and maintaining supplier relations), R&D (trial and error), IT and legal functions (e.g.

providing due diligence) may be seen as important in discerning such “right” inputs to produce

the complex good.

Our approach can be recast to target other problems than procurement that firms face while

producing products of differing complexity that exhibit similar structure. For example, consider

a firm searching the right product characteristics to meet uncertain demand. In this example,

simple products customers would not care about the particular characteristic of the good offered

by the firms; hence all characteristics are perfect substitutes and there is no uncertainty faced by

the firm. In contrast, for complex products, customers would desire one and only characteristic

that the firm would need to discover through B-2-B, R&D and marketing effort.

More formally, in this model, the firm would have the option to produce a simple good and

a set Ω of complex goods. The demand for the simple good would be at a price p(simple) and

the demand for complex goods would be peaked at the good k ∈ Ω with a price p(complex)

– so there is no demand for any other complex good k′ 6= k. As in our benchmark model, the

exact complex good for which there is a positive demand is not observable ex ante and firms

need to generate information to discover this demand.

2.2 Optimal information production

Let us now turn to the case where productivities ak,q cannot be freely observed by firms.

The problem faced by firms is then to select a level of complexity, the input, the amount of

labor and its allocation between production and information production. More formally:

max
q∈Q,{lk}k∈Ω,lI ,I

π(q)AiE

[∑
k∈Ω

ak,q(lk)
α|I

]
− w

(∑
k∈Ω

lk + lI

)
,

s.t. H(I|I0) ≤ lI

where E(.|I) is the expectation operator conditional on the information set I.

Information production. Let us first discuss the incentives by firms to produce information

given a choice of complexity.
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First, let us note that Constraint (1) is always binding as, otherwise, the firm would reduce

its amount of labor dedicated to information production lI,i and strictly increase its profits.

Second, a firm deciding to produce the simple good is better off not producing information.

It would imply a cost of wlI > 0 and there is no gain to produce such an information for the

simple good as any input has the same productivity.

In contrast, not producing information to produce the complex good may not be optimal. In

this case, the firm would face an extreme form of uncertainty: when selecting an input k′ ∈ Ω,

the firm expects a production

π(complex)AiE

[∑
k∈Ω

ak,q(lk)
α|I0

]
=
π(complex)Ai

N
(lk′)

α.

The more inputs there are, the lower is the expected productivity of producing the complex

good in the absence of information production.

On the other hand, acquiring information is costly. Let us start with an example. Suppose

that the firm wants to have perfect information on the production function of the complex good.

Given its prior set of information, the relative entropy of the new information set is:

H(I|I0) =
∑
k∈Ω

P (k) log

(
P (k)

Q(k)

)
.

where Q(k) is the probability of input k being the right one based on I0 and P (k) is this

probability based on I. By assumption, Q(k) = 1/N and under perfect information P (k) = 1

for the right input k′ and equals 0 otherwise. As a result, the relative entropy in this case is:10

H(I|I0) = logN > 0.

There is then a need to produce information due to (1) and select a strictly positive lI .

The following Lemma formally shows when firms choose to produce information as a func-

tion of the level of complexity of their production:

Lemma 1 (Information Production). A firm producing the complex good produces informa-

tion: lI,i > 0. This contrasts with firm producing the simple good, which does not produce

information: I = I0 and lI,i = 0.
10Note that we use here the fact that limx→0 x log x = 0.
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Proof. See Appendix A.1.

No information generation is optimal for the simple good as its production entails no un-

certainty but a little bit of information is always desirable for the complex good. To produce

this information, some specific labor lI is necessary.

Note, however, that perfect information is not necessarily optimal when producing the com-

plex good: the firm may be better off still facing some uncertainty. We will illustrate this point

in what follows.

To make the problem tractable, we consider the information structure I(p) so that the

posterior distribution is as follows. A given k is the right input for producing the complex

good with probability p ≥ 1/N and all the other k are the right inputs with probability

1/N − (p− 1/N)/(N − 1). We obtain a continuum between p = 1/N and p = 1.

Lemma 2 (Increasing information production). There is no loss of generality to focus on the

information sets {I(p)}p∈[1/N,1]. As a result:

(i) Information labor lI,i and the probability p are increasing with firm’s productivity Ai.

(ii) The probability p is an increasing and concave function of information labor lI,i.

Proof. See Appendix A.2.

First of all, as we noted, we do not make assumption on the set of signals that firms can

receive and so, without loss of generality, we can directly focus on posterior beliefs.

In the left panel of Figure 2, we illustrate Lemma 2’s result by plotting the optimal probabil-

ity p as a function of firm’s productivity Ai, conditional on producing the complex good. Our

calibration is such that N = 2 and so, the probability increases from 1/N = .5 to 1. The right

panel of Figure 2 illustrates the “production function” of information: by increasing the amount

of labor dedicated to information production, a firm increases its probability to select the right

input to produce the complex good. This production function features decreasing returns: this

stems from the convexity in p of the conditional entropy.

Good selection and firm’s structure. In the end, information production is tied to the pro-

duction of the complex good so that a firm i’s decision to produce the complex good boils down

13



to compare:

π(complex)AiE (ak|I) li(complex)α − wli(complex)− wlI,i ≥ · · ·

· · · π(simple)Aili(simple)
α − wli(simple),

with li(complex) = (AiE (ak|I) π(complex)/w)
1

1−α the optimal amount of labor in produc-

tion when producing the complex good and selecting the input with a productivity ak,complex =

1 and li(simple) = (Aiπ(simple)/w)
1

1−α the optimal amount of labor in production when

producing the simple good – in this case, the exact input that is selected does not matter.

As π(complex) > π(simple), the marginal value of production is potentially larger for the

complex good but, at the same time, information production leads to a larger cost for producing

this good. This comparison of higher marginal value with larger cost leads to the following

proposition:

Proposition 3 (Optimal firm structure and good production). There exists Ā so that any firm

with Ai ≥ Ā produces information and the complex good. Otherwise, firms with productivity

Ai < Ā do not produce information and they produce the simple good.

Proof. See Appendix A.3.

Only sufficiently productive firms engage into information production and produce the com-

plex good. In contrast, less productive firms specialize in the simple good and, accordingly,

does not produce any information.

Per se, the result that more productive firms engage into higher value activities is not new.11

However, this self-selection of higher-productivity firms into the production of the complex

good does not stem from a fixed cost of producing the complex good but from the comparison

of the marginal gain to produce such good: due to endogenous information production, a low-

productivity firm is relatively more productive for the simple good than for the complex good.

This pattern is reversed for high-productivity firms that acquire information and benefit from

a higher probability to find the right input for production. In a way, the need for information

acquisition leads to a form of an adjustment cost to allow the organization to produce the

complex good.

To illustrate this finding, we plot in Figure 3 profits from producing the simple and the

complex goods as a function of productivity. As it can be observed, both goods yield 0 profits
11See Melitz (2003) among others and the general conditions for this to happen in Mrázová and Neary (2019).
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when productivity equals 0. However, profits when producing the complex good are more

convex than when producing the simple good. This difference in convexity happens despite the

production function is the same for the two goods but only due to the endogenous information

choice on the probability p – the stronger increase in the slope results from p increasing with

productivity (left panel of Figure 2).

The role of management. Let us now extend our model to think about the role of manage-

ment. To this purpose, we consider management labor lM . Management is arguably com-

plement to production but it is also complement to information production as management,

consistently with the literature, plays an important role in gathering, disseminating, processing

(Radner, 1993) or coordinating knowledge (i.e. information produced within the firm). From

this perspective, adding lateral functions may contribute to increasing the need for coordinating

different tasks: marketing, R&D and production for example.

To model these complementarities, we focus on the following modified problem for the

firm:

max
q∈Q,{lk}k∈ΩlM lI ,I

π(q)AiE

[∑
k∈Ω

ak,q(lk)
α|I

]
lβM − w

(∑
k∈Ω

lk + lI + lM

)
,

s.t. H(I|I0) ≤ lγI l
δ
M

with α, β, γ and δ positive coefficients such that α + β < 1 and γ + δ ≤ 1.12

The first order condition with respect to management writes:

π(q)AiE

[∑
k∈Ω

ak,q(lk)
α|I

]
βlβ−1
M + λ(lI)

γδlδ−1
M = w

with λ the Lagrange multiplier associated with the information constraint. Inspecting this con-

dition, one can observe that management labor lM increases with production labor lk and firm’s

productivity Ai but lM also increases with labor dedicated to information production and the

shadow value of information production as measured by the Lagrange multiplier λ. The rest of

the analysis is not modified with respect to the previous paragraph as in the previous paragraph.

