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Abstract. Do digital technologies reinforce managerial hierarchies or, instead, make them 
less relevant? We propose that the answer to this question depends on the nature of the 
technology: specifically, its relative impact on managers’ capacity to supervise and on sub
ordinates’ need for supervision. Applying this framework to collaborative work manage
ment (CWM) technologies that facilitate real-time collaboration, communication, and task 
coordination, we predict that the adoption of such technologies should reduce managerial 
intensity and increase decentralization in organizations. To test this prediction, we use a 
difference-in-differences design on a novel data set built from over 26 million job listings 
(Lightcast) and over 20 million social profiles (Revelio) matched to 3,017 U.S. public firms 
in Compustat, which we track over the period from 2010 to 2019. We find that over the 
observation window, CWM technology adopters show a 3% reduction in managerial inten
sity and a 5%–7% increase in nonmanagerial skills linked to decentralization in their job 
postings in the years following adoption. The pattern of results is robust to a battery of vali
dations, alternative measures, and specifications, and it strongly supports the idea that 
these technologies enable collaboration and make organizations less hierarchical along the 
dimensions that we studied.
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1. Introduction
Managerial hierarchies of authority (March and Simon 
1958, Chandler 1962) are widely prevalent. As organi
zations become larger and involve more complex 
interactions, they inevitably feature more managers 
arranged into vertical layers (Puranam 2018, Lee 2022, 
Lawrence and Poliquin 2023). However, rapid devel
opments in digital technologies that affect how work 
is performed in organizations may require us to revisit 
this generalization. On the one hand, the use of digital 
technologies is associated with lowered worker auton
omy (Bloom et al. 2014) and an expansion in the num
ber of managerial layers (Guadalupe and Wulf 2010). 
This gives credence to concerns about the resurgence 

of “digital Taylorism,” wherein technologies increase 
the degree of centralization and control by managers 
(The Economist 2015, Kellogg et al. 2020, Noponen 
et al. 2024, Schweitzer and De Cremer 2024). On the 
other, observers of less hierarchical forms of organiz
ing, such as “flat firms,” open-source communities, 
and decentralized autonomous organizations (DAOs) 
(Laloux 2014, Lee and Edmondson 2017, Malone 2018, 
Hsieh and Vergne 2023), note that digital technologies 
play a crucial role in enabling these systems to func
tion in a decentralized manner without the need for an 
extensive managerial hierarchy.

When do digital technologies reinforce and extend 
managerial hierarchies, and when do they make them 
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less relevant? When do they increase centralization of 
authority, and when do they lead to decentralization? 
In this paper, we develop a conceptual framework to 
answer these questions and conduct a test of one of its 
key implications. First, we identify two distinct theo
retical mechanisms through which digital technolo
gies that support work can affect the managerial 
hierarchy in an organization. They can alter (1) the 
capacity of managers to supervise their subordinates 
and (2) the subordinates’ need for managerial supervi
sion. Under the assumption that organizations adapt 
toward an equilibrium that balances managers’ super
visory capacity and subordinates’ supervision needs 
(Galbraith 1974, Tushman and Nadler 1978, Lee et al. 
2023), the impact of any digital technology on the man
agerial hierarchy can be understood by identifying its 
effects through these two mechanisms. Specifically, 
the net change in the extent of (de-)centralization 
observed in an organization depends on the sign and 
relative magnitude of these effects.

Second, to demonstrate the predictive power of our 
framework, we apply it to the case of collaborative 
work management (CWM) technologies. Given the 
possibly countervailing effects of digital technologies 
on managerial hierarchies, to test our framework, it is 
essential to select technologies that operate primarily 
through one of the two mechanisms (i.e., by altering 
managers’ supervisory capacity or subordinates’ need 
for managerial supervision). We select CWM technol
ogies precisely because they are designed to operate 
mainly through one pathway: reducing subordinates’ 
need for managerial supervision. These digital tech
nologies enable real-time collaboration and communi
cation among team members, and they incorporate 
resource and time management tools, analytics dash
boards, knowledge management, and reporting. Ini
tially introduced for software development (Shaikh 
and Vaast 2023), such tools began to diffuse for 
more general use beyond coding in the first decade of 
the twenty-first century (e.g., JIRA, Smartsheet, and 
Clarizen).1

Because CWM technologies are specifically intended 
to improve collaboration within teams, they should 
thus lower the demand for managerial supervision in 
organizations (e.g., Hamel 2011, Laloux 2014, Lee and 
Edmondson 2017, Malone 2018, Martela 2023) rather 
than increasing managers’ supervisory capacity. There
fore, we predict that, ceteris paribus, CWM technologies 
should affect managerial hierarchies in organizations by 
lowering managerial intensity (i.e., the share of managers 
among total employees—a measure of aggregate mana
gerial supervisory capacity within an organization) as 
well as increasing decentralization (i.e., the movement of 
decision-making rights away from the central authority 
in the firm toward subordinates) (see Schneider 2019
and Reineke et al. 2025).

To test these predictions, we rely on data from 3,017 
Compustat firms that we track between 2010 and 
2019. Our analysis reveals three main findings. Using 
a stacked difference-in-differences (DID) design, we 
observe that in the years following the adoption of 
CWM tools, firms reduce their managerial intensity (cal
culated from employee-level job histories and aggregate 
employment in the firm) by 3.2%. Further, using mea
sures constructed from job postings text—which we val
idate through multiple analyses to ascertain that they 
reflect internal organizational characteristics—we also 
observe that following CWM tool adoption, firms 
increase the usage of keywords in job postings empha
sizing that new nonmanagerial recruits should be capa
ble of working in decentralized settings (5%–7%). This 
evidence that CWM tool adoption is followed by a 
reduction in managerial intensity and an increase in 
decentralization supports the argument that these tech
nologies affect the hierarchy by decreasing the supervi
sory load imposed on managers rather than enhancing 
managerial supervisory capacity. Consistent with this 
interpretation, we also find that compared with nona
dopters, firms adopting CWM tools hire fewer man
agers per nonmanager and reduce the number of skills 
listed as requirements for new managers.

With this paper, we contribute to the organization 
design literature by providing a theoretical frame
work and empirical evidence to address a central 
question. How do digital technologies that alter the 
nature of work affect managerial hierarchies? Our 
analysis provides insights into when we might expect 
greater centralization and when we might observe the 
opposite. One strand of the literature has stressed the 
resurgence of “digital Taylorism,” in which technolo
gies increase the degree of centralization and control 
by managers (The Economist 2015, Kellogg et al. 2020, 
Noponen et al. 2024, Schweitzer and De Cremer 2024). 
However, our paper points to another critical possibil
ity: some technologies may also lead to decentralization 
and reliance on fewer managers. We further contribute 
a novel methodological approach to measuring aspects 
of hierarchy and decentralization using job postings 
and employees’ social profiles, enabling analysis over a 
larger sample of U.S. firms than prior archival (e.g., 
Guadalupe and Wulf 2010, Bloom et al. 2014) or case 
studies of nonhierarchical organizations (e.g., Hamel 
2011, Laloux 2014, Felin 2015, Askin et al. 2016).

2. Theoretical Background
2.1. Managerial Hierarchies of Authority
Organizations are systems comprising multiple actors 
that must resolve issues of cooperation and coordina
tion arising from complex task interdependencies to 
achieve their goals (Simon 1947, March and Simon 
1958, Puranam 2018, Raveendran et al. 2020). However, 
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incomplete information and misaligned incentives make 
it difficult to resolve these issues (Galbraith 1974, Tush
man and Nadler 1978, Gulati et al. 2005, Baker et al. 
2022). As a result, remedial steps taken by the actors 
themselves or third parties are necessary to achieve 
effective collaboration or equivalently, “integration of 
effort,” in organizations (Lawrence and Lorsch 1967).

Formal hierarchical structures of authority are a stan
dard means of enabling incentive alignment and man
aging information flows within organizations (March 
and Simon 1958, Chandler 1962). Central to these struc
tures are managers who possess asymmetric influence 
over other organizational members (Fayol 1949, Min
tzberg 1979, Bunderson et al. 2016, Koçak et al. 2023). 
This influence stems from the concentration of decision 
rights in their hands and their centrality in the informa
tion network (Galbraith 1974). Limits on individual 
managers’ spans of control give rise to a multilayered 
authority structure. Lowest-level managers are respon
sible for resolving issues arising from direct supervi
sion of individual contributors, whereas higher-level 
managers are responsible for resolving issues among 
managers reporting to them as well as issues that 
escalate upward to them because they are the first com
mon supervisor of those in conflict (Mintzberg 1979, 
Levinthal and Workiewicz 2018, Lee et al. 2023). This 
multilayered authority structure is commonly referred 
to as a managerial authority hierarchy or simply, a 
managerial hierarchy.2

Despite the central role that managerial hierarchies 
play in organizations, there has been considerable 
enthusiasm recently for less hierarchical organizing 
(Laloux 2014, Burton et al. 2017, Lee and Edmondson 
2017). Proponents point to companies such as Valve 
(gaming software), FAVI (industrial materials), and 
Morningstar (food products) (Hamel 2011, Felin 2015, 
Askin et al. 2016), and they highlight that digital tech
nology may enable such forms of nonhierarchical 
organizing (Shirky 2008, Hamel 2011, Starbird and 
Palen 2011, Laloux 2014, Malone 2018, Martela 2023). 
Prominent examples, such as open-source communi
ties (MacCormack et al. 2006), Valve (Laloux 2014), 
and Buurtzorg (Nandram 2016), employ technologies 
for digital communication, information archiving, and 
mutual observability of work, which allow workers to 
manage themselves with a limited need for authority- 
based managerial intervention. The possibility of large- 
scale digital consensus also fuels the enthusiasm for 
decentralized autonomous organizations (Hsieh and 
Vergne 2023) and widespread online deliberation (Mal
one 2018). Others, however, remain skeptical about 
technological alternatives to managerial hierarchy 
(Foss and Klein 2022, Reitzig 2022) or are even con
cerned about reverting to “digital Taylorism” (i.e., an 
increase in centralization and hierarchical control of 
employees accompanied by extreme modularization of 

work and enhanced monitoring by managers) (The 
Economist 2015, Kellogg et al. 2020).

An impediment to improving our understanding of 
the relationship between digital technology adoption 
and managerial hierarchy is that “less hierarchical 
organizing” can be an ambiguous term. It can indicate 
fewer managers per employee in the organization 
(e.g., Pondy 1969, McKinley 1987, Baron et al. 1999, 
Lee et al. 2023) or fewer layers of managers, some
times assumed to co-occur with an increased span of 
control (e.g., Rajan and Wulf 2006, Guadalupe and 
Wulf 2010, Zhou 2013, Lee 2022, Kim et al. 2023). It 
can also indicate greater decentralization (i.e., the 
extent to which decision-making rights are moved 
away from a central authority and distributed across 
the firm) (Schneider 2019, Reineke et al. 2025), imply
ing increased autonomy for subordinates because of 
reduced control by managers (e.g., Puranam 2018, 
Belenzon et al. 2019, Chen and Suen 2019).

However, these attributes (i.e., managerial intensity, 
number of layers, span of control, and decentralization) 
can vary independently of one another. For instance, a 
reduction in managerial intensity (defined as the num
ber of managers relative to employees) does not neces
sarily imply increased decentralization if managerial 
oversight improves. As illustrated in Figure 1, the num
ber of vertical layers within an organization can change 
even when managerial intensity remains unchanged. 
Calculating the average span of control requires first 
identifying the number of hierarchical layers, and it 
too can shift independently of managerial intensity. 
Table 1 presents the various attributes of managerial 
hierarchy and highlights key differences between them.

In this paper, we propose that focusing on managerial 
intensity (i.e., the number of managers per employee 
in the organization) and decentralization gives us the 
clearest insight into the impact of digital technologies on 
the managerial hierarchy. This is because managerial 
intensity most directly captures the balance between the 
aggregate supervisory capacity that managers in the 
hierarchy provide and the supervision load placed on 
them by the members of an organization. Other mea
sures, such as the average span of control or the number 
of layers in the hierarchy, do not have this property as 
we explain in Table 1. Further, the change in the degree 
of decentralization following digital technology adop
tion helps verify the mechanism—increased supervisory 
capacity or decreased load—through which the technol
ogy impacts managerial hierarchy. We further elaborate 
on these aspects in Section 2.3.

