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Abstract

Organizational control of employees in firms can be characterized through the dimensions of
monitoring and employee autonomy, so that high organizational control is defined by high
monitoring and low employee autonomy. It is unclear whether progress in information and
communication technology leads to more or less organizational control. As a specific example,
we consider the widespread use of mobile information and communication technology (MICT)
in firms in recent years. Our theoretical and empirical analyses show that MICT leads to more
monitoring at all hierarchy levels but only boosts the autonomy of executives. Thus, MICT
has different effects on organizational control across hierarchical levels. Primarily executives
are granted autonomy to better utilize their higher human capital and to save labor costs
by offering them a preferred work-life balance. Overall, MICT fosters organizational control,
but the results on executives document that firms partially benefit from combining seemingly
contradicting management practices.
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“The telescreen received and transmitted simultaneously. Any sound that Winston
made, above the level of a very low whisper, would be picked up by it, moreover, so
long as he remained within the field of vision which the metal plaque commanded, he

could be seen as well as heard.” (George Orwell Nineteen Fighty-Four, p. 6)

1 Introduction

Technology has continued to reshape organizational structures and processes over time, which is
particularly true for advances in information and communication technology (ICT). In this paper,
we consider the impact of ICT on the organizational control of employees. High organizational
control is characterized by high monitoring intensity and a low degree of employee autonomyﬂ It
is an open question whether advances in ICT generally lead to more or less organizational control.
On the one hand, ICT can better reveal employees’ contributions to firm success and allow for
closer communication with superiors, which improves monitoring. On the other hand, ICT can
grant employees access to better knowledge (e.g., via the Internet), leading to more autonomy.
Since technological progress is an ongoing process, we have to clearly define the technological
change we want to address. As a specific case, we thus focus on the equipment of employees with
mobile information and communication technology (MICT) in recent years (e.g., smartphones,
tablet computers, and notebooks)ﬂ This application is also at the core of many technology-driven
debates on the optimal design of jobs in organizations (e.g., Garicano 2000, Caroli and Van Reenen
2001, Bresnahan et al. 2002, Acemoglu et al. 2007, Bloom et al. 2014, Labro et al. 2023).

The contribution of our paper is threefold. First, most of the previous studies on the orga-
nizational control of employees implicitly assume that more monitoring goes hand in hand with
less employee autonomy and vice versa, so that a firm consistently either increases or decreases its
organizational control. On the contrary, both our theoretical and empirical models also allow for
the possibility that high monitoring and a high degree of employee autonomy coexist in a comple-
mentary way. Hence, we see MICT as a potential driver for a simultaneous emergence of seemingly

contradicting management practices. Second, we explicitly take into account that MICT might

1For this characterization, see, for example, the industrial relations literature: “The greater the flexibility, the
greater the risk of opportunism, and vice versa, because it is assumed that flexibility requires greater worker
autonomy, which entails less organizational control” (Salesina 2025, p. 58, referring to Marsden 1999). A similar
characterization can be found in the management literature (e.g., Bloom et al. 2014, Langfred and Rockmann 2016,

van Triest and Wiliams 2024) and in the economics literature (e.g., Kala 2024).
2The importance of these MICT devices is highlighted by Kalyani et al. (2025), pp. 1319-1320.



entail different effects across hierarchical levels. Specifically, we distinguish between executives
(i.e., employees on managerial jobs with personnel responsibility) and non-executive employees in
terms of both MICT equipment and MICT impact on organizational control. In doing so, we
differ from studies that either consider the effects of MICT on organizational control between two
selected managerial levels or make no specific reference to hierarchical differences at aHE| Finally,
with regard to causal inference, we complement empirical studies on the effects of MICT on or-
ganizational control by accounting not only for conventional endogeneity problems (selection on
unobservables), but also for essential heterogeneity (selection based on unobserved gains). For this
purpose, we employ the estimation of marginal treatment effects (MTE) models. MTE estimation
provides us with important additional insights, as it allows us to estimate heterogeneous treatment
effects among firms that are more or less likely to equip their employees with MICT. To the best
of our knowledge, accounting for essential heterogeneity has not been applied in organizational
economics so far.