In such a setting, higher productivity leads to more management labor all the more when it

also leads to more labor dedicated to information production:

12This formulation encompasses many approaches in the literature. For example, if γ = δ, α = β the wage bill
for management is equivalent to a coordination cost as in Becker and Murphy (1992).
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Corollary 4. When management is complement to information production, firms producing

more information hire relatively more management labor.

We illustrate this finding in Figure 4 where we plot information and management labor as

a function of productivity for a calibrated version of the model. Consistently with our results,

only the most productive firms are producing the complex good and then also produce informa-

tion and hire specific labor – this can be observed in the Figure as information labor is plotted

by the red dashed line. Such presence of information labor leads to a higher demand for man-

agement labor as in Corollary 4, which can be observed in the Figure by the larger elasticity of

management labor with respect to productivity for firms producing information – management

labor is plotted by the black plain line.

Remark. In this paragraph, we have left unmodeled the precise motive for the complementarity

between information and management labor. In models of the organisation of the firm, ana-

lyzing such complementarity in more details would allow to investigate how information labor

should be organized: should it be centralized at the level of the firm, e.g. to benefit from in-

creasing returns, or decentralized to adapt to local conditions. We leave the related questions

to future research.

2.3 Empirical implications and further discussion

Let us now use our model to derive a set of empirical implications that we will confront

with data in the next sections. To this purpose, let us consider two firms with two different pro-

ductivities levelsAlow < Ahigh. Using our previous results, we obtain the following proposition

that makes predictions on the difference between these two firms.

Proposition 5. Suppose that Alow < Ā < Ahigh. Then:

(i) The high-productivity firm produces a more complex good than the low-productivity one.

(ii) Its share of information labor is larger.

(iii) Its share of management labor is higher.

(iv) Its information production is higher.

(v) Its markup is higher.
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More productive firms engage into the production of more complex goods, hire more infor-

mation labor and, concomitantly, more management –under the assumption that information

production is complement to management.

What kind of workers are employed in information generation? To connect our results

to data, it is also useful to make more precise what we mean by labor engaged in information

generation. In our benchmark model, labor responsible for producing information reduces the

uncertainty regarding the selection of inputs for producing a complex good. Two functions

within firms seem relevant for this role: R&D and B-2-B (purchases). The former is about

designing the right product, i.e. identifying the right set of inputs that one needs to assemble

in order to produce a good, and the latter is about making sure to have the actual sourcing of

(high quality) inputs.

As we discussed, our model can also encompass demand uncertainty for complex goods

and so, information generation may be important in finding the ideal variety desired by con-

sumers or informing customers about firm products. In our data, jobs in advertising, marketing,

sales or economic consultants that may critical for assessing the precise demand are gathered

in the intellectual services or B-2-B (sales) functions. R&D workers will be key in resolving

uncertainty about technological uncertainty while lawyers on the legal challenges (e.g. driver-

less cars, intellectual property protection) on the feasibility of producing different products. All

in all, we expect workers in B-2-B, R&D and intellectual services perform important roles in

complex good production.

In the following, we investigate how much these different functions are indeed connected

to information generation and whether the implications of Proposition 5 are actually verified in

the data.

Our model and theories of the firm. Before exploring data, let us discuss our modeling

choice concerning the theory of the firm. In particular, an alternative for explaining why these

non-routine lateral functions are within firms would be the property-right theory.

Indeed, lateral functions with low routineness scores that produce information involve by

definition tasks that are less standardizable, requiring more customized actions than other func-

tions like production. This means that for employees performing them, by the nature of the

task or their skill, their effort and final output may not be easily measurable and therefore mon-

itored. The way these functions are performed may require firm-specific investments on the
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side of workers but and/or yield firm-specific output. That naturally gives rise to contractual

incompleteness (see e.g. Costinot et al., 2011) in the provision of non-routine labor services.

These functions, however, also require high human capital and may not require many physi-

cal assets. The understanding of why such functions are kept within firms is thus largely outside

of the scope of the property-rights theory (see Rajan and Zingales, 1998): one of the contractual

parties cannot own employees, and the mere fact of employing them within the organization as

opposed to sourcing their services as outside contractors may not solve any hold-up problems.13

One answer to this can be that of the critical resource theories of the firm going back to

Wernerfelt (1984) — that employment within the firm provides access to some critical resource.

While Rajan and Zingales (1998) provide an explanation why employees with high human

capital may be retained within the borders of organizations, it does not explain why larger or

more productive firms would acquire a more diverse workforce, where workers have multiple

functions; furthermore, they consider the “critical resource” to be exogenously given. In our

framework, we abstain from modeling the contractual relations between owners and workers,

but focus on the creation of the critical resource in the form of generated information.

3 Data description

In this section, we present our sources of data and how functions in firms are measured.

Sources. We rely on two main sources of data. We first use French matched employer-

employee data (DADS – “Déclarations Annuelles de Données Sociales”) that gives use worker-

level information such as occupation, wage, hours. Occupations are coded following the 2003

PCS French classification at the 4-digit level.14 Second, we use the FARE data set which is

built from mandatory income statements of firms to tax authorities.15 From this database, we

extract firm-level information such as capital, output, sales and value added. We use the 2015

vintage of DADS-Postes (to obtain measures of compensation etc.) and FARE.

To generate additional measures on the complexity of production of firms we use the Euro-

stat’s PRODCOM database and EAP data sets of the Insee that track detailed products of firms

and their value.
13See also comments by Hart (2017), p. 1735.
14See Caliendo et al. (2015) among others for a use of this classification to study firm organization.
15The database FARE replaced the database FICUS in 2008.
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The detailed description of data sources and variables used is given in Appendix B.

Sample. We identify a firm as a legal entity with a unique SIREN number.16 We retain firms

in the manufacturing sector (sectors in Section C according to the French NAF, rev. 2 clas-

sification), with employment in terms of hours from DADS-Postes (with full time equivalent

of 1680 hours worked/year x 50) and FARE above 50 employees. One reason to apply such

a threshold is to keep only the largest firms that may have a diversified workforce and hence

multiple functions within firms. Another is that, given additional legal requirements on firms

with more than 50 employees in France, there might be a discontinuity in productivity among

firms while passing this threshold (see Garicano et al., 2016), confounding the analysis.17 In

the end, we are left with a sample of 6,715 firms. The sample statistics are shown in Table 2.

The median firm has an employment of 126 full-time-equivalent (1680 hours/year) positions.

Functions. To analyze employment by functions that are performed in firms, we rely on the

classification of functions by the French statistical agency, the INSEE. Based on the French

PCS classification of occupations, this classification was developed to study the different tasks

conducted within firms and which may involve different level of skills. More precisely, it allo-

cates 486 existing 4-digit occupation codes into 15 distinct functions such as e.g. production,

management, transport and logistics, business-to-business sales and purchases. We provide a

more detailed description of functions in Table 1 as well as examples of jobs corresponding to

each of these functions.18

Such defined functions are transverse and do not overlap with industries: a research engi-

neer can occupy the same function (R&D) either in aircraft manufacturing or aluminum produc-

ing firms. In addition, they are not tied either to jobs’ specific contractual terms (independent

contractor, public or private entity, temporary or permanent employment). Importantly, they

may combine very different levels of skills and distinct jobs focused on a particular function.

For example, the function of “production” bundles together directly involved engineers (typi-

cally with college education), technicians (e.g. foremen, that might have some college and/or

16We also repeated our analysis using a sample where some of these legal entities are consolidated at a group
level (“enterprises profilées” in French) obtaining qualitatively and quantitatively similar results. Available upon
request.

17We repeated our analysis with different thresholds at 10 or 25 employees, and also for 2010 with qualitatively
similar results.

18Some of these functions such as agriculture and fishing; health and social work or public administration will
be less prevalent in the set of firms that we consider.
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technical education) and skilled or unskilled blue-collar assembly line workers. On the other

hand, “management” combines CEOs, managers of different levels, assistants, secretaries and

regular office workers.

Intangibles. Another important variable of interest is intangibles. The stock of intangibles

at the firm level is constructed by INSEE and released in the FARE data sets as the cumulated

sum of expenditures related to intangibles such as R&D, patents, brands, goodwill, etc.19

4 Facts about functions

In this section, we document facts about the use of lateral functions within firms. We first

show that the lateral functions are an important share of firms’ employment and some lateral

functions are close to ubiquitous. Second, lateral functions are heterogeneous across firms,

with larger firms being more intensive in non-routine lateral functions. Third, we provide

evidence on the link between these non-routine lateral functions and productivity. We then

provide evidence that non-routine lateral functions are related with producing information that

is used as inputs for production.