2.2. Technology Adoption and Managerial 
Hierarchy

A second impediment to understanding the relationship 
between digital technology adoption and managerial 
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hierarchy is that the former has been measured in rather 
coarse categories.3

For instance, a significant stream of research exam
ines the adoption of digital technologies and the asso
ciated changes in knowledge hierarchies (e.g., Radner 
1992, 1993; Garicano 2000; Seshadri et al. 2015), where 
superiors have greater expertise to solve problems 
that their subordinates cannot tackle. The focus is on 
how digital technologies affect the costs of knowledge 
acquisition and transmission for organizational mem
bers. Guadalupe and Wulf (2010) report that firms that 
invest more in communication technology experience 
increased managerial levels in their hierarchy. Following 
the arguments of Garicano (2000), the authors propose 
that vertical growth in the managerial hierarchy occurs 
because of decreased knowledge transmission costs, 
increasing the frequency of communication between 
managers and subordinates. They do not, however, find 
any impact of investments in communication technol
ogy on the number of direct reports at the chief executive 
officer (CEO) level in their sample.4

Bloom et al. (2014) find that companies that use 
communication technologies (e.g., intranets as part of 
the broad firm’s information technology architecture 
and security structure) tend to grant their workers 
less autonomy. They interpret this as consistent with 
the argument of Garicano (2000) that technology 
reduces communication costs, thus increasing the 

connections that workers make to their managers for 
decision making. However, the authors also find that 
workers’ autonomy increases and that plant managers 
enjoy wider spans (i.e., more direct reports) in companies 
that use information technologies (e.g., enterprise resource 
planning and computer-aided design/manufacturing sys
tems; part of supply chain management technologies). 
They argue that unlike communication technologies, 
information technologies ease subordinates’ ability to 
acquire knowledge, thus increasing their autonomy and 
decreasing their reliance on managers. Joseph et al. (2023) 
develop a similar argument and find that adopting tech
nologies for health information management leads to 
decentralization in healthcare service delivery. However, 
Guadalupe and Wulf (2010), Bloom et al. (2014), and 
Joseph et al. (2023) focus on aggregate technological cate
gories, making it difficult to determine whether digital 
technologies impact managerial hierarchies by predomi
nantly altering the aggregate supervisory capacity pro
vided by managers or the supervisory load placed on 
them.

In this paper, we build upon prior work and 
develop a conceptual framework that allows us to 
identify the mechanisms through which digital tech
nology adoption impacts the managerial hierarchy. 
We then show the predictive power of the framework 
by developing testable propositions for the specific 
case of CWM technology adoption.

Figure 1. Relationship Between Managerial Intensity, Average Span of Control, and the Number of Vertical Layers 

Notes. Two firms with the same number of managers and employees (and thus, comparable levels of aggregate supervisory capacity available in 
the system) may differ in their managerial span of control and number of vertical layers as shown. Firms A and B have the same numbers of 
managers (5) and employees (10, including managers and nonmanagers). If we focus on the average span of control, we would conclude that 
firm A has a higher supervisory capacity than firm B. If we focus on the number of layers, on the other hand, it would look like firm B has a 
higher supervisory capacity than firm A. However, the two firms rely on the same amount of supervisory capacity as identified by the fraction of 
managers in the system. This is why we decided to directly measure managerial intensity as it gives a better indication of the total managerial 
supervisory capacity in the system compared with the alternative measures of average span of control and number of layers.
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Table 1. Summary of Various Attributes of a Managerial Hierarchy

Attributes of a managerial hierarchy Notes Prior literature

Managerial intensitya: Ratio of employees in managerial positions 
to the total number of employees in a firm

The managerial intensity at a point 
in time reflects the number of 
managers required for a given size 
of the organization to achieve a 
balance between aggregate 
supervisory capacity and 
supervisory load.

Pondy (1969), McKinley 
(1987), Baron et al. (1999)

Number of vertical layers: Count of hierarchical layers to vertically 
organize managers and subordinates in a firm

Vertical layers measure the distance 
between the topmost manager (i.e., 
CEO) and the lowest-level 
subordinate. It captures the apex 
manager’s ability to influence 
(supervise) the lowest-level 
subordinate. 

It is not equivalent to managerial 
intensity as the number of layers 
can vary holding the number of 
managers constant and vice versa 
for the same number of employees 
(see Figure 1).

Rajan and Wulf (2006), 
Guadalupe and Wulf 
(2010), Zhou (2013), 
Lee (2022)

Span of controlb: Average count of next-level subordinates for 
managers in a firm

Span of control captures the number 
of direct subordinates who an 
individual manager supervises. 

In a multilayered system, average 
span of control is typically 
calculated for each level first and 
then averaged for the firm across 
levels. Computed in this way, it 
may not be correlated with 
managerial intensity as it depends 
on whether the number of vertical 
layers can be correctly estimated 
for a system (see Figure 1). It can 
also be poorly correlated with 
managerial intensity when average 
span varies across levels.

Rajan and Wulf (2006), 
Guadalupe and Wulf 
(2010), Bloom et al. (2014)

Decentralization: The movement 
of decision-making rights 
away from a central authority 
toward subordinates

Delegation: Extent of 
subordinates’ independent 
decision making on their 
own tasks without 
managerial intervention

Delegation captures decentralization 
as it focuses on transfer of 
decision rights away from 
managers.

Collins et al. (1999), 
Nickerson and Zenger 
(2004), Davenport and 
Leitch (2005), Gambardella 
et al. (2020)

Lateralizationc: Extent of 
subordinates’ reliance on 
peer-to-peer interactions for 
collaboration and mutual 
adjustment without 
managerial intervention

Lateralization captures 
decentralization as it focuses on 
subordinates’ ability to collaborate 
instead of relying on managers to 
coordinate them.

Lee et al. (2023), Reineke 
et al. (2025); see social 
skills in Deming and 
Kahn (2018) for the exact 
measure of lateralization 
used in this paper

aOne way to measure this is by calculating the ratio of managers to nonmanagers as done in some previous studies (Pondy 1969, McKinley 
1987, Baron et al. 1999). However, this approach implies that managers are not expected to contribute to the supervisory load, which we do not 
assume in this paper. Another possible operationalization of managerial intensity is the count of managers. However, this may lead to incorrect 
inference if the number of managers increases over time but at a slower rate than that of nonmanagers, implying that the ratio is decreasing even 
though the count of managers rises.

bIf we were to recalculate managerial intensity as the ratio of managers to nonmanagers, then managerial intensity and average span of 
control would be the inverse of each other in a two-layered system.

cSee Lee et al. (2023) for a detailed formal analysis of the relationship between subordinates’ ability to self-manage collaboration/conflicts and 
the required managerial intensity. Also, refer to Williamson (1967) and Csaszar (2021) for other formal discussions on managerial hierarchy and 
the relationship between span of control and vertical layers.
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2.3. Digital Technologies, Managerial Intensity, 
and Decentralization

To enhance our understanding of how digital technol
ogies impact managerial hierarchy, we propose a the
oretical framework outlining two mechanisms that 
relate to two distinct properties of the managerial hier
archy: its aggregate supervisory capacity (i.e., the man
agers’ ability to supervise subordinates) and supervisory 
load (i.e., the subordinates’ need for supervision by 
managers). Consistent with the classic principle of fit in 
the organization design literature, we assume that firms 
strive to match the aggregate supervisory capacity with 
the supervisory load placed on managers (Galbraith 
1974, Tushman and Nadler 1978, Lee et al. 2023). Mana
gerial intensity reflects the number of managers that an 
organization of a given size requires to balance aggre
gate supervisory capacity to the supervisory load 
placed on them by the members of the organization.5
Whether this exact equilibrium is attained, it offers a 
valuable perspective for considering comparative stat
ics in firms’ technology adoption.

Consider two types of digital technologies that an 
organization might adopt. A “type I” technology pri
marily increases the supervisory capacity of each man
ager, enabling them to monitor their subordinates 
better. A recent survey (Noponen et al. 2024) of over 
170 articles on “algorithmic management” reported 
the usage of monitoring, supervision, and control 
tools,6 which are examples of this type of technology. 
Adopting type I technology increases the aggregate 
supervisory capacity in the system by enhancing each 
manager’s individual capacity. To regain balance 
between supervisory capacity and load and assuming 
no change in the aggregate supervisory load, an orga
nization adopting type I technology would offset this 
increase in the aggregate supervisory capacity by 
reducing the number of managers.

A second type of digital technology, “type II,” can 
primarily decrease the supervisory load that organiza
tional members place on managers by allowing them 
to either avoid issues altogether when working with 
each other or resolve them in a peer-to-peer manner 
that would otherwise have needed escalation to man
agers. Assuming no change in each manager’s supervi
sory capacity, the number of managers will reduce 
following the introduction of a type II technology as 
well so that the aggregate supervisory capacity matches 
the diminished supervisory load.

Type II digital technologies that enhance collabora
tion and lower reliance on managers are consistent 
with accounts of less hierarchical organizing in corpo
rate settings (e.g., Hamel 2011, Laloux 2014) and con
texts, such as open-source software communities and 
DAOs (Hamel 2011, Hsieh et al. 2018, Malone 2018, 
Choudhury et al. 2020). For instance, in companies like 
Valve and Buurtzorg, famous for their decentralized, 

low-managerial-intensity designs (Laloux 2014, Nan
dram 2016), technologies are argued to play a promi
nent role in enabling integration of effort without 
extensive managerial oversight. In open-source soft
ware development, “version control” and “continuous 
integration” technologies aid in re-engineering work
flows and reducing dependencies to minimize con
flicts, allowing for large-scale collaboration among 
organizational members without hierarchical dispute 
resolution (Srikanth and Puranam 2014, Choudhury 
et al. 2020). Some authors argue that this is also how 
blockchain technologies can help create DAOs in con
texts that currently feature complex analogic interac
tions among people (Hsieh et al. 2018).

Importantly, although the total number of man
agers and therefore, managerial intensity, will reduce 
in the case of both type I and type II technologies, 
only technologies of type II will reliably result in 
decentralization (i.e., the movement of decision-making 
rights away from the central authority in the firm 
toward subordinates) (Schneider 2019, Reineke et al. 
2025). In the case of type I technologies, the aggregate 
supervisory capacity in the organization can remain 
unchanged as the number of managers reduces to off
set increases in the individual managers’ supervisory 
capacity so that decentralization need not occur. Type 
II technologies, however, must result in decentraliza
tion because the aggregate supervisory capacity 
reduces to match the reduced supervisory load, limiting 
the need for managers’ involvement in decision making 
and resulting in collaboration. Bloom et al. (2014) find
ing that communication technologies in manufacturing 
plants reduce workers’ autonomy is consistent with the 
technologies that they study being of type I. In contrast, 
the information technology solutions in Bloom et al. 
(2014) are more likely to have been of type II, although 
the authors do not directly discuss this possibility.

Our framework thus implies that a reduction in 
managerial intensity on its own does not clarify 
whether the technology enhances supervisory capacity 
or reduces supervisory load. However, it is possible to 
verify the mechanism by examining the degree of 
decentralization resulting from the technology adop
tion. If the technology increases subordinates’ ability 
to manage themselves, thus reducing the supervisory 
load that they impose on managers, we should observe 
that the technology adoption is followed by both a 
reduction in managerial intensity and an increase in 
decentralization.