In our econometric analysis, we measure employee autonomy through the management practice
of working from home. Working from home provides employees with discretion by making use
of their local knowledge about various job-related aspects, including the optimal place for task
completion, the optimal timing of task completion (e.g., by allowing employees to adapt task
completion to their individual biorhythm), and the individual situation regarding work-life balance
(e.g., Bloom et al. 2015). Hence, a high degree of employee autonomy is given if an employee has
large discretion about deciding to work from home. We empirically measure monitoring intensity
through the use of appraisal interviews, target agreements, and performance evaluation. Thus,
we consider both input and output monitoring, with a high degree of monitoring being associated
with an intensive use of appraisal interviews, target agreements, and performance evaluation.

The two dimensions of organizational control (monitoring, employee autonomy) and employees’
MICT equipment can be expected to interact. For example, MICT enables easy access to important
information and supports video conferencing as an alternative to face-to-face meetings, which can
make working from home very cost-effective (Bloom et al. 2021). In addition, MICT promotes more
effective use of the benefits of autonomous working, such as getting work done while rested, saving
time on commuting between home and work, and saving labor costs by offering more attractive

jobs that provide a better work-life balance when working from home (e.g., Bloom et al. 2015).

3The latter studies are typically interested in a uniform average effect that is independent of hierarchical level.
Only Gerten et al. (2019) provide a rather descriptive analysis on MICT and workplace organization at the employee

level, thereby considering differences between hierarchical levels.



With regard to monitoring, MICT improves the communication between employees (in particular
with superiors), which leads to better performance evaluation. For example, communication via
smartphones, tablet computers and laptops provides the firm with better information on how
quickly and committed an employee reacts to new suggestions from colleagues or instructions
from superiors. In addition, MICT enables the firm to record an employee’s communication with
customers and suppliers, which further improves performance evaluation.

In the theoretical part of our paper, we consider a modified principal-agent model with hidden
action. At the beginning, the firm decides on autonomy, monitoring intensity and MICT equipment,
and offers the employee an incentive contract based on the firm’s performance appraisal system.
Thereafter, the employee decides between accepting or rejecting the contract offer and chooses
productive effort in case of acceptance. Our main theoretical results show that equipping employees
with MICT (i) has different effects on organizational control across hierarchy levels and (ii) leads to
a combination of higher monitoring and more autonomy as seemingly contradicting management
practices.

Result (i) on different MICT effects across hierarchy levels refers to more MICT equipment and
higher employee autonomy for executives than for non-executives. This finding can be explained
by the following rationale. MICT equipment has the same costs for both types of employees (e.g.,
costs for new smartphones and laptops), but lead to higher returns for executives due to their
larger human capital and higher-powered incentives. Hence, it is more profitable for the firm
to equip executives with MICT than non-executives. As this productivity effect is amplified by
higher working autonomy, the firm benefits more from applying autonomy to executives than to
non-executives. This different treatment of executives and non-executives is supported by a second
effect: Under the optimal incentive contract, only the participation constraint of the executives is
binding but not the one of the non-executives. Hence, granting executives autonomy and, thus, a
better work-life balance relaxes their participation constraint, which lowers the firm’s labor costs.
The same effect does not hold for non-executives, who earn a positive rent for incentive reasons.
A better work-life balance would only increase this rent.

Our theoretical results show that a better MICT equipment yields positive gains from higher
monitoring, both for executive and non-executive employees. In other words, MICT favors higher
organizational control in terms of monitoring for all employees irrespective of their hierarchical
rank. Thus, our main result (ii) on the combination of seemingly contradicting management
practices exclusively refers to the executives, for whom MICT is accompanied with more employee

autonomy but also with higher monitoring. The intuition for this finding can be explained as



follows. More autonomy particularly increases the productivity of executives due to their larger
human capital, and, in order to secure these productivity gains, higher autonomy is complemented
by increased monitoring. The exploiting and securing of higher productivity gains from executives
is also related to the firm’s induced incentives. In fact, our theoretical findings show that the firm
uses its performance appraisal system to offer higher-powered incentives to the executives rather
than to the non-executives.