4.1 Lateral functions are an important component of firms

In Table 3, we report statistics on the distribution of functions across firms. The two main

functions, typically considered in the literature, are clearly “management” and “production”

that jointly account for more than 62.8% of hours worked in our sample and are present in

more than 99% of the manufacturing firms studied. However, this also means that 37.2% of

hours worked are unaccounted for by these base functions.

A close inspection of Table 3 reveals that some functions are close to ubiquitous, present

in more than 80% of firms and account individually for more than 5% of total hours worked in

manufacturing. This set of functions gathers handling business to business relations (B-2-B),

R&D, maintenance and transport and logistics. We can add to this set “intellectual services”

that are present in more than the majority of firms but correspond to a smaller share in total

hours worked (2.4% of total). These functions group occupations that allow carrying tasks in

19The exact list is what is registered as expenditures linked to intangible assets (category 20) as listed by the
French generally accepted accounting principles or “Plan comptable général”.
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the firm at different production stages, that could be associated as being transverse through-

out the firm. They escape the traditional vertical management-production plant or hierarchical

dichotomies. For example, Chandler (1962), p.8 dissociates “administration” functions (that

would correspond to “management” in our classification) from those of “buying, selling, adver-

tising, accounting, manufacturing, engineering, or research [...]” which would be encompassed

by B-2-B, intellectual services, production and R&D functions. We shall call them thus lateral

functions.

Consider the following examples. B-2-B involve purchases of inputs (and managing ef-

fectively outsourcing) but also sales of final products. Maintenance involves functions such as

servicing equipment and buildings, cleaning premises or treatment of pollution. Transport and

logistics involves warehousing and the movement of inputs, final goods or people – also within

the firm. Intellectual services comprise of lawyers, marketing or IT professionals and different

consultants.

Some other functions like construction and public works, culture and leisure, retail, health

(e.g. company doctors) and social work or local services (e.g. cooks) are much less present

in firms. Finally, public administration and agriculture and fishing are almost absent from our

sample of manufacturing firms. Together they account only for 3.3% of total hours worked.

We will group all these additional functions as "other" and disregard them in our analysis given

their diverse nature.

Despite the fact that many lateral functions are present in a majority of firms, their employ-

ment shares within organizations differ greatly, as revealed by the coefficients of variation that

are typically larger than 1. We turn next to functional firm heterogeneity.

4.2 Lateral function heterogeneity

In this section, we identify that lateral functions markedly differ in terms of routineness

and, on top of management and production, we identify two groups of lateral functions that,

accordingly, we label as routine functions and non-routine functions.

More precisely, from the perspective of organization economics one important measure is

that of routineness, that is the extent to which a given function involves tasks that are repeti-

tive, standardized and can follow codified procedures. Employees executing routine duties are

much easier to manage, monitor and appraise. Conversely, the nature of non-routine tasks par

excellence requires employees to have more own initiative, deal with non-standard problems,
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produce information that may be specific to the unique issue at hand.20

To provide insight into the nature of functions, we turn to readily available measures of

routineness — the Routine Task Intensity (RTI) index of Autor et al. (2003) that classify occu-

pations according to the ease of their automation and transpose these measures into functions.21

As can be seen in Table 4, functions differ markedly in such a measure of routineness. Those

requiring higher skills – such as intellectual services, R&D or B-2-B tasks – are typically much

less routine with RTI scores around -0.6. Management and production are the most routine

among all functions with the former on average the most routine of them all. This may be

surprising at first, but the bulk of hours worked in that function is performed by office workers

(2-digit occupation code CS 54), among the most routine occupations. This is because the

"management" function doesn’t capture the hierarchical share of hours worked by managers

in general, but the share of hours dedicated to administration tasks within each firm. Most of

these are performed by workers that are at the bottom of the firm hierarchy.

Firms may differ substantially in how routine their functions are as witnessed by the stan-

dard deviations within categories (e.g. transport and logistics), an issue we discuss further

below.

Table 4 suggests a partition of the different functions considered into 4 major distinct cate-

gories. First, we want to treat management and production, the functions traditionally discussed

in the literature separately. There seems to be also a difference among the lateral functions

among those that are more and less routine. Incidentally, the more non-routine lateral functions

— intellectual services, R&D or B-2-B — are also the ones that our model points to as being re-

sponsible for information generation within firms (see Section 2.3). This squares well with the

intuition that non-routine tasks require experimentation and non-standard worker actions. We

shall pay particular attention to these functions and label them “non-routine lateral” functions,

while maintenance and transport and logistics as routine and lateral. The summary statistics for

such groupings of functions is shown in Table 3, lower panel.

Figure 5 shows the extensive margins of each category (whether they are present in firms or

not) with firm size measured by hours worked.22 It is clear from Figure 5 that the presence of

20We do not address any potential incentive provision issues in this paper because of lack of suitable data.
21To translate these indices and obtain exposure to automation we merge the exposure classifications of Goos

et al. (2014) (that include RTI in their dataset) based on 2-digit ISCO occupation classification into the 2015 4-
digit PCS classification. Function assignment is available at the 4-digit CS level, so we obtain routinness measures
for functions by weighting hours worked in occupations within the function different RTI indexes. More details
in the Online Appendix.

22Figure 9, top panel, depicts the relation between the logarithm of the number of all 15 functions present in an
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different categories of functions is related with size: large firms have all types of functions. The

shares of these functions within firms of different sizes (their intensity) are shown in Figure 6.

We observe that there is a negative relationship between firm size and the share of production

and routine lateral functions. The share of management is constant while that of non-routine

lateral functions increasing with firm size.

Clearly, the composition of different functions differs markedly within firms, and there are

systematic differences across firms of disparate sizes. By itself, the aforementioned evidence

could be associated with more task specialization within larger firms that is recorded in our

data. But this raises questions whether the composition of functions plays any further role

controlling for the size of organizations, which we pursue in Section 4.4 below.

4.3 Hierarchy and functions

The INSEE classification that we use to discern between different functions or occupations

performed by workers in firms does not inform about within-organization hierarchy. It is im-

portant thus to inspect whether the lateral functions are not hiding a large fraction of workers

that perform managerial roles.

We proceed in the following way. The DADS data at our disposal does not directly trace

hierarchical ties in firms. But the detailed description of jobs by 4-digit occupation codes from

the PCS along with the most typical job titles allow to approximate the share of managers in

a given occupation. For each 4-digit occupation we code an index that is an equally weighted

measure of two subindexes. The first is an indicator whether “manager” or similar role is

mentioned in the occupation title – as an example, with this approach, foremen are coded as

managers. The second is based on whether all (=1) or some (=0.5) of the typical jobs within

the occupation have explicitly managerial title roles or not. This index takes thus values of

{0, 0.25, 0.5, 075, 1}, and we apply it directly to the share of the workforce in a given occupa-

tion to approximate the share of managers.

In Table 3, lowest panel, we show the resulting shares of lateral and other functions within

firms without managers. Even after our adjustment, non-manager and non-production workers

constitute 32.2% of the hours worked in firms. Given with the share of 37.2% of hours in lateral

functions, we conclude that a high fraction of hours worked in lateral and other functions is

not related to the preponderance of managers. Employees performing non-management and

organization and firm size.
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non-production functions in firms are not merely “relabeled” managers dedicated to solving

non-administration and non-production problems.

4.4 Non-routine lateral functions and productivity

We start with the correlations of functional composition of firms and their productivity.

We investigate whether the shares of different functions in employment are correlated with

standard measures of firm productivity. Our main finding is that the share of non-routine lateral

functions is strongly correlated with productivity which is consistent with our model in Section

2.

Approach. To address this question, we proceed in two steps. In a first step, we estimate firm

productivity as the residual of the following OLS regression within each 2-digit sector:

LN(V Ai) = α + β1LN(Capitali) + β2LN(Hoursi) + β2LN(PredictedAverageWagei) + εi

(2)

where LN(VA) is the logarithm of value added; capital: LN(Capital) is the logarithm of the

value of property, plant and equipment (ppe) capital of the firm in 2015; LN(Hours) is the

logarithm of hours worked; LN(Predicted Average Wage) is the logarithm of the ratio of the

predicted wage bill and hours worked2324 and ε is an error term. We use the predicted instead

of the actual wage bill to account for worker skill but at the same time avoid the problem of

the correlation of a regressor with the error term: as is known in the literature, more productive

firms may pay their workers more due to different rent-sharing practices.

Note that the first-stage inclusion of the projected wage bill in TFP estimation accounts

indirectly for projected employed worker skill.