2.4. The Case of CWM Technologies
To demonstrate the predictive power of our concep
tual framework, we apply it to the case of collaborative 
work management technologies designed to primarily 
lower the supervisory load imposed on managers 
rather than increase managers’ supervisory capacity.
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Industry observers highlight the role of CWM tech
nologies in creating task-driven “team hubs” within 
traditional organizational designs (Drakos et al. 2023). 
The main promise of these technologies is to empower 
organizational members, adding control of and visibil
ity into one’s own work and that of peers, especially 
between the gaps of existing specialized applications 
(Drakos et al. 2023). These features of CWM technolo
gies are geared toward allowing team members to col
laborate directly with one another, reducing the need 
for managers to intervene. Adopting these technolo
gies could thus allow organizations to reduce their 
investment in aggregate supervisory capacity by 
reducing their managerial intensity in order to match 
the reduced supervisory load created by the technol
ogy introduction.7 Further, increased decentralization 
would accompany CWM technology adoption because 
managers would exert less supervisory effort in 
controlling and monitoring their subordinates (who 
instead are expected to manage themselves collabora
tively) once the technology is introduced.

CWM technologies offer a contrast to technologies 
that primarily increase the capacity of individual man
agers to monitor and supervise their subordinates (e.g., 
Kellogg et al. 2020). Rather, CWM technologies can 
enable subordinates to manage themselves with a reduced 
need for managerial supervision (e.g., Langfred 2007). 
Instead of managers overseeing the division of labor within 
a team and coordinating the resulting work distribution 
(e.g., Mintzberg 1973, Edwards 1979), CWM technologies 
can allow subordinates to do this by themselves, thus 
simultaneously reducing the managerial capacity needed 
in the aggregate and increasing overall decentralization.

In sum, a testable implication of our theoretical 
framework is that CWM technologies reduce the 
supervisory load on managers by improving the sub
ordinates’ capacity to manage their work themselves. 
Adopting CWM tools should, therefore, lead to a reduction 
in managerial intensity and an increase in decentralization 
in organizations as subordinates require less supervi
sion and control from managers following the technol
ogy adoption. This is the proposition that we test 
empirically in this paper.

3. Data and Methods
3.1. Context: Digital CWM Tools
In this paper, we test empirically the relationship 
between the adoption of CWM tools and two attributes 
of managerial hierarchy—managerial intensity and the 
extent of decentralization. The CWM tools that we 
examine offer features spanning project management, 
work automation, real-time collaboration and communi
cation with team members, resource and time manage
ment, analytics, knowledge management, and reporting, 
leveraging a well-defined hierarchy of permissions (e.g., 

comment versus suggest edit versus edit) and integra
tion with other business-relevant applications. A useful 
analogy is to think of CWM tools as “Google Docs+
dashboards.” CWM tools enable users to plan tasks, col
laborate with peers performing parallel work through 
version control, and continuously and mutually observe 
work activities. With an estimated market of 3.5 billion 
U.S. dollars (USD) yearly revenue by the end of 2022 
(comparable with the market size of other information 
and communication technologies commonly studied in 
prior literature e.g., Bloom et al. 2014, such as computer- 
aided manufacturing solutions with a market size of 2.2 
billion USD, computer-aided design solutions with a 
market size of 10.4 billion USD, and intranet software 
with a market size of 15.5 billion USD8), CWM tool 
usage is on the rise in organizations. Online Appendix 
A1 provides additional details on these tools, including 
their market share and key features.

We use the Drakos et al. (2023) report (published by 
Gartner) to identify current CWM tools. We examine 
the adoption of three CWM tools of the 14 tracked in 
Drakos et al. (2023): Atlassian JIRA, Smartsheet, and 
Clarizen. These three tools that we can observe in our 
sample are widely used compared with the others 
and cover 39.8%–42.6% of the global market share 
(computed as the fraction of total revenue manufac
turers make from CWM tools). These tools have 
existed since the early 2000s but gained increasing 
popularity and adoption over our sample period.

Features of CWM tools are geared toward allowing 
team members to collaborate in a peer-to-peer mode, 
with diminished need for managerial authority. The ven
dors of CWM tools strongly emphasize the technology’s 
pivotal role in promoting peer-to-peer collaboration and 
autonomy. We also conducted an independent survey of 
Prolific full-time employees who regularly interact 
with coworkers and use digital technologies frequently 
to verify whether respondents associate CWM tools’ fea
tures with enhanced managerial supervisory capacity, 
reduced supervisory load that subordinates impose on 
managers, or both. Consistent with our expectation, we 
find that CWM tools are perceived to primarily enhance 
subordinates’ capacity for self-management (thus reduc
ing the supervisory load imposed on managers) rather 
than managerial supervisory capacity. Finally, we also 
interviewed employees working for companies known 
to be CWM tool adopters, confirming that users perceive 
this technology as primarily affecting subordinates’ abil
ity to self-manage. Online Appendix A2 reports com
plete details about CWM tools and their effect in 
reducing the need for managerial supervision.9

3.2. Data Sources
To test our proposition, we leverage a sample of 3,017 
firms and 20,594 firm-year observations for 2010–2019 
that we build by combining employee-level job histories 
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from Revelio Labs, job posting data from Lightcast, and 
firm-year level data from Compustat.

Revelio Labs (Revelio) provides workforce intelli
gence data for over 380 million employees collected 
from social media profiles and resumés since the early 
2000s, and these data have seen increasing use in aca
demic research in recent years (e.g., Fadhel et al. 2021, 
Leung et al. 2021, Li et al. 2022). From Revelio, we col
lect time-varying employee-level information—their 
employer’s name, job title, and seniority level in the 
organization.

Lightcast (previously Burning Glass Technologies) 
tracks online job postings by organizations over time. 
For each vacancy, Lightcast collects the job posting’s 
full text, the posting date, the hiring employer’s name, 
the expected salary, and the vacancy’s location. Light
cast also leverages the raw job postings to generate 
variables (such as the occupation corresponding to the 
advertised position) as defined by the Occupational 
Information Network (O*NET), the skills required for 
the job, and the minimum level of education and prior 
experience needed among others. Researchers have 
used Lightcast data to study questions in strategy, 
economics, and accounting. (e.g., Hershbein and Kahn 
2018, Gao et al. 2023, Goldfarb et al. 2023). We use the 
Lightcast employer names to map jobs to firms, the 
O*NET occupation mapping to differentiate manage
rial and nonmanagerial jobs, and the job postings’ text 
and the associated skill taxonomy to measure decen
tralization and CWM tool adoption.10

Compustat is the source of historical fundamental 
financial and price data for active and inactive publicly 
listed organizations available for an average of approx
imately 11,000 U.S.-based firms per year for the 
2010–2019 period that we focus on. Compustat is the 
data source to estimate firm size, business segment 
count, and financial performance in our analysis.

3.3. Sample Construction
To construct a suitable sample, we start with the com
plete Compustat set of publicly listed U.S. firms, 
which we match to the other data sources. Compu
stat, Lightcast, and Revelio do not share a common 
company identifier. Therefore, we first manually 
match employer names in Compustat with those in 
Revelio and Lightcast separately.11 We then merge 
the two matched databases using the Compustat 
firm’s unique identifier (i.e., gvkey). After matching, 
we are left with 3,017 firms and 20,594 firm-year 
observations for 2010–2019,12 corresponding to 26.9 
million Lightcast job postings and 203.8 million Reve
lio employee-year observations. Online Appendix B1 
details how the sample reduced through the match
ing steps. Our approach resulted in a sample of firms 
that are, on average, larger (i.e., have more employ
ees, more business segments, and higher revenues) 

than other public firms in Compustat. This is to be 
expected as larger Compustat firms are more likely to 
publicly post jobs and maintain a strong social media 
presence, increasing their visibility in Lightcast and 
Revelio. Online Appendix B1 also reports key firm 
size differences between the sampled and other Com
pustat public firms.

3.4. Dependent Variables
3.4.1. Managerial Intensity. We measure Managerial 
intensity as the ratio of the total number of managers 
employed by the focal firm (from Revelio) to the total 
number of employees each year (from Compustat). 
According to the taxonomy developed by Revelio, we 
count employees mapped to the two highest seniority 
levels (levels 3 and 4) among four as managers.13 These 
cover the highest-level managers within the firm (i.e., 
C-level, functional, and divisional managers) and the 
layer of middle managers below them, excluding the 
first layer of supervisors and the lowest level of indi
vidual contributors. We only include the highest two 
layers as managers to be consistent with the O*NET 
managerial occupation coding, where first-line super
visors are not counted as a managerial occupation (i.e., 
job group 11). This approach is also consistent with 
prior research using job titles to code organizational 
hierarchical levels (Rajan and Wulf 2006, Colombo and 
Delmastro 2008, Lee 2022).

We believe that our operationalization, which relies 
on the Revelio seniority taxonomy applied to employ
ees’ individual positions in the sampled firms, is not 
prone to high rates of omission error. This is because 
individuals who supervise others are unlikely to be 
very junior since seniority confers the necessary legiti
macy for enforcing authority (Weber 1968, Freeland 
2009). However, errors of commission are more likely, 
for instance, because in some industries, seniority 
may be based purely on a knowledge hierarchy and 
does not necessarily entail supervision (e.g., research 
scientists). To address this issue and further validate 
our measure of Managerial intensity, we perform addi
tional analyses that we report in Online Appendix B2 
and that we briefly summarize in the following 
paragraphs.

First, we note that the most frequent job titles 
mapped to layers 3 and 4 in the Revelio seniority tax
onomy (i.e., the senior-most levels in the data that we 
tag as managers to compute Managerial intensity) 
include keywords such as “vice president,” “director,” 
and “manager,” demonstrating that higher seniority 
levels are more likely to capture employees who man
age subordinates. Second, we show that higher senior
ity levels in Revelio encompass larger percentages of 
job titles associated with managerial keywords from 
extant research identifying employees who manage 
subordinates (refer to Lee and Csaszar 2020 and 
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Lee 2022) than lower seniority levels. Third, for job 
titles in the highest seniority layers without the mana
gerial keywords, we provide examples of a few Linke
dIn profiles where the users describe the relevance of 
managing subordinates for such positions. Consistent 
with prior studies (e.g., Caliendo et al. 2015), we also 
show that seniority correlates with higher salaries.

3.4.2. Decentralization. Decentralization is defined as 
the movement of decision-making rights away from 
the central authority. We operationalize it as the 
employees’ ability to manage themselves rather than 
rely on managers to do so for them (see Schneider 2019
and Reineke et al. 2025). We conceptualize decentraliza
tion through its two direct consequences, i.e., Delegation 
and Lateralization (e.g., Lee et al. 2023, Reineke et al. 
2025). A centralized organization relies on managerial 
authority to control subordinates’ actions and resolve 
disputes among them. Conversely, in a decentralized 
organization, subordinates must acquire skills for mak
ing their own decisions (i.e., Delegation) and collaborat
ing with their peers (i.e., Lateralization). Accordingly, we 
proxy decentralization through the expectations that 
employers express in job postings about the skills neces
sary for workers to operate in a regime of delegated 
and lateralized work (e.g., Lee et al. 2023, Reineke 
et al. 2025).

We measure Delegation using a dictionary that we 
apply to Lightcast job descriptions. We begin by con
structing a seed dictionary based on prior definitions 
of delegation (e.g., Collins et al. 1999, Nickerson and 
Zenger 2004, Davenport and Leitch 2005, Gambardella 
et al. 2020) along with the closely related constructs of 
decentralization (the broader construct encompassing 
delegation and lateralization) and autonomy (as delega
tion implies more autonomy if tasks can be performed 
independently).14 Online Appendix B3.1 provides the 
definitions that we leverage. Subsequently, we use a 
word2vec embedding model on a random set of 50,000 
nonmanagerial job postings from the sampled firms to 
identify synonyms of the initial seed words (i.e., words 
in the embedding space with cosine similarity to a given 
seed word above a predefined threshold) as per Li et al. 
(2021). Finally, we calculate the average count of the 
identified keywords from the expanded dictionary 
across all nonmanagerial job postings by each firm each 
year, where nonmanagerial postings are those that 
belong to any O*NET job group other than “managerial 
occupations” (corresponding to the O*NET job group 
11). Online Appendix B3.1 details the final list of delega
tion keywords obtained by algorithmic expansion.