In the empirical part of the paper, we test our theoretical predictions using large-scale rep-
resentative employer-level survey data from the German Linked Personnel Panel and the IAB
Establishment Panel of the years 2014 to 2018. Relying on MTE estimation methods that al-
low for identifying heterogeneous treatment effects, we estimate the causal effects of differences in
MICT equipment across hierarchical levels on employee autonomy and monitoring. To adequately
address the issues of both endogeneity and essential heterogeneity, we make use of an additional
data set, the INKAR database, and construct a composite instrumental variable (IV) based on
three geographical measures providing information about local population density and the number
of students in STEM disciplines. We show that this IV is positively related to technological inno-
vation, which argues for its relevance in promoting MICT equipment. To satisfy the assumption
of conditional independence, we leverage the technological domain of our IV and remove possible
contaminating effects, particularly agglomeration and labor supply effects, by using appropriate
control variables. The conditional independence of our IV therefore rests on the assumption that its
drivers are unrelated to the firms’ practices of organizational control after controlling for observable
confounders of agglomeration economies, labor supply, and other related firm- and district-level
characteristics.

Our empirical findings are consistent with the predictions of our main theoretical results (i)
and (ii). First, we can observe substantial differences across hierarchical levels in the equipment of
MICT, meaning that executive employees are much more equipped with MICT than non-executive
employees. Second, equipping employees with MICT results in different effects on organizational
control across hierarchical levels, where the effects for executives are more pronounced than those
for non-executives (result (i)). Third, firms use different combinations of employee autonomy and
monitoring in response to increasing MICT equipment. For executives, MICT equipment promotes
both employee autonomy and monitoring. In contrast, for non-executives, MICT only promotes
monitoring, not employee autonomy (result (ii)). These findings imply that MICT indeed fosters
organizational control of employees — at least in the monitoring dimension. Finally, we also find

differences between executive and non-executive employees with regard to the presence of essential



heterogeneity, which we observe more pronounced for executives (result (i)).

Our paper is related to the literature that analyzes the loss of control in hierarchies. Firms
often become large to generate economies of scale or scope. However, such firm growth will lead
to a loss of control if a hierarchy’s span of control increases. Williamson (1967), Calvo and Wellisz
(1978), Qian (1994), Acemoglu and Newman (2002), and Chen (2017), among many others, analyze
how limits on workers’ autonomy and optimal monitoring can increase organizational control and
finally results into optimal firm size. We add to this discussion by theoretically and empirically
investigating, how MICT influences organizational control via autonomy and monitoring.

Furthermore, our paper contributes to a broader discussion in the empirical literature whether
ICT leads to more centralization or to more decentralization in firms, which is comparable to
more or to less organizational control. This discussion includes both the analysis of organizational
design (i.e., interaction between organizational units like headquarters and divisions) and the
analysis of job design (i.e., interaction between superiors and subordinated employees within the
same organizational unit). Rajan and Wulf (2006), Acemoglu et al. (2007) as well as McElheran
(2014) focus on the ICT effects on organizational design. By contrast, the ICT effects on job
design are empirically investigated in Caroli and Van Reenen (2001) and Bresnahan et al. (2002).
The paper that comes closest to our study from this strand of literature is Bloom et al. (2014).
The authors use measures of both organizational and job design. The outstanding feature of this
study compared to all other empirical work is that the authors are able to separate information
technologies from communication technologies, which allows them to obtain separate effects on
centralization or decentralization within firms. An important difference to our study is that Bloom
et al. (2014) consider centralization and decentralization as substitutive management practices,
while our study does not preclude this approach, but additionally allows for the coexistence of
employee autonomy and monitoring to optimize organizational control (result (ii)). In addition,
Bloom et al. (2014) consider the ICT-induced shift of decision-making authority from corporate
headquarters over plant managers to non-executive workers, while we analyze the effects separately
for executive and non-executive employees (result (i)). Moreover, different to all these papers, we
extend the analysis by considering MICT (instead of ICT), which includes up-to-date technical
devices such as smartphones. Our paper is also related to Labro et al. (2023), who find that ICT
primarily entails centralization tendencies. However, in contrast to our paper, Labro et al. (2023)
exclusively focus on predictive analytics as a measure for ICT. Furthermore, the authors do not
explicitly distinguish between executive and non-executive employees.

Finally, we methodologically contribute to the empirical literature on the effects of ICT on



organizational control. Many studies in this strand of literature account in some way for the
endogeneity of their explanatory technology variables. Like us, Bresnahan et al. (2002), Acemoglu
et al. (2007), and Bloom et al. (2014) estimate instrumental variable models for this purpose.
However, none of these studies considers the case of essential heterogeneity. In contrast, by applying
MTE estimation approaches, we do not only account for the endogeneity problems that may be
associated with our MICT variables, but additionally address the case that the MICT effect on the
organizational control of executives and non-executives may vary across firms depending on their

individual willingness to equip their executives and non-executives with more or less MICT.