In a second step, to investigate the correlation of function shares on TFP we then regress

obtained productivity estimates on the shares of management and lateral functions and industry

fixed effects. Given that some firms do not have all functions, we cannot use logarithms of

hours worked directly and need to use shares. Since shares necessarily sum to 1, we choose

23To obtain the projected wage bill, we first regress individual remuneration within firms in 2015 on hours
worked, age, age square, sex, 2-digit occupation X function and industry fixed effects in the manufacturing sector.
Then we calculate for each firm the predicted wage bill given the characteristics of its employees.

24We tried different specifications with different definitions of capital or including the wage bill directly without
a large difference in the results.
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"Production" as the base function of a manufacturing company. As a result, the interpretation

of the presented results involves how much a share of a function is correlated with TFP relative

to the share attributed to Production. We estimate the following regression by OLS:

LN(TFPi) = α +
∑

γjsharej +
∑

ζkθk + εi (3)

where sharei denotes the employment shares of functions considered (apart from production)

and θi are 2-digit industry effects.

The share of non-routine functions increases with firm’s productivity. We report the re-

sults in Table 5. Our preferred specification is the one in column 2, with the sample winsorized

in terms of TFP at 0.5% from above and below to exclude outliers. The relations between the

major function categories’ employment shares and TFP are also shown graphically in Figure 8.

Our main finding in this table is that, depending on the specification, the share of non-

routine lateral functions is higher in more productive firms. In particular a 1 percentage point

higher share of non-routine functions is correlated with a 0.21% higher TFP. For the median

firm in our sample (126 employees), a shift in hours from production to non-routine lateral

functions by approximately 12.6 jobs is on average equivalent to an increase of productivity of

2.08%. This finding is consistent with the logic of our model: more productive firms hire more

employees into non-routine lateral tasks that provide information.

We also find, consistent with our model but also the empirical result of Bender et al. (2018)

on the importance of management on TFP25, that a higher share of management function in

employment is correlated with higher TFP. An increase in the share of management in em-

ployment by 1 percentage point at the expense of production is correlated with an increase of

productivity of 0.57%.

In another version of Table 5 – the Appendix Table C.1 we explicitly include the share of

managers (calculated in the way described in Section 4.3) in all functions bar for those oversee-

ing production. We find that our correlations of different function shares with productivity are

qualitatively the same, and the share of managers in the workforce is significantly correlated

with TFP. Both functional division and hierarchy are related to productivity.26

25These authors particularly focus on management quality. We do not have similar measures to theirs for our
administrative data. However, in separate sets of regressions shown in Table C.7 we find that higher management
hours shares, especially among CEOs and “cadres” – top managers strongly correlate with productivity measures.

26Further investigation is reported in Section C.1 of the Appendix.
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Further results. To complete the picture, we find that no single non-routine function is driv-

ing the correlation with productivity and that this connection does not simply result from the

number of distinct functions firms have.

First, we show that no particular non-routine function is driving this correlation. To this

end, we work directly with the main functions as determined by INSEE, and display the results

in Table 6. B-2-B, R&D and maintenance (routine function in our classification, but much less

than production, management or transport and logistics) are statistically significantly correlated

with productivity and intellectual services are so in the sample with 95% of observations (last

column). An increase of 1 percentage point in the employment shares in any of these functions

at the firm level correlates with a higher TFP at least of 0.1%. The only exception is Transport

and Logistics that is not correlated with productivity in any of our specifications. We note that

the patterns discussed above are often even starker within multi-plant firms.

Second, we obtain that the number of distinct functions in the firm is not correlated with

productivity (Figure 9, lower panel) in contrast with a strong correlation with size (Figure 9,

upper panel). This, along with the evidence presented above, shows that it is not the number of

functions within the firm but the employment share structure that is correlated with productivity.

Given that routine lateral functions turn out not to be correlated with productivity, and for

most firm sizes (e.g. below the 95% percentile their share is constant), we will concentrate in

further investigations on non-routine lateral functions.

4.5 Lateral functions, productivity and information

In this subsection, we discuss and provide suggestive evidence about why firms keep lateral

functions – and, especially non-routine lateral ones such as B-2-B, intellectual services and

R&D – within their borders.

We argue that these functions are key to produce relevant information that is required for the

production of more complex goods. To show this, we first provide evidence that firms that are

relatively more intensive in non-routine lateral functions are also relatively richer in intangible

capital – we take intangibles a proxy for the intensity of information in one firm’s production.

Second we provide evidence that such firms engage into more complex productions defined in

different ways. We also provide evidence that such firms are able to sell their products at higher

markups. Overall, we obtain that the role of non-routine lateral functions exceeds R&D and

also concerns other non-routine lateral functions such as B-to-B or intellectual services.
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Intangible capital production. To provide evidence in favor of this interpretation, we inves-

tigate how non-routine lateral functions correlate with intangibles at the firm level. We take

intangibles as a proxy for the importance of information as an input for the firm’s production

and so, how much information-sensitive this production is. We report in Table 7 the outcomes

of regressions of different measures of the intensity of intangibles (for example, intangible

capital per worker or the share of intangibles in total capital).

We first obtain the share non-routine lateral functions is strongly correlated with the differ-

ent measures of intangible intensity. Note also that the share of management is also correlated

with these measures.

Importantly, this correlation is not driven solely by R&D. This can be observed in column

2, where we also obtain that other non-routine lateral functions than R&D are also strongly

correlated with intangibles to the same extent as R&D. When considering alternative measures

of intangible intensity as in columns 4 and 5, we even obtain that R&D is actually less important

than other non-routine lateral functions.

Second, we investigate whether intangibles help to explain the connection between pro-

ductivity and non-routine lateral functions. To this end, we reestimate equation (3) with the

logarithm of intangible capital in lieu of shares of functions and show the estimates in Table 8.

Clearly intangible capital is positively correlated with firm productivity.27 The question arises

thus whether the inclusion of intangible capital in initial TFP estimation (equation (2)) and

rerunning equation (3) still will show correlation of non-routine lateral functions with produc-

tivity. As can be seen in Table C.4, we still find that non-lateral functions’ shares are correlated

with productivity, albeit the coefficients (especially for the management function) are reduced.

Remark. Furthering the view that information production is correlated with TFP, we also obtain

that lower routineness of the firm labor force is correlated with higher productivity (Table C.8

and Figure 10), and this is true within many of the considered functions as well.

Product complexity and markups. There are many other ways than intangibles — and, in

particular, the measure of intangibles that we are using — in which information production

may impact TFP measures, and where there may be an important role to play for non-lateral

functions. For example, the production of complex products may require many nonstandardized

tasks provided by non-routine lateral functions. In turn, the high margins that firms earn may

27We note that intangible capital values that we have are possibly imperfectly measuring the true extent of the
concept as it retains only special investments within firms from the accounting perspective.
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be important drivers of TFP.

We investigate these notions with firm-product-level data. We capture the complexity of the

product portfolio of a firm through five measures. First, we compute the weighted (by shares

of product sales) volatility of production. Greater uncertainty in product sales would require

more lateral experimentation and specialized knowledge. Second, we calculate a weighted

product complexity measure (based on the PCI indicators from the Harvard Atlas of Economic

Complexity).28 Third, we compute firm-level sales-weighted share of differentiated products

according to the Rauch (1999) classification. Differentiated products require R&D to allow a

firm to differentiate its products from other firms and also searching for and handling buyers.

Fourth, we simply count the product lines (at the 4-digit NACE level) that a firm produces.

Handling more distinct products within a firm requires more production of information. Finally,

we calculate how concentrated the product sales are: the more dispersed are the sales, the more

difficult the task to manufacture them. Hence we equate more complex goods as such that

have a higher volatility, and the scope of the product lines of the firm with higher information

requirements. We measure markups by dividing total revenue by total costs from firms’ income

statements.

We then correlate these different measures with the share of non-routine lateral workers,

controlling by firms’ size (measured by employment).29 We report the results in Table 9, with-

out (top panel) and with 2-digit NACE fixed effects (lower panel) to control for industry-level

determinants. We uncover that there is substantial between industry-level variation in these

measures, with some industries (not shown) scoring considerably higher than others in terms of

our complexity proxies. This is especially true for the PCI and product differentiation measures,

where 2-digit industry effects can explain even more than 40% of overall variation. Overall, we

find that higher shares of non-routine lateral workers in organizations are correlated with higher

product sales volatility, higher product complexity and differentiation, a larger scope of prod-

ucts, a greater dispersion of sales among distinct product lines but also with higher markups.

These findings are consistent with our model that firms with more non-routine lateral worker

shares would produce more complex goods and obtain higher markups, being able to charge

higher prices.

28The Product Complexity Index (PCI) is a ranking of product’s know-how diversity and complexity based on
country characteristics that make them.