Next, to operationalize Lateralization, we take an 
approach that closely follows that adopted in prior 
research (Deming and Kahn 2018) to measure social 
skills grounded in the definition provided in the O*NET 
database. To identify social skills in job postings, we 

leverage the Lightcast skill taxonomy (Burning Glass 
Technologies 2019, Goldfarb et al. 2023), which com
prises about 17,000 standardized keywords identified 
across the entire job posting sample over time. Each job 
posting is associated with a subset of these standardized 
keywords summarizing the required skills. We identify 
skills from the Lightcast taxonomy that match the key
words used in prior literature (Deming and Kahn 2018) 
to measure social skills (i.e., communication, collabora
tion, teamwork, negotiation, and presentation). Deming 
and Kahn (2018) selected these keywords as they relate 
to the main components of social skills highlighted in 
the O*NET database (i.e., (1) coordination: adjusting 
actions in relation to others’ actions; (2) negotiation: 
bringing others together and trying to reconcile differ
ences; (3) persuasion: persuading others to change their 
minds or behavior; and (4) social perceptiveness: being 
aware of others’ reactions and understanding why they 
react as they do). Subsequently, we calculate the average 
number of such skills for nonmanagerial jobs posted by 
each firm each year.15 Online Appendix B3.2 reports more 
details about the construction of the Lateralization measure.

We perform several tests to validate the proposed 
Delegation and Lateralization measures. Results show 
that our job posting-based measures of decentralization 
rely on keywords that are consistent with the theoretical 
definitions of the two constructs developed in prior 
research, behave according to theoretical priors on 
crossfirm heterogeneity in delegation and lateralization, 
show high correlation with measurements obtained 
from the O*NET surveys, and are not sensitive to 
employee mobility dynamics results. Online Appendi
ces B3.1–B3.3 provide complete details about these tests.

Table 1 summarizes the definitions and operationa
lizations of managerial intensity, delegation, and later
alization constructs.

3.5. Independent Variables
To measure CWM tool adoption, we follow the Gold
farb et al. (2023) method that leverages the skills asso
ciated with job postings to identify firms’ adoption of 
software tools. Drakos et al. (2023) include 14 CWM 
tools, of which we can track three from the Lightcast 
skill taxonomy (i.e., “Atlassian JIRA,” “Clarizen,” and 
“SmartSheet”). This is because the Lightcast taxonomy 
only includes the most frequently mentioned skills in a 
given expertise area during the observation window.

We code the dichotomous variable CWM tool adopter 
as one (“1”) for firms that advertise job postings listing 
any of these three tools as required skills at any point 
during our sample period, corresponding to 1,251 firms. 
For the remaining firms, CWM tool adopter is coded as 
zero (“0”). Because adoptions do not occur simulta
neously, we use the dichotomous variable Post adoption 
to capture when a firm has adopted any CWM tools 
that we track. For adopters, we code Post adoption as one 
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(“1”) for all firm-year observations after the first job post
ing listing any of the three CWM tools above as skills, 
including the adoption year. Online Appendix B4 reports 
sample job descriptions listing these CWM tools as skills.

A potential concern is that our operationalization 
strategy might be prone to omission errors given that 
(1) firms may not mention the use of CWM tools in 
job postings and (2) firms could adopt one of the 11 
other CWM tools not included in the Lightcast skill 
taxonomy. To address the first concern, we validate 
our measure of CWM tool adoption using data from 
BuiltWith, a platform that aggregates information on 
technologies used on websites (Burford et al. 2022, 
Impink 2022, Stroube and Dushnitsky 2023). We find 
that job postings capture 93% of the CWM tool adop
ters identified through BuiltWith, suggesting that job 
postings are a reliable source for measuring CWM tool 
adoption. To address the second concern, we conduct a 
direct search for the 14 CWM tools within the job 
posting text and identify only 119 additional adopters 
(9.5% of the 1,251 identified using the skill taxonomy). 
This suggests that the Lightcast skill taxonomy effec
tively reflects the most prominent tools in the observa
tion window. Online Appendix B4 provides complete 
details about these tests.

3.6. Control Variables
We control for a set of firm-level time-varying vari
ables to account for observable firm characteristics 
that may impact Managerial intensity and CWM tool 
adoption. We control for Firm size (i.e., the logarithm of 
the total number of employees from Compustat) and 
Firm segment count (i.e., the count of four-digit North 
American Industry Classification System, or NAICS, 
business segments from Compustat that exceed 10% 
of firm sales) (Choi et al. 2021) to control for structural 
differentiation within the firm. These two variables 
help account for the effect that firm size, a proxy for 
organizational complexity, has on the choice of hierar
chical structure (Lee 2022, Lawrence and Poliquin 
2023). We also control for Firm return on assets (i.e., 
Earnings before interest and taxes, or EBIT, divided 
by total assets as reported in Compustat) to account 
for firm profitability. Lastly, we control for Firm age 
(the logarithm of the number of years). We use coars
ened exact matching (CEM) on the same control vari
ables to identify matched firms for each CWM tool 
adopter in our sample. Although not a substitute 
for random assignment, CEM improves the quality of 
the counterfactual for CWM tool adoption by account
ing for observable firm-level characteristics without 
assuming a specific functional form for their effects.16

3.7. Estimation Strategy
To estimate the effect of firms’ CWM tool adoption on 
Managerial intensity and Decentralization, as our main 

specification, we leverage a stacked difference-in- 
differences (DID) model17 as adoption occurs gradually 
across firms. We start with the full sample of 3,017 
firms, comprising 1,251 CWM tool adopters and 1,766 
nonadopters, and we undertake the following steps as 
in Gormley and Matsa (2011) and Cengiz et al. (2019). 
(1) We create a symmetric four-year window (t��4 to 
t� 4) around the CWM tool adoption event for each 
adopter in the sample, (2) we drop adopters from the 
sample that adopt CWM tools before 2011 and after 
2018 to observe at least one year preadoption and post
adoption for each adopter, and (3) we “stack” each 
adopting firm (i.e., a treated unit) with “clean controls” 
(i.e., firms in the same two-digit NAICS industry as the 
treated that do not adopt CWM tools in 2010–2019). 
This approach generates a stacked sample of 2,314 
firms, comprising 820 adopters and 1,494 nonadopters, 
where each nonadopter may appear across different 
stacks. As the control firms could be significantly dif
ferent from the treated ones along observables, we 
additionally use CEM to narrow the list of control firms 
to those that are similar to the adopting one in the pre
treatment period (i.e., t��4 to t� 0) along the organi
zational controls described in Section 3.6 (Firm size, 
Firm segment count, Firm return on assets, and Firm age). 
Finally, to account for control firms that occur repeat
edly in the sample, we weigh each control observation 
by its inverse frequency within the stack adjusted by 
the ratio of control firms to treated firms in the sample 
so that each firm is counted only once in the analysis 
(Iacus et al. 2012). The final matched sample comprises 
622 treated and 941 control firms.

We use an ordinary least squares (OLS) specifica
tion model as follows:

yict � αic + λtc + β × CWM tool adopteric
× Post adoptiontc + δ × Xict + ɛict, (1) 

where y is either Managerial intensity or Decentraliza
tion (i.e., Delegation or Lateralization), depending on the 
test, for firm i in stack c in year t relative to the CWM 
tool adoption. We are interested in the sign and signifi
cance of the coefficient β in Equation (1) above. Each 
stack consists of one treated firm and one or more con
trol firms, and the number of stacks equals the num
ber of treated firms. The estimation equation includes 
firm-stack fixed effects (αic), treated timeline-stack 
fixed effects (λtc), and the time-varying controls (Xict) 
described in Section 3.6. We cluster standard errors at 
the firm level because of the nonindependence of 
within-firm observations.

4. Results
We start by documenting descriptive trends of CWM 
tool adoption, reduction in managerial intensity, and 
increased decentralization for the sampled firms in 
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2010–2019. We then test the central proposition of 
this paper and assess the impact of CWM tool adop
tion on firms’ reduced reliance on managerial inten
sity and increased decentralization with the stacked 
DID design.

4.1. Trends: Managerial Intensity, 
Decentralization, and CWM Tool 
Adoption in 2010–2019

Figures 2 and 3 show changes in Managerial intensity, 
indicators of Decentralization, and CWM tool adoption, 
controlling for firm fixed effects for the total sample of 
3,017 firms over 2010–2019. First, we observe that the 
rate of change in the number of managers and nonma
nagers in the sampled firms is different. On average, 
each subsequent year is associated with a 4.610% 
increase (p< 0.001) in the number of nonmanagers, 
but the rise in the number of managers is only 2.836% 
(p< 0.001) as seen in Figure 2(a). This results in a 
reduction in Managerial intensity over time. On aver
age, each subsequent year is associated with a 0.306- 
percentage-point decrease in Managerial intensity 
(p< 0.001) as seen in Figure 2(b). It is also associated 
with an increase in the measures of decentralization 
(both Delegation and Lateralization) within firms. We 
find that, on average, each subsequent year is related 
to the advertisement of 0.019 more lateralization skill 
words per posting (p< 0.001) in nonmanagerial jobs 

posted by firms, corresponding to 4.117% of the aver
age value in the data, as seen in Figure 2(c). Similarly, 
each subsequent year is associated with the use of 0.083 
more delegation keywords per posting (p< 0.001) in 
nonmanagerial jobs, corresponding to 3.928% of the 
average value in the data, as seen in Figure 2(d). In 
sum, we observe both a reduction in the percentage of 
managers and an increase in the expectation of nonma
nagerial roles to be self-managing (i.e., corresponding 
to the extent of decentralization in organizations) over 
time in the sample.

Second, we find that these trends are accompanied 
by an increase in firms’ CWM tool adoption. We observe 
that although only 106 sampled firms (3.523% of the 
total sample) mention CWM tools in their job postings 
in 2010, this number increases to 1,251 firms (41.465% of 
the total sample) in 2019 at a rate of approximately 127 
more firms per year as shown in Figure 2(e). This trend 
suggests that the sampled firms’ decreased managerial 
intensity and increased decentralization co-occur with 
their increased CWM tool adoption, which is also con
firmed by interview quotes from employees working at 
firms that adopted CWM tools as reported in Online 
Appendix A2.

Third, increased Decentralization and CWM tool adop
tion correlate with a higher decrease in Managerial 
intensity over time. As reported in Figure 3(a), in the 
subsample of firms with above-median Lateralization 

Figure 2. (Color online) Time Trends 2010–2019: Attributes of Managerial Hierarchy and CWM Tool Adoption 

(a) (b) 

(c) (d) (e) 

Notes. Panels (a)–(d) plot coefficients and 95% confidence intervals for yearly dummy variables from firm fixed effects specification OLS models, 
with standard errors clustered at the firm level. (a) Change in (log) Count managers and (log) Count nonmanagers over time. (b) Change in Manage
rial intensity over time. (c) Change in Lateralization over time. (d) Change in Delegation over time. (e) CWM tool adoption over time.
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(blue lines with diamond-shaped markers), Managerial 
intensity decreases by 0.504 percentage points per year 
(p< 0.001). On the other hand, the subsample below- 
median Lateralization (red lines with triangle-shaped 
markers in Figure 3(a)) experiences a per-year reduc
tion of 0.119 percentage points (p� 0.023), significantly 
lower than that for the above-median subsample 
(χ2� 6.550, p� 0.010). Similarly, as reported in Figure 
3(b), the subsample with above-median Delegation 
(blue lines with diamond-shaped markers) shows a 
decrease in Managerial intensity of 0.458 percentage 
points per year (p< 0.001). Conversely, the subsample 
below-median Delegation (red lines with triangle- 
shaped markers in Figure 3(b)) experiences an increase 
of 0.156 percentage points per year (p� 0.002), again 
significantly lower than for the above-median subsam
ple (χ2� 4.095, p� 0.043).