2 Theoretical analysis

We first present our theoretical setting for combining MICT equipment and the firm’s choice of
organizational control. In a second step, we solve for the firm’s optimal implementation of work
incentives, and analyze the relative gains from monitoring and autonomy that are induced by the

firm’s MICT.

2.1 Model

We consider a situation where a firm wants to hire an employee with monetary reservation value
@ > 0. As usually assumed in the principal-agent literature, the firm always prefers to hire the
employee as long as the latter chooses some positive effort. Both the firm and the employee are
assumed to be risk-neutral players. By exerting effort e > 0 the employee influences the long-term

returns of the firm. We assume that the employee’s contribution to these returns is described by
k-(14rl)-(1+ad)-y(e)- M (1)

with a,k,r >0, I € [0,1], A € {0,1}, and 0 < M < 1. The parameter k denotes the productivity
of the employee that is based on his knowledge or human capital. r indicates the returns from the
firm’s MICT equipment. The continuous variable I € [0,1] denotes the degree by which the firm
equips the employee with MICT. The higher the degree of MICT equipment —i.e., the larger I —the
more productive will be the employee at his job, because he can more intensely use a smartphone
and a laptop, which improves communication with customers, superiors and colleagues, and grants
the employee access to the Internet and, thus, to a huge source of useful information. The parameter

a reflects additional returns that accrue to the employee from receiving more autonomy — i.e., the



firm chooses A = 1 instead of A = 0. For example, working from home allows the employee a more
effective use of his effort by working when being rested and saving time for commuting.

The function y (e) > 0 measures the direct impact of effort on long-term returns and is assumed
to be monotonically increasing and strictly concave (i.e., ¥’ () > 0 and y” (¢) < 0). Furthermore,
we assume that y(0) = 0. Exerting effort e generates effort costs for the employee that are
measured in monetary terms by the function ¢ (e) with ¢’ (e),c” (e),¢” (e) > 0 and ¢ (0) = 0.

Finally, the discrete choice variable M indicates the intensity with which the firm measures
the employee’s performance, i.e., M percent of the employee’s tasks are evaluated by the firm’s
performance appraisal system, whereas the employee’s performance at the remaining 1— M percent
of his tasks is not recorded by the system. As a consequence, only at the M percent of his tasks
the employee works hard and exerts effort e induced by the firm’s incentive scheme, which will
be specified below. At the remaining 1 — M percent of his tasks, the employee chooses work-to-
rule — being normalized to e = 0 in our setting — to save effort costs so that, at these tasks, the
employee’s contribution to the long-term returns of the firm is zero. In the following, we will refer
to the variable M as the firm’s monitoring intensity. We assume that the firm can choose between
two different monitoring intensities, either a low intensity, My, leading to low monitoring costs
Ky > 0 for the firm, or a high intensity, My, with My > M}, leading to high monitoring costs
Kpg with K > Kj,.

The two variables A and M specify the organizational control that is optimally chosen by the
firm. If the firm prefers A = 1 to A = 0, it will implement high autonomy as management practice.
If the firm chooses M = My instead of M = M7y, it will employ a high monitoring intensity. The
combination (A, M) = (0, M) characterizes a firm with high organizational control. Concerning
monitoring intensity M, expression reflects that the firm’s performance appraisal system is
based on input and output monitoring.

Introducing MICT (i.e., I > 0) leads to costs [ -  for the firm with x > 0 (e.g., for buying and
introducing smartphones, laptops, and tablet PCs). MICT does not only increase the impact of
the employee’s effort on the returns for the firm via r. It also leads to less costly monitoring of
the employee, so that monitoring costs can be cut by the amount AK > 0 with AK < K. MICT
allows for easier performance evaluation, for example, because smartphones and laptops can be
used by the firm to chat with the employee via emails and communication software, which leads
to a better appraisal of an employee’s effective contribution to the firm’s returns.