29Correlations with extended firms’ employment structure available upon request. Findings on the share of
non-routine lateral unchanged qualitatively.
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Innovation activity. Information production by workers in non-routine lateral functions in

our view is related to non-routine experimentation and should result in innovative activity.

We observe self-reported measures of different types of innovation for a subset of firms that

responded to the Community Innovation Survey for 2016. There are overall 29 questions that

directly pertain to different types of innovation, grouped thematically: innovations in products,

processes, marketing, intellectual property, organizations and logistics. The correlations of the

share of non-routine lateral workers with these measures are in Table 10 and in the Appendix

Table C.5 (without industry fixed effects). Top panels show the correlates of overall non-routine

lateral shares, while lower panels present a distinction between R&D and other non-routine

lateral functions’ shares.

In the top panel of Table 10 we observe that the share of non-routine lateral workers in firms

is positively correlated with all innovation measures (product, process, marketing, intellectual

property and logistics) except for organizational innovations. The lower panel, where a distinc-

tion between the two different types of non-routine functions (R&D and non-R&D) is made,

shows that both types of workers are important in generating innovation. In particular, there

exists innovation where R&D is not critical: the share of non-routine non-R&D lateral workers

is positively correlated with marketing or logistics innovations, while that of R&D shares are

not.

5 Further discussion

5.1 Firm size, outsourcing and the number of functions.

The fact that non-routine functions have lower shares in employment for smaller or less

productive firms does not mean that e.g. R&D, purchases of inputs or sales, marketing etc. are

not required by those firms in production.

One explanation of this phenomenon is that small or less productive firms use outsourcing

more. In particular, information generation may well take place outside the firm. In favor of

this possibility, we do observe outsourcing by firms not only in low- but also high-skilled (non-

core in their terminology, i.e. with high codifiability and low weight in firm production) tasks as

documented by Bergeaud et al. (2021) among others. However, in our data we also observe that

outsourcing intensity30 is in general positively correlated with measures of firm’s size and TFP

30Unfortunately, we do not have a finer breakdown of exact firm input purchases by category nor function.
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(see Figure C.1), and with the employment shares of some non-routine lateral categories (input

purchasing) – see Table C.6. Put together with the facts that we document on the propensity

of firms to engage in the production of complex goods –in the end, more productive firms

produce more complex goods and generate more information–, this suggests that there is a

complementarity between outsourcing high-skilled tasks and information generation within the

firms: firms outsource some of their non-core high-skilled tasks to focus on their more critical

high-skilled tasks. There might be also increasing returns in information generation which

would favor emergence of specialized firms providing such services.

Another explanation why small firms have lower shares of employment of explicitly non-

routine functions is that workers in those firms perform many more unrelated tasks on their job.

Indeed, e.g. managers in smaller firms may need to perform several functions at the same time

that in a larger firm are taken care of by workers dedicated to them specifically, while man-

agers retain their base functions (in the words of Chandler) such as coordinating, appraising

and planning. We do not see large or productive firms with only managers (which, according

to the naive interpretation of our estimates would be the most productivity “enhancing” thing

to do) or production workers, but a rather a much more diverse workforce. This suggests com-

plementarities among different functions as in our model. Firms that are more productive have

specialized workers (which means they are not easily substitutable between the functions). The

question thus appears why such a specialization among the more productive firms is needed.

Given that the number of functions in organizations is not correlated with productivity (Figure

9, lower panel) we can argue that productive firms specialize their workforce in some particular

(and not all) functions.

5.2 Which lateral subfunctions are particularly important in firms?

We proceed with further characterization including subfunctions within the non-routine

lateral functions and rerunning the regression 3, with the results shown in the Appendix Table

C.2.

For B-2-B into sales and purchases, only occupations related with input purchases are cor-

related with productivity across the different specifications. As there is a strong correlation with

the share of purchasing personnel with the share of purchased materials in total cost (including

labor) in Table C.6, this is further a strong indication that more productive firms outsource more

as exhibited in the lower panel of Figure C.1. Marketing comes out strongly as a non-lateral
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function that is very strongly correlated with productivity. Within the sample containing core

95% of observations, the shares of legal services and operations management cadres (a routine

lateral function) turn out to have statistically significant correlations with TFP.

Our analysis shows also that some topics such as marketing, operations management, pur-

chasing management taught in business schools may be especially important for developing

skills to acquire specialized information that is crucial for the functioning of firms.

6 Conclusion

In this paper, we provide new facts on the structure of firms and on lateral functions that

constitute an important fraction of employment in manufacturing firms. We rationalize these

facts by a model where firms can produce information resolving uncertainty to produce higher-

value complex goods using specific labor. Model predictions are consistent with the data;

higher shares of non-routine lateral functions and management are correlated with higher pro-

ductivity and measures of information production and product complexity. Our results suggest

that functional composition of the workforce is another important driver of TFP.

Our description of lateral functions is mainly in the cross-section. A natural question is

about the time evolution of lateral functions. First, the nature of some of those functions may

have changed as well; for example, some IT services became standardized, codifiable and

therefore could be outsourced. The development of business services in many countries is a

witness to that. Moreover, the relative importance of these functions may have changed over

time, either for some firms or for all the firms, as a result of a need to generate more information

to produce ever more complex goods. From this perspective, an interesting question is whether

the resulting evolution of the ability of firms to engage into more complex production has

allowed only some firms to increase their market power, consistently with the rise in markups

explored by De Loecker et al. (2020). Causal inference of the role of functions in firms would

be important as well. We leave these crucial questions for future research.
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Tables and Figures

Table 1: Further description of functions using INSEE documentation

Code Function Further description Example of occupations

CONREC R&D
Jobs in conception, research and
innovation. Engineers and technicians in R&D.

PREINT Intellectual services
Jobs providing specific knowledge
for consulting, expertise, etc.

Lawyers, advertising,
communication, IT, architects, etc.

AGRICU
Agriculture and
fishing

Jobs in agriculture, fishing,
lumbering Farmer, Farm hands, etc.

BTP
Construction and
public works –

Engineers, technicians in
construction, builder, carpenters,
etc.

FABRIC Production

Jobs connected to any process
involved in the production of
tangible goods and energy.

Engineers, technicians and workers
in production.

COMINT B-to-B
wholesale and business-to-business
trade, both sales and purchases.

Buyers, salespersons, sales
executives, etc.

GESTIO Management
CEOs, management and
administrative staff. –

LOGIST
Transport and
logistics Both passenger and good transport

Engineers in logistics, drivers,
handlers, dockers, etc.

ENTREP Maintenance
Jobs for maintenance and repair
(excluding construction)

Repair mechanics, cleaners,
gardeners, etc.

DISTRI Retail –
Cashiers, butchers, salespersons,
etc.

SERPRO Local services

Daily life services (excluding
transport, retail, education and
health).

Hairdressers, cooks, real estate
agents, etc.

EDUFOR
Education and
formation

Jobs in primary, secondary and
upper education and professional
training. Teachers, education trainers, etc.

SANSOC
Health and social
work –

Medical doctors, pharmacists,
nurses, childcare, social worker,
etc.

CULLO Culture and leisure –
Librarians, journalists, artists,
sports instructors, etc.

ADMPUB
Public
administration

All jobs related to public
administration (excluding health
and education but including
security and justice). –

Note: See https://www.insee.fr/fr/statistiques/1893116 for further documentation.

37

https://www.insee.fr/fr/statistiques/1893116


Table 2: Sample statistics

Variable Source unit Mean Std. Dev Min. Max.

property, plant
and equipment FARE 1000 euros 47120.87 262488.6 1.319 1.42e+07
intangible capital FARE 1000 euros 7659.016 56802.75 -.162 2352462
capital FARE 1000 euros 54779.89 290688.9 1.465 1.45E+07
value added FARE 1000 euros 22856.92 86871.67 34.705 2895507
sales FARE 1000 euros 88459.83 423847.3 1109.17 2.01E+07
output FARE 1000 euros 77682.19 390757.2 12.79 2.00E+07
total wages paid DADS euros 1.07E+07 3.41E+07 1065385 1.07E+09
projected wages DADS euros 9663794 2.88E+07 1090598 9.27E+08
total hours
worked DADS hours 475824.2 1214838 88166 3.75E+07

Distinct product
lines (8 digit) EAP 2.9106 4.292801 1 119
Hhi of sales of
products EAP 0.756131 0.271374 0.054292 1
Weighted
volatility of sales
growth PRODCOM 0.172628 0.102032 0.024402 2.117789
Raw markup FARE 0.037564 0.100719 -0.66804 2.067379
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Table 3: Distribution of basic functions across firms