In Figure 3(c), we observe a similar trend in CWM 
tool adoption. On average, the subsample of firms that 
adopt CWM tools over 2010–2019 (blue lines with 
diamond-shaped markers in Figure 3(c)) experiences a 
decrease in their Managerial intensity each subsequent 
year by 0.523 percentage points (p< 0.001). The re
duction per year for firms that do not adopt CWM 
tools (red lines with triangle-shaped markers in Figure 3(c)) 
is, on the other hand, 0.098 percentage points (p� 0.073), 
significantly lower than that for the CWM tool adopters 
(χ2� 7.589, p� 0.006).

Although correlational, these results indicate that CWM 
tool adoption is associated with increasing levels of decen
tralization and decreasing levels of managerial intensity 
within firms and over time. Online Appendix C1 includes 
the regression tables underlying Figures 2 and 3.

4.2. Effect of CWM Tool Adoption on 
Managerial Hierarchy

Next, we use a matched sample approach to analyze 
the effect of CWM tool adoption on managerial 

hierarchy. Table 2 reports descriptive statistics and 
correlations among the variables of interest in the 
matched sample, which includes 622 treated firms 
and 941 control firms. The decentralization variables 
(i.e., Delegation and Lateralization) are highly correlated 
(0.487), although the keywords used to measure them 
have no overlap and the two measures capture inde
pendent constructs (see Online Appendices B3.1 and 
B3.2). This suggests that for nonmanagerial jobs, it is 
difficult to decompose decision rights transfer (i.e., 
delegation) from peer-to-peer collaboration (i.e., later
alization) as autonomous decision making may be 
linked to the ability to resolve issues peer to peer 
(because work is often interdependent).

Table 3 reports results for the comparison between 
treated firms and control firms on the matching vari
ables (i.e., Firm size, Firm segment count, Firm age, and 
Firm return on assets) in the pretreatment period (i.e., 
t� –4 to t� 0) in both the stacked sample and the 
matched sample. From panel I of Table 3, treated 
firms appear to be significantly larger, more diversi
fied, and more profitable than controls. CEM matching 
helps minimize those differences as evidenced by the t- 
test results reported in panel II of Table 3. Because we 
match on coarsened average pretreatment values and 
the difference in firm size is still statistically significant 
after matching, we also include matching variables as 
controls in the main specification.

We examine how adopting CWM tools impacts a 
focal firm’s reliance on managerial intensity in the fol
lowing years. Figure 4 and Table 4 report the main 
regression results on the matched sample. We find that 
Managerial intensity in CWM tool adopters decreases in 
the years following the adoption. Model (1) in Table 4
shows that treated firms exhibit, on average, a 0.814- 
percentage-point lower (p� 0.001) Managerial intensity 
in postadoption years compared with preadoption 
years, which corresponds to a 3.230% decrease from 

Figure 3. (Color online) CWM Tool Adoption and Managerial Intensity by Levels of Decentralization 

(a) (b) (c)

Notes. The figures plot coefficients and 95% confidence intervals for yearly dummy variables from firm fixed effects specification OLS models, 
with standard errors clustered at the firm level. We use a segmented regression to plot the change in Managerial intensity for the two groups of 
firms associated with the two conditions (blue lines with diamond-shaped markers vs. red lines with triangle-shaped markers) separately. (a) 
Change in Managerial intensity over time plotted by the average level of Lateralization in the firm. (b) Change in Managerial intensity over time plot
ted by the average level of Delegation in the firm. (c) Change in Managerial intensity over time plotted separately for CWM tool adopters and 
nonadopters.
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the average of this variable in our data (values are 
reported in Table 2), controlling for changes in the 
nonadopters. The reduction in Managerial intensity is 
consistently observed in all of the years postadoption 
as shown by time-series estimates in Figure 4(a), which 
plots the coefficients of the interaction term CWM tool 
adopter × Treated timeline in a regression model other
wise similar to those reported in Table 4, model (1). 
This finding suggests that CWM tool adoption is asso
ciated with tangible structural changes within firms, 
reducing the number of managers that they rely on as 
a percentage of the total employee population. In other 
words, CWM tools appear to effectively substitute for 
managers in organizations.18

To assess the mechanisms underlying the changes 
in managerial intensity, we examine whether CWM 
tool adopters also experience changes in decentraliza
tion (both Lateralization and Delegation). Figure 4
and Table 5 report these regression results. First, we 
observe that CWM tool adoption is associated with 
higher reliance on Lateralization. From model (1) in 
Table 5, we see that CWM tool adopters exhibit, on 
average, 0.030 more lateral social skill words per post
ing (p� 0.007) postadoption as compared with the 
preadoption period, which corresponds to a 7.195% 
increase from the average value of this variable in our 
data, adjusting for any changes in the control firms. 
Figure 4(b) shows a sharp rise in Lateralization from 
the year immediately before adoption (i.e., t� 0) to the 
year of adoption (i.e., t� 1), which lends further sup
port to our main argument that using CWM tools 
increases firms’ requirement for nonmanagers’ skills 
to resolve conflicts and collaborate laterally.

Similarly, we also find that Delegation in CWM tool 
adopters increases in the years following adoption. 
Model (2) in Table 5 shows that adopters use, on aver
age, 0.108 more delegation keywords per posting 
(p� 0.003) postadoption as compared with in the 
preadoption period, which corresponds to a 5.197% 
increase from the average value of this variable in our 
data, adjusting for any changes in the control firms dur
ing the same period. The rise in Delegation primarily 
occurs during the year of CWM tool adoption and remains 
approximately constant as shown in Figure 4(c). Online 
Appendix C2 includes the regression table underlying 
Figure 4. This result suggests that using CWM tools also 
increases the likelihood of nonmanagers making deci
sions without their managers’ active supervision.19

Overall, the joint increase in the decentralization mea
sures for CWM tool adopters strengthens our confi
dence in the mechanism behind the relationship 
between CWM tool adoption and managerial intensity. 
Adopting digital technologies, like CWM tools, is asso
ciated with changes in the skills of nonmanagerial roles, 
suggesting that these technologies increase the expecta
tion for nonmanagers to be more self-sufficient in their 
tasks (Delegation) and those involving peer collaboration 
(Lateralization). These changes co-occur with decreased 
Managerial intensity, suggesting that the expected subor
dinates’ skill enhancement is associated with a decrease 
in the load on (and thus, the number of) managers.

Finally, we conduct analyses to test the robustness 
of our results to pretreatment trends. Table C2.1 in 
Online Appendix C2 (which reports the regression 
table underlying Figure 4) shows that the pretreatment 
(i.e., t��4 to t� 0) dummy variables are not 

Table 2. Summary Statistics and Correlation Matrix (Matched Sample t��4 to t� 4)

Variables Mean Std. dev. Min Max (1) (2) (3) (4) (5) (6) (7)

(1) Managerial Intensity 0.252 0.195 0.002 0.886 1.000
(2) Lateralization 0.416 0.317 0.000 1.467 0.198 1.000
(3) Delegation 2.084 1.205 0.000 6.191 0.116 0.487 1.000
(4) Firm Size (log Employees) 7.901 1.328 4.727 11.083 �0.348 �0.077 �0.017 1.000
(5) Firm Return on Assets 0.066 0.076 �0.244 0.288 �0.164 �0.089 �0.032 0.284 1.000
(6) Firm Age (log Years) 3.289 0.595 1.609 4.220 �0.196 �0.114 �0.054 0.338 0.138 1.000
(7) Firm Segment Count 1.238 0.464 1.000 3.000 �0.134 �0.010 �0.009 0.207 0.048 0.207 1.000

Notes. All of the summary statistics and correlations are estimated over 64,279 firm-year observations. Std. dev., standard deviation.

Table 3. Pretreatment (t��4 to t� 0) Average Summary Statistics, CWM Tool Adopters vs. Nonadopters for Stacked and 
Matched Samples

Panel I: Stacked sample Panel II: Matched sample

Nonadopter
CWM tool 

adopter Difference p-value Nonadopter
CWM tool 

adopter Difference p-value

Firm Size (log Employees) 7.1566 8.3754 �1.2188 0.0000 8.0317 8.2233 �0.1916 0.0300
Firm Return on Assets 0.0159 0.0699 �0.0541 0.0000 0.0666 0.0669 �0.0004 0.9350
Firm Age (log Years) 2.8958 2.8926 0.0032 0.9146 2.9381 2.9284 0.0097 0.8247
Firm Segment Count 1.2861 1.3263 �0.0402 0.0561 1.2612 1.2641 �0.0028 0.9240

Observations 1,494 820 941 622
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statistically different from zero, supporting the parallel 
trends assumption. Additionally, our results are robust 
to the pretrends and honestdid tests recommended by Roth 
(2022) and Rambachan and Roth (2023). We also use a 
cross validation approach to predict alternative posttreat
ment counterfactuals for managerial hierarchy variables 
and find that actual average values are statistically differ
ent from the predicted ones. These results (detailed in 
Online Appendix C3) strengthen our confidence in the 
finding that CWM tool adoption has a statistically signifi
cant relationship with the managerial hierarchy variables 
that pretreatment trends cannot predict.

5. Robustness Tests
5.1. Alternative Specifications
As CWM tool adoption is an endogenous firm choice, 
we also replicate the analysis using preadoption Peer 

CWM tool adoption as an instrument that may lead 
firms to adopt CWM tools (e.g., refer to Acemoglu 
et al. 2019, 2022 for similar applications). We find that 
peer-driven CWM tool adoption is associated with 
a 6.152-percentage-point lower (p� 0.029) Managerial 
intensity in postadoption years, adjusting for changes 
in the control firms. Although this approach does not 
substitute for randomization, it provides some sup
port for a causal interpretation of the CWM tool adop
tion effect on managerial intensity. Online Appendix 
D1 offers complete details about this analysis.

Next, we check the robustness of our results to 
alternative DID specifications. We employ the doubly 
robust estimator by Callaway and Sant’Anna (2021), 
which uses weighted averaging to calculate the aver
age treatment effect across treatment cohorts (Roth 
et al. 2023). We also perform a stacked DID regression 

Figure 4. Main Results: The Effect of CWM Tool Adoption on Managerial Intensity and Decentralization 

(a)

(b) (c)

Notes. We use stacked DID specification models. We use CEM to identify control firms for each treated firm using Firm return on assets, Firm seg
ment count, Firm size, and Firm age for matching (#4 cut points). Each control firm observation is weighted by inverse frequency in the stack 
adjusted by the ratio of total control and treated firms in the sample to match the observation count in the original sample. The panels plot the 
coefficients for the terms CWM tool adopter × Treated timeline from models that include firm-stack fixed effect, time-stack fixed effect, and firm- 
level time-varying controls as well as 95% confidence intervals. Standard errors are clustered at the firm level. (a) Change in Managerial intensity 
in CWM tool adopters (treated) vs. nonadopters (control firms) from four years before adoption to four years after. (b) Change in Lateralization for 
CWM tool adopters (treated) vs. nonadopters (control firms) from four years before adoption to four years after. (c) Change in Delegation for CWM 
tool adopters (treated) vs. nonadopters (control firms) from four years before adoption to four years after.
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on the total stacked sample, where each treatment 
firm is matched to all control firms in the same two- 
digit NAICS industry code.20 Additionally, we per
form a stacked DID regression on the CEM-matched 
sample with different sets of control variables. Over
all, the direction of results is robust across models 
at conventional levels of statistical significance as 
detailed in Online Appendices D2 and D3.

5.2. Alternative Measurement
We test the validity of our results by using five alterna
tive operationalizations for Managerial intensity. First, we 
use the firm’s total employee count from Revelio instead 
of Compustat as in the main analysis. Second, we 
include the second-lowest layer of employees as man
agers instead of the first two layers only as done in the 
main analysis.21 Third, we classify employees as man
agers and nonmanagers using a more recent release of 
the Revelio seniority taxonomy, which attempts to allo
cate job titles to a seven-layered classification (instead of 
the original four). Fourth, to replicate the alternative 
operationalization in Baron et al. (1999), we compute 
Managerial intensity by excluding managers from the 
total employee count. Lastly, we use the top manager 
count from Boardex to calculate Senior management inten
sity, testing the robustness of our measure to alternative 
data sources. Our results are robust to relying on these 
alternative measurements (Table 4, models (3)–(7)).