Besides the additional returns from more effective working time (via a), granting the employee

autonomy (A = 1) is assumed to have two further implications. First, autonomy leads to a better



work-life balance for the employee, thus yielding extra utility Au € (0, @) for him, again measured in
monetary terms. Second, granting autonomy leads to a loss of organizational control as employees
enjoy higher discretion and assessing their work performance becomes more difficult. To capture
this effect, we assume that monitoring costs will rise by AK > 0 if the firm chooses A = 1 instead
of A = 0. Hence, the firm’s overall monitoring costs are K — AK - I+ AK - A if it employs a high
monitoring intensity, and Ky — AK - I + AK - Aif it employs a low intensity.

As describes the employee’s contribution to the long-term returns of the firm, it cannot
be used for incentivizing the employeeﬂ Instead, we assume that, for the M percent of the tasks
that are evaluated, the firm can make use of the imperfect but contractible performance signal
s € {s, 5}, with the probability of s = 5 being increasing in the employee’s effort level. Hence, the
observation of performance § is favorable information about the employee’s effort choice in the sense
of Milgrom (1981). In particular, we assume that P (s = §|e) = e, such that P (s =s|e) =1 —e.
To ensure that the firm always has imperfect information, the technical restriction ¢’ (e) = oo if
e — 1 is imposed.

The firm wants to maximize expected net profits, II (I, A, M), whereas the employee wants
to maximize the expected value of his net income, which comprises his wage w (s) minus effort
costs. By imposing the restriction w (s) > 0 for the wage function, we assume that the employee is
protected by limited liability, which excludes the trivial solution that the firm always implements
efficient effortﬂ In the following, we will use the parameters k& and @ to differentiate between
non-executive and executive employees. Due to more general or industry-specific human capital,
executive employees have higher values for k and % than non-executive employees.

The timing of events is the following. At the first stage of the game, the firm chooses I € [0, 1],
A€ {0,1}, and M € {M, Mg}, and then offers the wage contract (w (s),w (3)) to the employee.
At stage two, the employee observes the firm’s choices and accepts or rejects the contract offer.
Given that the employee has accepted, he chooses e at stage three. Finally, s is realized and

payments are made.

4 Alternatively, the employee’s contribution to the firm’s returns might be too complex to be directly measured

and verified by a court; see, e.g., Herweg et al. (2010).
5This assumption is often used in contract theory; see, e.g., Che and Yoo (2001), Schmitz (2005) .



2.2 Optimal incentives and the relative gains of MICT equipment

For given choices of MICT equipment, I, autonomy, A, monitoring intensity, M, and contract

(w(s),w(5)), at stage three the employee chooses effort e to maximize his expected utility
EU:=ec-w(s)+(1—e)-w(s)+Au-A—c(e). (2)
As this function is strictly concave, the first-order condition
w(8) —w(s) = (e) 3)

describes the firm’s incentive constraint for its contracting problem at stage one. Here, it maximizes

expected profits
k-(Q+rl)-(1+ad)-y(e) - M—e-w(s)—(1—e) w(s) (4)

—I-n—(K—AK~I+AK~A)

subject to the incentive constraint , the participation constraint FU > u, and the limited-

liability constraint w (§),w (s) > 0. We can define
R(e):=e-(e) —c(e),

which is an increasing and convex function with corresponding inverse R~!. The function R (e)
describes the employee’s expected utility under incentive compatibility and w (s) = Au = 0. In

addition, we can implicitly define é by
E(1+7rl)(14+aA)y (é)M = ' (é)

as the effort level that, for given I, A and M, maximizes the overall surplus. The solution to the

firm’s contracting problem can then be summarized as follows{’]
Proposition 1 Suppose the firm has chosen I € [0,1], A € {0,1}, and M € {Mp, Mg}.
(a) If u — Au- A < R(ef,)) with e,y being implicitly described by
k(L+rD)(1+aA)y (ef;))M = c(ef;)) + (s - " (efy))
the firm implements effort ez‘i) and has expected profit

Ty (I, A, M) = k(1 +rI) (1 + ad) y(efy) )M (5)
— ey - efy) — (K —~AK -1+ AK - A) — Ik.

6 All proofs are relegated to the appendix.
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(b) If R(ef;)) < u— Au-A < R(é), the firm implements effort ef;;) = R~ Y(u— Au- A) and has
expected profit

My (1, A, M) =k (1+7I) (14 aA) y(ef;;) )M (6)

—c(efii))—(K—AK~I+AK~A>—Iﬁ—(ﬂ—Au-A).