Variable Mean Std. Dev. Min Max Median

Share of
firms
with
function

Share in
total
hours
worked

Public administration 0.0% 0.4% 0.0% 12.5% 0.0% 2.3% 0.0%
Agriculture and fishing 0.1% 1.2% 0.0% 54.2% 0.0% 7.3% 0.1%
Construction and
public works 1.1% 4.3% 0.0% 79.2% 0.0% 38.6% 0.9%
B-2-B 6.4% 7.1% 0.0% 84.6% 4.1% 90.0% 6.3%
R&D 5.7% 7.7% 0.0% 75.8% 3.1% 82.0% 9.3%
Culture and leisure 0.2% 1.2% 0.0% 44.0% 0.0% 20.9% 0.2%
Retail 1.5% 7.1% 0.0% 97.0% 0.0% 37.0% 1.4%
Education and training 0.0% 0.8% 0.0% 58.6% 0.0% 6.9% 0.1%
Maintenance 7.0% 8.5% 0.0% 96.5% 4.9% 94.4% 7.1%
Production 54.9% 20.0% 0.0% 100.0% 57.5% 99.8% 51.3%
Management 11.6% 7.3% 0.0% 94.6% 10.2% 99.3% 11.5%
Transport and logistics 9.2% 8.5% 0.0% 87.2% 7.1% 96.8% 8.6%
Intellectual services 1.7% 3.2% 0.0% 75.1% 0.9% 65.5% 2.4%
Health and social work 0.2% 1.0% 0.0% 40.2% 0.0% 26.7% 0.3%
Local services 0.3% 1.7% 0.0% 64.0% 0.0% 25.0% 0.4%

Non-routine lateral 13.8% 12.2% 0.0% 84.8% 10.5% 96.5% 18.0%
Routine lateral 16.3% 11.8% 0.0% 97.6% 13.8% 99.1% 15.7%
Other functions 3.5% 9.0% 0.0% 98.2% 1.1% 86.2% 3.4%
Non-routine lateral
without R&D 8.1% 8.3% 0.0% 84.8% 5.7% 93.1% 8.7%

Shares without
manager positions
Non-routine lateral 11.0% 10.3% 0.0% 82.0% 8.2% 96.5% 14.9%
Routine lateral 14.8% 11.2% 0.0% 92.4% 12.4% 98.7% 14.2%
Other functions 3.1% 8.5% 0.0% 97.1% 0.9% 84.9% 3.1%
Non-routine lateral
without R&D 5.8% 6.6% 0.0% 76.5% 4.0% 93.1% 6.5%

The first five columns reports statistics on the within-firm shares of functions. The share is defined by the number of hours worked in a given
function divided by the total number of hours. The sixth column reports the share of firms that has a given function in-house. The last column
gives the share of the hours worked in the function in total hours worked for the entire sample.
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Table 4: Summary of routinness measures for different functions

Variable Observations Mean Std. Dev Min Max

Construction and public works 2589 -0.10 0.29 -1.50 0.46
B-2-B 6042 -0.67 0.11 -0.82 0.05
R&D 5436 -0.59 0.15 -0.82 -0.40
Culture and leisure 1303 -0.19 0.30 -0.73 1.24
Retail 2483 0.25 0.83 -1.52 1.41
Maintenance 6330 0.07 0.32 -1.00 1.59
Production 6699 0.34 0.32 -0.82 2.24
Management 6668 0.68 0.66 -0.75 2.24
Transport and logistics 6502 0.24 0.92 -1.50 2.24
Intellectual services 4396 -0.58 0.16 -1.00 -0.33
Health and social work 1725 -0.49 0.22 -1.00 -0.33
Local services 1681 -0.35 0.28 -0.75 0.03

Table 5: Productivity and functions

No FE 2-digit-
NACE FE

Multi-plant
firms

2-digit-
NACE FE

Management 0.524*** 0.570*** 0.628*** 0.437***
(0.058) (0.069) (0.065) (0.067)

Non-routine lateral 0.155*** 0.208*** 0.309*** 0.220***
(0.036) (0.051) (0.074) (0.038)

Routine lateral 0.031 0.046 0.058 0.047
(0.022) (0.036) (0.034) (0.031)

Other functions 0.094** 0.101** 0.152*** 0.112**
(0.041) (0.048) (0.026) (0.047)

CONSTANT -0.084*** -0.084*** -0.140*** -0.065***
(0.010) (0.012) (0.011) (0.012)

N 6648 6648 2917 6380
clusters 24 24 24 24
R2 0.0183 0.0223 0.0363 0.0267
trim 1% 1% 1% 5%
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Table 6: Productivity and functions

No FE 2-digit-NACE
FE

Multi-plant
firms

2-digit-NACE
FE

Management 0.536*** 0.586*** 0.624*** 0.446***
(0.063) (0.070) (0.087) (0.066)

B-2-B 0.118 0.177** 0.329*** 0.188***
(0.078) (0.079) (0.111) (0.054)

R&D 0.167*** 0.236** 0.278** 0.215***
(0.060) (0.089) (0.123) (0.062)

Intellectual services 0.209 0.262 0.363 0.403***
(0.177) (0.193) (0.228) (0.142)

Maintenance 0.050 0.120** 0.134* 0.131***
(0.039) (0.044) (0.070) (0.039)

Transport and logistics 0.014 -0.009 -0.011 -0.014
(0.034) (0.041) (0.054) (0.039)

Other functions 0.095** 0.104** 0.150*** 0.112**
(0.039) (0.046) (0.025) (0.043)

CONSTANT -0.085*** -0.083*** -0.137*** -0.064***
(0.011) (0.011) (0.013) (0.011)

N 6648 6648 2917 6380
clusters 24 24 24 24
R2 0.0185 0.0228 0.0369 0.0278
trim 1% 1% 1% 5%
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Table 7: Intangibles and functions

intangible
capital / hour
worked

intangible
capital / hour
worked

intangible
capital / hour
worked

intangible cap-
ital / (ppe +
intangible cap-
ital)

intangible cap-
ital / total cap-
ital

Management 4.150*** 4.183*** 4.412*** 3.758*** 3.208***
(0.513) (0.466) (0.513) (0.251) (0.257)

Non-routine lateral 4.260*** 4.258***
(0.382) (0.342)

Routine lateral 0.012 0.016 -0.000 -0.850** -0.844**
(0.443) (0.440) (0.441) (0.335) (0.316)

R&D 4.360*** 2.712*** 2.314***
(0.462) (0.398) (0.401)

Other non-routine lateral 4.185*** 4.156*** 3.802***
(0.484) (0.390) (0.393)

Other functions 1.980*** 1.985*** 1.923*** 2.674*** 2.618***
(0.511) (0.511) (0.504) (0.323) (0.334)

CONSTANT -7.068*** -7.069*** -7.106*** -4.056*** -4.050***
(0.156) (0.155) (0.151) (0.082) (0.082)

N 6565 6565 6305 6565 6565
clusters 24 24 24 24 24
R2 0.2077 0.2077 0.2138 0.2450 0.2142
trim 1% 1% 5% 1% 1%

Table 8: Intangible capital and TFP

2-digit-NACE
FE

Multi-plant
firms

2-digit-NACE
FE

Logarithm of intangible capital 0.010*** 0.011* 0.009***
(0.002) (0.006) (0.002)

CONSTANT -0.064*** -0.089** -0.043***
(0.014) (0.041) (0.012)

N 6565 2897 6305
N_clust 24 24 24
R2 0.0044 0.0074 0.0074
trim 1% 1% 5%
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Figure 2: Probability p as a function of productivity and information labor
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Figures show the optimal probability as a function of productivity and as function of information labor lI . The calibrated parameters are
N = 2, α = .4, π(complex) = 1.5, π(simple) = 1 and w = .5.

Figure 3: Optimal profits as a function of productivity.
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The figure shows profits as a function of productivity. The calibrated parameters are N = 2, α = .4, π(complex) = 1.5, π(simple) = 1
and w = .5.
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Figure 4: Management and information labor as a function of productivity.
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Figure shows labor in management and information production as a function of productivity. The calibrated parameters are N = 2, α = .4,
β = .2, γ = δ = .5, π(complex) = 1.5, π(simple) = 1 and w = .5.
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Figure 9: Number of functions vs. employment and TFP.

Figures show a kernel estimate of the relationship between respectively firm employment or TFP and the logarithm of the number of different
functions. 95% confidence intervals around the estimate are shown. Sample trimmed at the top and bottom 2.5% estimate of TFP.51



Figure 10: Firm-level routinness vs. employment and TFP.