We also perform robustness tests for decentraliza
tion. First, we test the sensitivity of our results to 
the choice of dictionary keywords. Models (5) and (6) 
in Table 5 report results using an algorithmically 
expanded list of keywords for Lateralization and the 
initial seed list for Delegation. Second, we operationa
lize decentralization from alternative data sources (i.e., 
Glassdoor.com and O*NET) to address the possibility 
that job posting-based measures may not reflect 
firms’ actual decentralization levels. Online Appendi
ces D4.1–D4.3 report full details. Our results are robust 
to these alternative operationalizations. We also note 
that the job posting data that we leverage enable the 
construction of time-varying measures of decentraliza
tion, which is not possible with any of the alternative 
data sources that we use for validation and robustness.

For the job postings-based measures of Lateralization 
and Delegation, our results may be driven by changes 
in the job posting composition year on year at the firm 
level rather than changes in the nature of the same jobs 
over time. Indeed, we observe that IT jobs (O*NET code 
15—computer and mathematical occupations) signifi
cantly increase, predominantly in the first year after 
CWM tool adoption. Online Appendix D4.4 reports job 
posting composition changes by O*NET job group. 
Such a change might increase delegation and lateraliza
tion if the average decentralization is higher for IT jobs 
than for others. We, therefore, perform the DID analysis 

excluding such IT job posts to address this concern and 
find that the original results still hold (Table 5, models 
(7) and (8)). We also exclude all job postings that men
tion CWM tools (“Jira,” “Clarizen,” and “Smartsheet”) 
when measuring average Lateralization and Delegation. 
Again, we find similar results to those in the main anal
ysis (Table 5, models (9) and (10)).

As a last step, we assess the robustness of the results 
to alternative operationalizations of CWM tool adoption. 
First, to address the concern of possible omission 
errors, we measure CWM tool adoption using job text 
instead of the Lightcast skill taxonomy, and our results 
remain qualitatively unchanged. Online Appendix 
D5.1 reports details of these analyses. Second, to assess 
robustness to commission errors (as we consider a 
firm to be a CWM tool adopter if it posts even one job 
with CWM tools listed as a skill), we use alternative 
thresholds to indicate CWM tool adoption: (1) a mini
mum of two jobs (i.e., the 25th percentile number of 
job postings indicating CWM tool adoption in our firm- 
year sample) and (2) a minimum of four jobs (i.e., the 
median number of job postings indicating CWM tool 
adoption in our firm-year sample). Results are robust to 
these alternative thresholds as shown in Online 
Appendix D5.2.

5.3. Alternative Explanations
A concern with our results may be that alternative 
technologies/technology management practices (e.g., 
agile development and cloud computing) reduce reli
ance on managerial hierarchy. It is possible that CWM 
tools do not directly impact hierarchy and may have 
been adopted as part of agile management best prac
tices. Additionally, as the CWM tools that we track 
are all cloud based, it could also be the case that 
adopting cloud computing instead of the specific tools 
that we measure reduces managerial hierarchy. To 
assess this concern, we control for the firm’s adoption 
of agile methodology and cloud computing22 when 
testing the impact of CWM tool adoption on manage
rial hierarchy and report the robustness of our results 
(Table 4, model (2) and Table 5, models (3) and (4)).23

In Online Appendices D6 and D7, we also examine 
the direct effect of Agile adoption and Cloud adoption on 
managerial hierarchy.24

We also conduct two placebo tests to rule out the con
cern that adopting alternative technologies drives our 
results. First, we examine the adoption of an alternative 
technology not expected to affect intrafirm collabora
tion. For this, we selected Tableau, a visualization soft
ware with no direct collaboration benefits, and we find 
that Tableau adoption does not affect the managerial hier
archy attributes that we study. Second, we randomly 
assign CWM tool adoption to firms in our sample and 
see that Placebo CWM tool adoption does not affect mana
gerial hierarchy. These findings reinforce our conviction 
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about the impact of CWM tools on managerial hierar
chy. Given that we maintain the same distribution of 
adoption years for this placebo test as in the original 
sample, this analysis also weakens concerns that the 
observed effects are driven by the specific period that 
we study. Online Appendices D8 and D9 report the full 
results of these analyses. Finally, as shown in Online 
Appendix D10, we also rule out that other collaborative 
tools potentially similar to CWM tools25 (i.e., the WSC 
and CC tools described in Section 3.1 and Online 
Appendix A3) drive our results.26

Finally, we examine the possible impact of other 
firm- or industry-level changes on our results. Prior 
research studies the effect of Industry competitive inten
sity (Guadalupe and Wulf 2010), firm-level Task com
plexity (Zhou 2013), and firm-level Cultural strength 
(Marchetti and Puranam 2022) on managerial hierar
chy. We construct measures for each of these variables 
using data from Compustat and Glassdoor, and we 
include them as additional controls to our main speci
fication. Online Appendix D11 describes the operatio
nalization of these measures and their relationship 
with Managerial intensity. Moreover, to account for 
changes in job posting intensity over time, which may 
affect the decentralization measures, we also control 
for Average skill count and log Count jobs. Results 
remain robust to all of these additional controls (Table 
4, model (2) and Table 5, models (3) and (4)).

6. Supplementary Analyses
We examine three questions to better understand 
how CWM adoption relates to changes in managerial 

hierarchy. (1) How do CWM tools affect the compo
nents of managerial intensity (i.e., the count of mana
gerial versus nonmanagerial staff)? (2) How do CWM 
tools affect managerial skill sets over time? (3) Are 
there interindustry differences in the effects of CWM 
tool adoption?

6.1. How Do CWM Tools Affect the Components 
of Managerial Intensity?

Different organizational dynamics may drive the neg
ative relationship that we observe between manage
rial intensity and CWM tool adoption. To tease those 
out, we separately check how the two workforce com
ponents of Managerial intensity (i.e., the number of 
managers and the number of nonmanagers) evolve. A 
decrease in Managerial intensity could occur in differ
ent ways. (1) The number of managers stays constant, 
whereas the number of nonmanagers increases. (2) 
The number of managers declines, whereas the num
ber of nonmanagers increases. (3) Both the number of 
managers and the number of nonmanagers increase, 
but the latter is at a higher rate. (4) Both the number of 
managers and the number of nonmanagers decline, 
but the former is at a higher rate. For CWM tool adop
ters, we find that the number of nonmanagers grows 
significantly more than the number of managers. 
However, the two groups exhibit comparable growth 
rates for those firms that do not adopt CWM tools. 
Figure 5 and Online Appendix E1 report full details 
for this analysis. We observe a similar pattern in 
stacked DID regressions with these two variables as 
outcomes (Table 6, models (1) and (2)). This result 

Figure 5. (Color online) Changes in Count of Managers and Count of Nonmanagers over Time (Years) for CWM Tool Adopters 
and Nonadopters 

Notes. To plot the coefficients of yearly dichotomous variables, we use firm fixed effects specification OLS models, with standard errors clustered 
at the firm level. We use a segmented regression to plot the coefficients of the terms (log) Count managers (in blue with diamond-shaped markers) 
and (log) Count nonmanagers (in red with triangle-shaped markers) for the two groups of firms associated with the two conditions (CWM tool 
adopters vs. nonadopters) separately. The figures include 95% confidence intervals.
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suggests that CWM tool adopters in our sample scale 
their nonmanagerial staff without increasing the num
ber of managers at the same rate. In Online Appendix 
E2, we also show that CWM tool adoption explicitly 
increases managers’ outflows, which can coexist with 
firm growth. Together, these results support the argu
ment that CWM tools substitute for managers in 
organizations.

6.2. How Do CWM Tools Affect Managerial Skill 
Sets over Time?

Although in the main analysis we assess the change in 
employees’ skills in nonmanagerial roles, we also 
examine skill changes in managerial roles, leveraging 
the job skills categorization by Deming and Kahn 
(2018).27 For each skill category, we calculate the 
change in (1) the absolute number of skills (Figure 
6(a)) and (2) the percentage of skills (Figure 6(b)) 
tagged to managerial job postings post CWM tool 
adoption for treated firms, adjusting for any changes 
in the control firms.

First, the number of skills tagged to managerial 
job postings decreases after CWM tool adoption (β�
�0.414, p� 0.045) (Table 6, model (3)). On the other 
hand, for nonmanagers, the absolute skill count 
remains unchanged as observed in Table 6, model (4) 
(β� 0.173, p� 0.181). Second, the proportion of lateral 
social skills for managerial job postings increases after 
CWM tool adoption (β� 0.003, p� 0.079) (Figure 6(b)). 
Overall, the results indicate that (1) following CWM 
tool adoption, firms tend to seek to hire managers with 
fewer skills—a pattern specific to managerial roles 
and consistent with reduced reliance on managers— 
and that (2) demand for lateral social skills postadop
tion also increases for managerial positions. The sec
ond result is consistent with recent research showing 
that managerial roles have evolved toward higher lat
eral social skills and lower supervision (Zhang 2023). 
Online Appendix E3 provides further details and pre
sents the regression tables for the panels in Figure 6. 
Together with results from Section 6.1, these findings 
suggest that CWM tools partially substitute for man
agers. These tools substitute for the supervisory role 
of managers and thus, are associated with reduced 
growth in managerial head count (as seen in Section 
6.1). However, they are also associated with a simulta
neous shift in managerial skills toward higher lateral 
collaboration (as seen here).

6.3. Are There Interindustry Differences in the 
Effects of CWM Tool Adoption?

We also check for crossindustry heterogeneity of our 
results, which was unobservable in the main firm 
fixed effect models. A large fraction of the sample cov
ers two industries: Manufacturing (two-digit NAICS 
codes 31–33; comprising 763 firms or 48.8% of our Ta

bl
e 

6.
 S

up
pl

em
en

ta
ry

 A
na

ly
se

s

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

Lo
g 

Co
un

t 
[M

an
ag

er
s]

Lo
g 

Co
un

t 
[N

on
m

an
ag

er
s]

A
vg

 S
ki

ll 
Co

un
t 

[M
an

ag
er

]
A

vg
 S

ki
ll 

Co
un

t 
[N

on
m

an
ag

er
s]

M
an

ag
er

ia
l I

nt
en

sit
y 

[M
an

uf
ac

tu
rin

g]
M

an
ag

er
ia

l I
nt

en
sit

y 
[S

er
vi

ce
s]

La
te

ra
liz

at
io

n 
[M

an
uf

ac
tu

rin
g]

La
te

ra
liz

at
io

n 
[S

er
vi

ce
s]

D
ele

ga
tio

n 
[M

an
uf

ac
tu

rin
g]

D
ele

ga
tio

n 
[S

er
vi

ce
s]

CW
M

 T
oo

l A
do

pt
er

 
# 

Po
st

 a
do

pt
io

n
0.

03
9*

**
0.

18
2*

**
�

0.
41

4*
0.

17
3

�
0.

00
5+

�
0.

01
3*

0.
02

9*
0.

04
+

0.
01

8
0.

24
9*

**
(0

.0
08

)
(0

.0
19

)
(0

.2
07

)
(0

.1
29

)
(0

.0
03

)
(0

.0
06

)
(0

.0
12

)
(0

.0
24

)
(0

.0
44

)
(0

.0
75

)

Fi
rm

-y
ea

r 
co

nt
ro

ls
Ye

sa
Ye

sa
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
C

EM
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Fi

rm
-s

ta
ck

 F
E

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ti
m

e-
st

ac
k 

FE
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
Ye

s
O

bs
er

va
tio

ns
64

,1
94

64
,2

79
64

,2
79

64
,2

79
47

,4
65

14
,0

79
47

,4
65

14
,0

79
47

,4
65

14
,0

79
N

o.
 o

f fi
rm

s
1,

55
6

1,
56

3
1,

56
3

1,
56

3
76

3
56

2
76

3
56

2
76

3
56

2
A

dj
us

te
d 

R2
0.

99
7

0.
97

7
0.

58
1

0.
70

8
0.