Figures show a kernel estimate of the relationship between respectively firm employment or TFP and the routineness measure at the firm level.
95% confidence intervals around the estimate are shown. Sample trimmed at the top and bottom 2.5% estimate of TFP.52



A Proofs

A.1 Proof of Lemma 1.

The first part of the proof directly follows the discussion in the text.

For the second part of the proof, let us consider a probability distribution such that k′ has

now probability 1/N + ε and all the other inputs have probability 1/N − ε/(N − 1), with ε

arbitrarily small. The amount of information of such distribution is such that:

H(I|I0) = (1/N + ε) log
1/N + ε

1/N
+ (N − 1)(1/N − ε/(N − 1)) log

1/N − ε/(N − 1)

1/N

When ε is small enough:

H(I|I0) = Nε2/2 +Nε2/(2(N − 1)) = Γ(N)ε2

The problem solved locally by the firm is then:

max
ε

max
l

{
π(complex)Ai

(
1

N
+ ε

)
(l)α − wl2 − w1/2Γ(N)ε2

}

We have l satisfying:

απ(complex)Ai

(
1

N
+ ε

)
lα−1 = w.

The optimal ε then satisfies:

π(complex)Ai

(
lα +

(
1

N
+ ε

)
αlα−1 ∂l

∂ε

)
= wΓ(N)ε

π(complex)Ail
α + w

∂l

∂ε
= wΓ(N)ε

As the left hand term is strictly positive, we have ε > 0.
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A.2 Proof of Lemma 2.

First, let us consider a probability distribution such that the probability of k′ is p. The

probability distribution for all the other i ∈ Ω that minimizes

p log p− logN +
∑
i 6=k′

pi log pi

is the uniform distribution. As the distribution on all other i ∈ Ω is payoff irrelevant, it is then

without loss of generality to consider the I(p).

Second, let us note that any distribution such that the probability of k′ is p ≥ 1/N and other

probabilities are fi(p), with
∑

i fi(p) = 1 − p and fi(p) decreasing, we have that H(I|I0) is

increasing and convex in p. Indeed, the derivative of H(I|I0) with such distribution is:

log p+
∑
i

∂fi
∂p

log fi(p) > 0,

and the second order derivative is:

1

p
+
∑
i

(
∂fi
∂p

)2
1

fi(p)
> 0

The problem solved by firms is then:

max
p

max
l
{π(complex)Aipl

α − wl − wC(p)}

with H(I|I0) = C(p). Clearly, p is increasing in Ai and, as C(p) is increasing and convex in

p, we have lI,i increasing in Ai.

Finally, as H(I(p)|I0) is increasing in p and the information constraint binds, we have p is

increasing in lI . As H(I(p)|I0) is strictly increasing and convex, we also have that the inverse

function, that is p as a function of lI is concave, which proves (ii).

A.3 Proof of Proposition 3.

First of all, note that ultimately lI,i = logN and the firm operates under perfect information.

As π(complex) > π(simple), this implies that when Ai ≥ Ā, the production of the complex

good dominates the production of the simple good.
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Using the enveloppe theorem, the derivative of profits with respect to Ai is

π(complex)pli(complex)α

π(simple)li(simple)
α.

Using the first order condition for labor, the difference between these two derivatives are:

w

Ai
(li(complex)− li(simple)) =

(
w

Ai

) 2−α
1−α (

[π(complex)p]
1

1−α − [π(simple)]
1

1−α

)
.

As p is continuously increasing from 1/N to 1 when Ai increases from 0 to∞, we obtain the

proposition from the intermediary value theorem.

B Data sources and variables used

Data on functions: https://www.insee.fr/fr/statistiques/1893116

Data on employment (by occupation), wage bill at the SIREN level: DADS-Postes 2015.

Balance sheet data (tangible and intangible capital, sales, materials purchased, markups

etc.): FICUS-FARE 2015.

Routineness measures from Goos et al. (2014) translated into two-digit PCS and then into

individual functions.

PRODCOM: 8-digit product level data (sales) at the SIREN level to calculate product

scope, concentration and sales growth variability. The latter calculated from pan-EU (excluding

France) PRODCOM data from EUROSTAT.

Product complexity indexes at the SIREN level calculated from individual HS4 code in-

dexes from the Atlas of Economic Complexity at Harvard University, using PRODCOM data.

Rauch product differentiation classification from Rauch (1999).

Community Innovation Survey, 2016 for product innovation measures at the SIREN level.

C Additional figures and tables
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Table C.1: Productivity, functions and managers

No FE 2-digit-APEN
FE

Multi-plant
firms

2-digit-APEN
FE

Management (function) 0.529*** 0.559*** 0.576*** 0.407***
(0.083) (0.087) (0.087) (0.079)

Non-routine lateral 0.148*** 0.202*** 0.275*** 0.203***
(0.040) (0.055) (0.080) (0.046)

Routine lateral 0.027 0.042 0.039 0.036
(0.025) (0.036) (0.039) (0.031)

Other functions 0.095** 0.099* 0.147*** 0.111**
(0.043) (0.050) (0.025) (0.047)

Managers (share) 0.225** 0.300*** 0.519*** 0.332***
(0.106) (0.093) (0.166) (0.099)

CONSTANT -0.082*** -0.084*** -0.141*** -0.065***
(0.010) (0.011) (0.012) (0.011)

N 6648 6648 2917 6380
N_clust 24 24 24 24
R2 0.0176 0.0215 0.0359 0.0264
trim 1% 1% 1% 5%
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Table C.2: Productivity and detailed functions

2-digit-NACE FE Multi-plant firms 2-digit-NACE FE

Management: CEOs 1.353*** 1.635** 1.560***
(0.420) (0.708) (0.382)

Management: cadres 0.590** 0.533 0.501**
(0.269) (0.423) (0.241)

Managers: mid-level 0.470** 0.544* 0.312*
(0.208) (0.286) (0.175)

Managers: office workers 0.491*** 0.498*** 0.322***
(0.123) (0.125) (0.111)

B-2-B: purchases 0.895** 0.804* 1.014***
(0.336) (0.392) (0.270)

B-2-B: sales 0.093 0.237* 0.105*
(0.088) (0.124) (0.056)

R&D 0.145* 0.154 0.108**
(0.079) (0.105) (0.050)

Intellectual services: IT 0.277 0.458 0.289
(0.191) (0.315) (0.180)

Intellectual services: legal services 5.105 5.892 6.241**
(4.454) (5.436) (2.824)

Intellectual services: marketing 4.336*** 4.689** 3.534***
(1.034) (1.671) (1.246)

Intellectual services: economic consulting -0.879 1.152 0.747
(0.920) (0.690) (0.732)

Intellectual services: other 0.008 -0.335 0.049
(0.293) (0.528) (0.196)

Maintenance: cadres 0.663*** 0.770** 0.629***
(0.147) (0.326) (0.145)

Maintenance: technicians 0.057 0.052 0.060
(0.053) (0.103) (0.052)

Maintenance: lowest level 0.103 0.121* 0.113*
(0.061) (0.061) (0.055)

Transport and logistics: cadres 0.286 0.783 0.809*
(0.580) (0.862) (0.447)

Transport and logistics: mid-level 0.205 0.397 0.070
(0.301) (0.340) (0.274)

Transport and logistics: lowest-level -0.011 -0.042 -0.018
(0.042) (0.069) (0.039)

Production: cadres 0.428*** 0.370 0.388***
(0.125) (0.225) (0.105)

Production: technicians and foremen -0.041 -0.098 -0.012
(0.047) (0.093) (0.035)

Other functions 0.103** 0.145*** 0.116**
(0.047) (0.030) (0.044)

CONSTANT -0.093*** -0.138*** -0.075***
(0.014) (0.019) (0.014)

N 6648 2917 6380
clusters 24 24 24
R2 0.0306 0.0494 0.0385
trim 1% 1% 5%
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Table C.3: Summary statistics on detailed functions

Variable Mean Std. Dev. Min Max Median

Share of
firms
with
function

Share in
total
hours
worked

Public administration 0.0% 0.4% 0.0% 12.5% 0.0% 2.3% 0.0%
Agriculture and fishing 0.1% 1.2% 0.0% 54.2% 0.0% 7.3% 0.1%
Construction and
public works 1.1% 4.3% 0.0% 79.2% 0.0% 38.6% 0.9%
B-2-B 6.4% 7.1% 0.0% 84.6% 4.1% 90.0% 6.3%
R&D 5.7% 7.7% 0.0% 75.8% 3.1% 82.0% 9.3%
Culture and leisure 0.2% 1.2% 0.0% 44.0% 0.0% 20.9% 0.2%
Retail 1.5% 7.1% 0.0% 97.0% 0.0% 37.0% 1.4%
Education and training 0.0% 0.8% 0.0% 58.6% 0.0% 6.9% 0.1%
Maintenance 7.0% 8.5% 0.0% 96.5% 4.9% 94.4% 7.1%
Production 54.9% 20.0% 0.0% 100.0% 57.5% 99.8% 51.3%
Management 11.6% 7.3% 0.0% 94.6% 10.2% 99.3% 11.5%
Transport and logistics 9.2% 8.5% 0.0% 87.2% 7.1% 96.8% 8.6%
Intellectual services 1.7% 3.2% 0.0% 75.1% 0.9% 65.5% 2.4%
Health and social work 0.2% 1.0% 0.0% 40.2% 0.0% 26.7% 0.3%
Local services 0.3% 1.7% 0.0% 64.0% 0.0% 25.0% 0.4%

B-2-B: sales 5.3% 6.8% 0.0% 84.6% 3.0% 87.1% 5.1%
B-2-B: purchases 1.1% 1.5% 0.0% 46.6% 0.7% 62.6% 1.2%
Maintenance: cadres 0.5% 1.5% 0.0% 82.2% 0.0% 43.4% 0.7%
Maintenance:
technicians 2.6% 5.3% 0.0% 83.3% 1.4% 71.7% 3.0%
Maintenance:
low-skilled 3.9% 6.0% 0.0% 86.3% 2.1% 81.5% 3.4%
Management: CEOs 0.6% 0.9% 0.0% 11.5% 0.0% 45.8% 0.3%
Management: cadres 2.3% 2.6% 0.0% 47.6% 1.7% 83.3% 3.2%
Management: middle
managers 1.7% 2.2% 0.0% 25.2% 1.1% 69.2% 2.1%
Management: office
workers 7.1% 5.7% 0.0% 92.2% 5.8% 97.6% 5.9%
Intellectual services:
IT high skill 0.4% 1.6% 0.0% 55.3% 0.0% 31.8% 0.6%
Intellectual services:
IT medium skill 0.4% 1.2% 0.0% 33.8% 0.0% 34.9% 0.5%
Intellectual services:
legal services 0.0% 0.2% 0.0% 5.1% 0.0% 8.1% 0.1%
Intellectual services:
economic consulting 0.2% 0.8% 0.0% 34.2% 0.0% 18.2% 0.3%
Intellectual services:
marketing and
communication 0.1% 0.4% 0.0% 7.7% 0.0% 15.7% 0.2%
Intellectual services:
other 0.6% 2.0% 0.0% 74.2% 0.0% 48.6% 0.7%
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Table C.4: Productivity and functions: TFP estimated with intangible capital

2-digit-
NACE FE

Multi-plant
firms

2-digit-
NACE FE

Management 0.514*** 0.518*** 0.364***
(0.071) (0.149) (0.062)

Non-routine lateral 0.203*** 0.218*** 0.210***
(0.049) (0.071) (0.039)

Routine lateral 0.060 0.110* 0.051
(0.039) (0.062) (0.036)

Other functions 0.040 0.149 0.067
(0.043) (0.147) (0.044)

CONSTANT -0.078*** -0.058** -0.050***
(0.014) (0.022) (0.014)

N 6564 3668 6300
clusters 24 24 24
R2 0.0189 0.0218 0.0212
trim 1% 1% 5%
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Figure C.1: Share of materials in total cost vs. employment and TFP.

Figures show a kernel estimate of the relationship between respectively firm employment or TFP and the share in total cost of materials and
services purchased outside of the firm. 95% confidence intervals around the estimate are shown. Sample trimmed at the top and bottom 2.5%
estimate of TFP.
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C.1 More on lateral functions and hierarchies

In this section, we provide evidence that the role of non-routine lateral functions differ

from the hierarchical knowledge production discussed in the literature (see Garicano, 2000;

Caliendo et al., 2015, among others) and provide a complementary view of firm organization.

Non-routine lateral functions typically do not have workers in the lowest skill layers (CS 5 and

6), but not all e.g. at the hierarchical level of “cadres” performing them are also managers.

To investigate this issue, we split further the lateral functions into distinct subfunctions im-

posing the hierarchical structure used by Caliendo et al. (2015)31 and investigate e.g. the corre-

lation of different subfunctions shares with firm productivity.32 If the hierarchical-vertical view

would account purely for productivity differentials between firms, the obtained coefficients for

all functions on the same hierarchical layer should be of the same sign and magnitude — and

the nature of the tasks performed at each layer would not matter.

We superimpose functions with hierarchical layers. Results are shown in Table C.7, with

employment shares of lowest-ranking employees and workers (CS 5 and 6 as the base cate-

gory). We focus our attention on the first column. Interestingly, only few of the functions X

hierarchy levels shares’ come out as statistically significant. It is not necessarily true that shares

of subfunctions with higher skilled workers (as witnessed by the PCS classification) are always

correlated with higher firm productivity. Higher CEO (a management function) share in hours

worked is strongly correlated with productivity. Higher shares of cadres (the second-highest

level layer after the CEO) in management, B-2-B, maintenance and production are correlated

with TFP, while those in all other are not.33 Among functions in middle- and lowest hierar-

chical levels we find that the shares of hours worked in total employment of lowest level (CS

5 or 6) B-2-B and management (e.g. office clerks) workers are positively related with TFP.

We reject the Wald tests of equality of coefficients for the “cadres” (CS3) layer at 1% and for

the mid-level (CS4) at 2% level. These results suggest that – as R&D or intellectual services

functions’ shares come as statistically significant overall as shown in Table 6 and discussed in

Section 4.4 – it may be the team output of a function that matters and not the hierarchical struc-

ture. We also observe that the “management” function at all levels is an important correlate of

31These authors use the 1 digit PCS classification of occupations and group jobs into 4 hierarchy layers: CEOs
(CS code “2”); senior staff or management positions (CS “3”); employees at a supervisor level (CS “4”); other
qualified or non-qualified white and blue-collar workers (heterogenous group of CS “5” and “6” codes)

32This is possible by using the 4-digit PCS classification.
33Statistical significance of the correlation of these functions is unrelated to the size of particular subfunction

in overall workforce (Table C.3).
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productivity, confirming the notions advanced e.g. in Bender et al. (2018). We conclude that

although hierarchy structure is correlated with productivity overall as argued in Caliendo et al.

(2020), functional composition of the workforce may matter as well.
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Table C.7: Productivity and detailed functions

2-digit-NACE
FE

Multi-plant
firms

2-digit-NACE
FE

Management: CEOs 1.375*** 1.676** 1.582***
(0.405) (0.699) (0.370)

Management: cadres 0.727** 0.652 0.610**
(0.262) (0.410) (0.239)

Managers: mid-level 0.582** 0.706** 0.454**
(0.211) (0.318) (0.174)

Managers: office workers 0.488*** 0.493*** 0.321***
(0.126) (0.130) (0.113)

B-2-B: cadres 0.317*** 0.512*** 0.294***
(0.106) (0.149) (0.078)

B-2-B: mid-level 0.006 0.017 0.059
(0.122) (0.150) (0.097)

B-2-B: lowest level 1.650** 1.873** 1.015
(0.769) (0.872) (0.692)

R&D: cadres 0.202 0.176 0.171
(0.121) (0.160) (0.107)

R&D: technicians 0.110 0.171 0.095
(0.114) (0.181) (0.108)

Intellectual services: cadres 0.062 0.726** 0.420
(0.382) (0.324) (0.341)

Intellectual services: mid-level
workers 0.305 -0.087 0.262

(0.269) (0.407) (0.203)
Maintenance: cadres 0.683*** 0.763** 0.659***

(0.151) (0.324) (0.148)
Maintenance: technicians 0.041 0.040 0.048

(0.053) (0.102) (0.050)
Maintenance: lowest level 0.104 0.117** 0.113*

(0.064) (0.053) (0.058)
Transport and logistics: cadres 0.313 0.780 0.846*

(0.593) (0.840) (0.480)
Transport and logistics: mid-level 0.232 0.447 0.099

(0.301) (0.367) (0.275)
Transport and logistics:
lowest-level -0.017 -0.046 -0.022

(0.042) (0.068) (0.037)
Production: cadres 0.429*** 0.334 0.398***

(0.136) (0.233) (0.108)
Production: technicians and
foremen -0.041 -0.094 -0.011

(0.047) (0.091) (0.035)
Other functions 0.112** 0.154*** 0.124***

(0.044) (0.026) (0.043)
CONSTANT -0.095*** -0.141*** -0.077***

(0.014) (0.017) (0.014)

N 6648 2917 6380
clusters 24 24 24
R2 0.0273 0.0460 0.0346
trim 1% 1% 5%
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