97
9

0.
97

2
0.

59
0

0.
63

2
0.

62
9

0.
68

7

N
ot

es
. 

W
e 

us
e 

a 
st

ac
ke

d 
D

ID
 sp

ec
ifi

ca
tio

n 
fo

r e
ac

h 
re

gr
es

sio
n 

in
 th

e 
ta

bl
e 

ab
ov

e.
 W

e 
us

e 
C

EM
 to

 id
en

tif
y 

co
nt

ro
l fi

rm
s f

or
 e

ac
h 

tr
ea

te
d 

fir
m

 u
sin

g 
Fi

rm
 re

tu
rn

 on
 as

se
ts

, F
irm

 se
gm

en
t c

ou
nt

, F
irm

 si
ze

, 
an

d 
Fi

rm
 ag

e f
or

 m
at

ch
in

g 
(#

4 
cu

t p
oi

nt
s)

. E
ac

h 
co

nt
ro

l fi
rm

 o
bs

er
va

tio
n 

is 
w

ei
gh

te
d 

by
 in

ve
rs

e 
fr

eq
ue

nc
y 

in
 th

e 
st

ac
k 

ad
ju

st
ed

 b
y 

th
e 

ra
tio

 o
f t

ot
al

 co
nt

ro
l a

nd
 tr

ea
te

d 
fir

m
s i

n 
th

e 
sa

m
pl

e 
to

 m
at

ch
 

th
e 

ob
se

rv
at

io
n 

co
un

t i
n 

th
e 

or
ig

in
al

 sa
m

pl
e.

 A
ll 

m
od

el
s i

nc
lu

de
 fi

rm
-s

ta
ck

 fi
xe

d 
ef

fe
ct

 (F
E)

, t
im

e-
st

ac
k 

FE
, a

nd
 th

e 
ab

so
lu

te
 v

al
ue

s o
f t

he
 m

at
ch

in
g 

va
ria

bl
es

 a
s c

on
tr

ol
s. 

St
an

da
rd

 e
rr

or
s c

lu
st

er
ed

 
at

 th
e 

fir
m

 le
ve

l a
re

 in
 p

ar
en

th
es

es
.

a Fi
rm

 S
iz

e (
lo

g 
Em

pl
oy

ee
s)

 h
as

 b
ee

n 
ex

cl
ud

ed
 in

 th
is 

re
gr

es
sio

n.
+

p<
0.

1;
 *p
<

0.
05

; *
*p
<

0.
01

; *
**

p<
0.

00
1.

Gulati, Marchetti, and Puranam: CWM Technologies and Managerial Intensity 
18 Management Science, Articles in Advance, pp. 1–25, © 2026 The Author(s) 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

98
] 

on
 2

2 
Ju

ne
 2

02
6,

 a
t 0

7:
28

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



sample) and Services (two-digit NAICS codes 51–56; 
comprising 562 firms or 35.9% of our sample). We per
form the stacked DID analysis separately for the two 
industries and compare the CWM tool adopter × Post 
adoption term coefficients in the regression model. 
CWM tool adoption has a statistically significant effect 
on managerial hierarchy within both industry groups 
(Table 6, models (5)–(10)). However, the average effect 
on Managerial intensity and Delegation is stronger for 
Services firms than for Manufacturing firms (the cross
industry difference is positive but not statistically sig
nificant for Lateralization as reported in Online 
Appendix E4).

7. Discussion and Conclusion
7.1. Discussion
Although managerial hierarchies provide a widely 
accepted solution to the problem of integration of 
effort in organizations (March and Simon 1958, Chan
dler 1962, Foss and Klein 2022), digital technologies 
have the potential to alter this institution in powerful 
ways, either reinforcing its hierarchical and central
ized aspects (e.g., Kellogg et al. 2020) or diminishing 
its relevance and necessity (e.g., Hamel 2011, Laloux 
2014, Malone 2018). However, the specific technologies 
that have these distinct effects remain unclear, and 
empirical evidence to distinguish them is limited.

In this paper, we take steps toward clarifying the the
oretical mechanisms through which adopting digital 
technologies alters two aspects of a firm’s managerial 
hierarchy: managerial intensity and decentralization. If 

the technology aids managers in supervising their sub
ordinates, it enhances their capacity to monitor and 
control, thereby increasing the aggregate supervisory 
capacity in the organization beyond what is necessary. 
Holding the demand for managerial supervision con
stant, this implies that the technology can lead to lower 
managerial intensity but without increasing worker 
autonomy and decentralization. Alternatively, if the 
technology enhances the subordinates’ ability to manage 
themselves and collaborate effectively, it can decrease 
managerial supervisory load, resulting in both lower 
managerial intensity and greater decentralization. To 
demonstrate the predictive power of the framework that 
we propose, we examine the adoption of collaborative 
work management tools (i.e., a class of digital technolo
gies that aid subordinates in self-managing), thus reduc
ing their reliance on managers rather than increasing 
managers’ supervisory capacity. We show that CWM 
tool adoption is followed by a reduction in managerial 
intensity (3.2%) and an increase in decentralization char
acterized by both increased delegation (5.2%) and later
alization (7.2%).

With this paper, we make several contributions to 
academic research and the world of practice. First, 
we contribute to the organization design literature 
by answering a question that has fascinated many: 
whether technology can substitute for managers. Our 
results indicate that the answer is “yes” for CWM 
technologies and that this effect is accompanied by 
increased decentralization. Second, we provide theo
retical clarity on the mechanisms through which digi
tal technologies that influence how we work may 

Figure 6. (Color online) Changes in Managerial Skills over Time (Years) and over the CWM Tool Adoption Timeline 

(a) (b)

Notes. We use stacked DID specification models. We use CEM to identify control firms for each treated firm using Firm return on assets, Firm seg
ment count, Firm size, and Firm age for matching (#4 cut points). Each control firm observation is weighted by inverse frequency in the stack 
adjusted by the ratio of total control and treated firms in the sample to match the observation count in the original sample. The figures plot the 
coefficients for the terms CWM tool adopter × Post adoption from models that include firm-stack fixed effect (FE), time-stack fixed effect, and firm- 
level time-varying controls as well as 95% confidence intervals. Standard errors are clustered at the firm level. (a) Change in managerial skill count 
by skill category in CWM tool adopters (treated) from preadoption to postadoption adjusting for nonadopters (control). (b) Change in managerial skill 
percentage by skill category in CWM tool adopters (treated) from preadoption to postadoption adjusting for nonadopters (control firms).
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affect organizational structures by either increasing 
individual managers’ supervisory capacity or reduc
ing the supervisory load that their subordinates place 
on them. The effects (as we have argued) are not sym
metric for decentralization. Third, we advance prior 
empirical organizational design research by relying 
on a larger and deeper sample than what was used 
before because prominent papers have relied on 
single-firm data (e.g., Lee and Puranam 2017), single- 
industry data (e.g., Raveendran 2020, Eklund 2022), 
specific sectors (e.g., Rajan and Wulf 2006, Guadalupe 
and Wulf 2010, Zhou 2013), or cross-sectional data 
(e.g., Bloom et al. 2014, Lee 2022) for analyses. Finally, 
our research offers a refined managerial framework 
for evaluating the implications of technology adoption 
on managerial hierarchies. Specifically, we demon
strate the importance of distinguishing between the 
effects of technology adoption on managerial supervi
sory capacity and subordinates’ supervisory load.

7.2. Limitations
There are several limitations to our empirical approach; 
therefore, our findings should be interpreted with 
caution. Although we have attempted to isolate the 
effect of CWM tool adoption on managerial hierarchy 
using several statistical approaches (i.e., CEM, DID, 
and instrumental variable), we cannot be confident 
that our estimates are causal as we cannot randomize 
CWM tool adoption. Technology adoption is an endog
enous firm choice that may depend on unobserved fac
tors directly affecting the managerial hierarchy.

The construct operationalizations that we use have 
constraints, which arise inevitably from attempts to 
measure subtle organizational attributes in large sam
ples. Although we undertook several steps to check the 
validity and reliability of our measures, we acknowledge 
the possibility of imperfections. First, Managerial intensity 
is derived from a taxonomy built by Revelio that allo
cates employees to layers of seniority. Our ability to 
observe managerial roles in organizations depends on 
the likelihood that their employees have social media 
profiles and update them quickly when changing jobs. 
However, this problem should be less severe for within- 
firm year-on-year comparisons, which we perform in 
this paper by using firm fixed effects in all our regression 
models, as long as the propensity of managers to main
tain and update social media profiles remains consistent 
over time for the firms in our sample.

Additionally, although firms may differ in the num
ber of vertical layers, it is the partition into managerial 
and nonmanagerial layers that matters for our analy
sis. Online Appendix B2 discusses omission and com
mission errors, and it also reports additional analyses 
to address these concerns. Although the classification 
of employees into managers and nonmanagers may 
vary between firms, we also believe that the inference 

that we make by analyzing within-firm changes by 
including firm-fixed effects in our models is reason
able and represents systematic changes in the organi
zational structure based on CWM tool adoption. We 
also demonstrate that Revelio’s hierarchical layers 
strongly conform to the expected salary distribution 
(e.g., Caliendo et al. 2015), thereby increasing our con
fidence in the taxonomy.

Second, the validity of our decentralization mea
sures relies on the assumption that job postings repre
sent the actual role design within firms. However, this 
may be violated if the job roles that firms advertise do 
not accurately reflect the actual organizational struc
ture and if the firm does not hire employees to fill 
those roles. Mitigating these concerns, we found that 
interfirm variation exists in the decentralization mea
sures (Online Appendices B3.1 and B3.2), indicating 
that job postings are not purely promotional (i.e., 
intended to attract the best candidates to their organi
zation versus competitors) but rather reflect firm- 
specific characteristics in role design. We also found 
that the average values for these text-based measures 
moderate changes in managerial intensity over time 
(Section 4.1), showing that they have a strong correla
tion with other organizational measures. In Online 
Appendices B3.1 and B3.2, we further validate our 
decentralization measures and show that they corre
late with alternative measures from other databases 
that also reflect firm-level decentralization.

Third, our measure for CWM tool adoption assumes 
that mentioning a specific technology in job postings is 
a credible signal of its adoption within the organiza
tion’s technology stack (Goldfarb et al. 2023). We vali
date the measure by manually reviewing a subset of 
job postings (refer to Online Appendix B4 for exam
ples) and showing that it strongly correlates with 
technology adoption as measured using data from 
BuiltWith, an aggregator that tracks the use of technol
ogies on websites (refer to Online Appendix B4). Simi
larly, our results are robust to operationalizing CWM 
tool adoption by tracking all 14 CWM tools in the 
Gartner report by Drakos et al. (2023) (instead of the 
three main CWM tools that we focus on) from the job 
posting text (refer to Online Appendix D5.1). Further
more, we believe that given the similarities in features 
across different tools (as per Table A1.1 in Online 
Appendix A1), it is unlikely that the relationship 
between CWM tool adoption and managerial intensity 
would reverse for tools other than the ones that we 
track.

Crossfirm heterogeneity is another important factor 
to consider when interpreting our results. Firms may 
vary in their propensity to advertise jobs online for 
reasons spanning from a preference for internal devel
opment of human resources to slowdowns in hiring 
because of financial constraints. These factors may 
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also be cyclical and affected by trends specific to some 
geographies and industrial sectors. Similarly, firms 
may vary in their employees’ propensity to have 
social media profiles. Again, this heterogeneity may 
also be influenced by time-, industry-, and location- 
specific factors. Finally, firms smaller in size may be 
more limited in their ability to reduce managerial 
intensity following CWM tool adoption than larger 
ones. To address this, we control for these factors in 
the regression specifications that we use, and there
fore, our within-firm estimates show how the average 
firm evolves over time. We further conduct heteroge
neity analyses of estimates and find interindustry dif
ferences, which we report in Section 6.3. Finally, our 
sampling approach may limit the generalizability of 
our results. A firm is sampled only if featured across 
Compustat, Lightcast, and Revelio. Thus, the firms in 
our sample are larger than the other public firms 
tracked in Compustat.

7.3. Future Research
Building upon the results of this paper, future research 
could explore several possible avenues. First, as we sug
gest in the main theoretical argument, after adopting 
certain digital technologies, a reduction in managerial 
intensity can occur accompanied by greater centraliza
tion if the technology enhances the managers’ ability to 
supervise subordinates. Future research could empiri
cally test this claim by focusing on technologies enhanc
ing managers’ monitoring, supervision, and control.

The framework that we have developed in this 
paper can also be useful for assessing the impact of 
other emerging technologies. For instance, if artificial 
intelligence (AI) tools enhance managerial supervi
sory capacity, they may reduce managerial intensity 
while increasing the concentration of power among 
fewer managers, with no improvement in worker 
autonomy. On the other hand, if AI acts as a form of 
collaborative technology, primarily reducing the super
visory load, its effect should be similar to that observed 
in this study. It is also possible that AI increases the 
supervisory load on managers or diminishes manage
rial capacities given the complexities that it surfaces. 
This is likely true at least in the early stages of adoption 
of complex new technologies, highlighting the impor
tance of deep longitudinal data. In these cases, we 
might expect to see an increase in managerial intensity. 
Our analysis offers a comprehensive approach to sys
tematically investigating these possibilities.

Third, we demonstrate that CWM technology adop
tion is associated with an increase in decentralization; 
however, our job postings-based measures do not 
enable us to ascertain whether increased decentraliza
tion is accompanied by higher worker autonomy, 
empowerment, and satisfaction. Although we expect 
that to be the case on average, future research could 

empirically test this proposition. Fourth, future studies 
could further explore the links between organizational 
design and human capital using our measures. It is 
generally recognized that the structure and sorting of 
employees (based on skills and culture) interact to pro
duce organizational performance and behavior (e.g., 
Schein 1985, Bresnahan et al. 2002, Harrison and Car
roll 2006). However, large-sample analysis on this mat
ter is rare. Lastly, our reliance on the supervisory 
capacity-load match assumes that firms adopt techno
logical and structural decisions with the goal of opti
mizing future performance—a premise that future 
research could test by examining the performance 
effects directly.

7.4. Conclusion
Although many examples of less hierarchical organi
zations, such as Valve, FAVI, Morningstar, and Buurt
zorg (Hamel 2011, Laloux 2014, Felin 2015, Askin et al. 
2016), have been used to support the claim that tech
nology can enable less hierarchical organizing, others 
have argued that the effects of digital technology can 
be to increase the extent of hierarchy and centralization 
in organizations. A clear theoretical understanding of 
the mechanisms through which digital technologies 
affect the managerial hierarchy (as well as systematic 
large-scale evidence) has been scarce. Our research 
offers a general framework to think about the implica
tions of any digital technology on attributes of the hier
archy, such as managerial intensity and centralization, 
and it also demonstrates that collaborative work man
agement tools play a role in reducing managerial inten
sity and increasing decentralization in organizations.
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Endnotes
1 These are classified as collaborative work management tools by 
Gartner (“Market guide for collaborative work management,” pub
lished January 4, 2023, identification number G00761298; see 
https://www.gartner.com/document-reader/document/4022601).
2 Organizations can entail multiple and different hierarchies at the 
same time: Of knowledge and skill (e.g., Radner 1992, 1993; Gari
cano 2000; Seshadri et al. 2015), of task/decision interdependence 
(e.g., Baldwin and Clark 2000, Rivkin and Siggelkow 2007), and of 
containment and nesting (e.g., Simon 1962, Ravasz and Barabási 
2003); these may not coincide with managerial hierarchies.
3 Another stream of literature examines the links between organiza
tions’ production technology and managerial hierarchy. This research 
examines the complexity and decomposability of organizational 
activity systems—either by measuring the interrelationships between 
business segments (Zhou 2013), occupation classes within organiza
tions (Lawrence and Poliquin 2023), or by directly measuring product 
characteristics (Lee 2022). See also the theoretical arguments from 
Sanchez and Mahoney (1996), Baldwin and Clark (2000), and Ethiraj 
and Levinthal (2004).
4 Guadalupe and Wulf (2010) also measure investment in information 
technology (IT), which is even broader (hardware, software, and com
munication), and they do not find any significant effect on layers or 
span. They use Bureau of Economic Analysis data at the two-digit 
standard industrial classification (SIC) level to measure information 
technology and communications technology investment.
5 Although prior work excludes managerial count from the number 
of employees, a multilevel hierarchical arrangement of managers 
implies that lower-level managers can, in theory, also contribute to 
the supervisory load (Lee et al. 2023). We, therefore, study the ratio 
of managers to total number of employees, with robustness checks 
on measures that exclude managers from the denominator.
6 Examples of such tools include ActivTrak, Hubstaff, Insightful, Ter
amind, and TimeDoctor (see https://www.gartner.com/reviews/ 
market/employee-productivity-monitoring-software; accessed April 
15, 2024).
7 It is important to note that a decrease in managerial intensity may 
not only come from eliminating managers in a firm. It could also 
come from higher growth in the number of nonmanagers versus 
managers as, for example, seen in Penrose (1959).
8 For computer-aided manufacturing, see https://bit.ly/3XxvqQZ 
(accessed March 11, 2026). For computer-aided design, see https:// 
tinyurl.com/5n8ntd22 (accessed March 11, 2026). For intranet, see 
https://tinyurl.com/t9ws5xtn (accessed March 11, 2026). Estimates 
are converted to those at the end of 2022 given the size and com
pounded annual growth rates in the reports.
9 Other digital technologies exist that enhance firms’ collaboration 
besides CWM tools, such as workstream collaboration (WSC) tech
nologies (i.e., products that deliver a conversational workspace 
based on persistent chat divided into channels and that commonly 
include real-time meeting capabilities, basic file sharing, and possi
bly basic task coordination; e.g., Cisco Webex, Google Chat, Micro
soft Teams, and Slack) and content collaboration (CC) technologies 
(i.e., products that provide an easy way for employees to use and 
share content both inside and outside the organizations; e.g., Drop
box, Egnyte, Google Drive, and Microsoft 365). However, as detailed 
in Online Appendix A3, CC and WSC technologies offer only a sub
set of the CWM technologies’ features. We thus focus on CWM tech
nologies and exclude WSC and CC technologies because CWM 
technologies offer the most complete suite of tools for subordinates’ 

self-management. More details about these technologies are available 
in “Market guide for workstream collaboration” (published March 
30, 2021, identification number G00736832; see https://www.gartner. 
com/document-reader/document/3999988 (accessed April 10, 
2024)) and “Market guide for content collaboration tools” (published 
August 3, 2021, identification number G00728309; see https://www. 
gartner.com/document-reader/document/4004294 (accessed April 
10, 2024)).
10 Revelio also offers job postings data. Using the Revelio job post
ing data would have been ideal to avoid matching observations 
across different data sources (which we discuss in Section 3.3). 
However, this is not possible in the context of this study because 
the Revelio job postings data are only available starting from 2019 
(the end year of our sampling window).
11 We use the following employer name variables for the manual 
matching across the data sets: conml from Compustat, canonemployer 
from Lightcast, and employername from Revelio.
12 Lightcast job posting data are available until 2020, but we limited 
our sample to 2019 to avoid the confounding effect of the Covid-19 
pandemic.
13 In this paper, we use the 2022 version of the Revelio data. Since 
then, a new version of the data has been released with an updated 
seniority taxonomy that includes seven layers. As we describe in 
Section 5.2 and Online Appendix B2, we test the validity of our 
measure and the robustness of our results when we leverage the 
newer version of the Revelio seniority taxonomy to operationalize 
managerial intensity.
14 The Delegation seed keywords identified using prior research 
include ambiguous, autonomy, judgement, make decision, minimal 
direction, minimal supervision, problem-solving, resolve problem, 
take initiative, unstructured, and work independently.
15 This operationalization follows the Zhang (2023) distinction 
between top-down supervisory and lateral collaboration skills. 
Compared with skills such as supervision, mentoring, and leader
ship, the ones that we focus on for lateralization (i.e., communica
tion, collaboration, teamwork, negotiation, and presentation skills) 
are horizontal skills for lateral collaboration. We note that we mea
sure these for nonmanagerial jobs.
16 Table B5.1 in Online Appendix B5 summarizes all of the variables 
in the study and their operationalizations in the main analysis and 
robustness tests.
17 For the main specification, we prefer the stacked DID approach 
to the doubly robust estimator (Callaway and Sant’Anna 2021) 
because of its flexible implementation; it can be implemented as a 
simple two-way fixed effect model with recast data (see http:// 
www.gormley.info/phd-notes.html, chapter 7) and matching and 
triple-interaction terms. We use the doubly robust estimator as a 
robustness check.
18 Consistent with this, we also find that CWM tool adoption 
increases the outflow of individuals in managerial roles (Online 
Appendix E2).
19 We highlight that although adopting CWM tools leads to a stable 
decrease in managerial intensity over time (Figure 3(a)), adopting 
these tools has a less lasting effect on decentralization. This may be 
driven by the changing nature of the job postings that we leverage 
to operationalize decentralization. It may be the case that the higher 
levels of delegation and lateralization that we observe shortly after 
the CWM tool adoption may become the standard for the focal orga
nization, which thus ceases to mention those as part of job postings 
overtly. It may also be the case that higher levels of decentralization 
become the standard in a given industry when a large-enough num
ber of firms adopts CWM tools, thus reducing the likelihood for 
firms to require it explicitly in their job postings, independent of 
whether they adopt CWM tools or not.
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20 In Online Appendix D3, we also include results for matching 
CWM tool adopters and nonadopters on the same four-digit NAICS 
industry code.
21 In a four-layer hierarchy, the second-lowest layer is the first layer 
of supervisors above individual contributors (Caliendo et al. 2015), 
who may also have conflict resolution and decision-making duties, 
which are both considered under the purview of managerial jobs.
22 Measures for agile and cloud adoption are constructed using job 
postings that require “agile development” and “cloud computing” 
as skills based on the Lightcast taxonomy.
23 We cannot perfectly distinguish agile/cloud technologies from 
CWM tools. However, controlling for their adoption when testing 
the effect of CWM tool adoption on managerial hierarchy accounts 
for both cases where agile technologies are an omitted variable (i.e., 
a different set of tools from CWM tools, whose adoption is corre
lated with CWM tool adoption and a decrease in managerial inten
sity) or a mediator (i.e., a mechanism through which CWM tools 
impact managerial hierarchy). We further note that although the 
effect of CWM tool adoption on Managerial intensity is mostly 
unchanged when controlling for agile and cloud computing adop
tion (Table 4, model (1) versus model (2)), adding these controls 
reduces the effect of CWM tool adoption on Decentralization (Table 5, 
model (1) versus model (3) and model (2) versus model (4)).
24 Although we do not find any statistically significant change in 
Managerial intensity and Delegation because of agile adoption, we 
observe that Lateralization increases year on year. The increase is sta
tistically significant but does not appear to be affected by adopting 
the agile methodology as the rate of change is comparable before 
and after the adoption. We consider the increasing Lateralization 
consistent with the general shift that firms have recently experi
enced from bureaucratic to more collaborative organizational cul
tures (Zhang 2023).
25 All results reported in Section 5 about CWM tool adoption are 
statistically significant with a p-value of 0.1 or lower, whereas 
results for placebo tests and tests for alternative technology classes 
are not, as expected. Detailed results are available in the Online 
Appendix.
26 This further strengths the validity of our operationalization of 
CWM technology adoption, showing that CWM tools differ from 
potentially similar collaborative tools, such as CC and WSC tools.
27 We make three changes to the Deming and Kahn (2018) skill cate
gories. (1) We expand the project management category, labeling it 
business management to include additional related skills. (2) We 
combine the computer and software categories into one IT skills cat
egory. (3) We include an additional Strategic management skill cate
gory to cover skills that are related to business/corporate strategy 
(as these are not covered in any other category). Additional details 
are available in Online Appendix E3.
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