(c) If u — Au- A > R(é), the firm implements effort efm‘) = é and has expected profit

Moy (1A, M) = k(14 r1) (1 + ad) y(e)M ™)
—e(e) — (K—AK~I+AIA{.A) —Ir— (i— Au- A).

Optimal efforts can be ranked as 62‘1.) < ez‘ii) < e’(“iii).

Depending on the magnitude of the net reservation value, w — Awu - A, three cases can be distin-
guished. If & — Au - A is small as in result (a), the expected incentive pay will be so large that
the participation constraint is non-binding, so that the firm has to leave the employee the strictly
positive rent R(ez‘i)) —(a— Au - A)D As this rent measures the firm’s costs of incentivizing the
employee, under the optimal contract the firm implements the effort e’("i) that equates marginal
surplus, k(1 +rI)(1+ aA)y'(ef;))M — ¢'(e];)), and marginal rent, R'(e;)). If & — Au - A becomes
sufficiently large, the incentive constraint will not imply the participation constraint any longer
(result (b)). In that case, the firm has to offer the employee a lot of money to make him sign the
labor contract. This money is not paid as fixed salary to the employee but used as incentive pay
by the firm, which thus implements a higher effort level than in result (a): ez‘ii) > e’&.). If the net
reservation value @ — Awu - A further increases, the employee’s compensation will be so large that
the firm implements the effort level that maximizes overall surplus. In both results (b) and (c),
the firm exactly offers the amount of money to the employee that makes him just sign the labor
contract so that he does not earn a positive rent.

Recall that executive employees have higher productivity parameters k and higher reservation
values % than non-executive employees. Hence, the findings of Proposition [I] point out that the
firm implements higher efforts for executives than for non-executives: Given that high values of
k are used as an indicator for executives, our results show that the optimal effort levels eZ‘i), eZ‘ii),
and ez‘ii 0 weakly increase with k; if high reservation values serve as an indicator for executives, our

results show that ez‘i) corresponds to low values of @, effort e’{ii) corresponds to intermediate values

"The expression for the rent is obtained by inserting w (s) = 0 and w (8) = ¢/ (e) into EU — @ with EU being
described by 1’

11
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of @, and €liii) corresponds to high values of w with e

?i) < 622‘1') < ezkm)' All three effort levels are
weakly increasing with .

As the firm’s objective function shows, a direct comparison of the expected profits with
high and low monitoring intensity crucially depends on the specific parameter values and, hence,
cannot lead to new insights. In particular, a higher monitoring intensity My > M| yields higher
implemented effort but also higher monitoring costs Ky > K. A similar observation holds
for autonomy, as more autonomy increases the employee’s productivity via a, but also implies

additional costs from a loss of organizational control, AK. However, it is instructive to investigate

the relative gains from higher monitoring and more autonomy. For this purpose, we define
Alla(1,A) :=1¢ (I, A, My) — e (I, A, ML)
as relative gains from higher monitoring, and
Alle (I, M) :=l¢ (I,1,M) — ¢ (1,0, M)
as relative gains from more autonomy for case C' = (1), (i4), (ii1).

Proposition 2 MICT equipment has the following impact on profits and relative gains from mon-

itoring and autonomy:

(a) LTginy (I, A, M) > ZT0 5 (I, A, M) > 210 (I, A, M) and 5% ¢ (I, A, M) >0 for C =

algk
(2), (#4), (i11).
(b) ZAIlc(1,A) >0 for C = (i), (ii), (iii).

(c) %Aﬂ(i) (I, M) > 0 and %AH(M) (I, M) > 0. However, %AH(M (I,M) > (<)0 if a is

sufficiently large (small) compared to Au.
(d) Only expected profits W (I, A, M) and Iy (I, A, M) increase with autonomy via Au.

Recall that executives can be characterized by a higher reservation value @ or, alternatively, by a
higher value of the productivity parameter k& compared to non-executives. Thus, result (a) leads
to a very robust theoretical prediction. Irrespective of whether we use # or k in our analysis, it is
more profitable for the firm to equip executives with MICT than non-executives. Hence, if a firm
wants to improve its MICT, it should do so especially at higher hierarchy levels.

According to result (b), the relative gains from monitoring will rise if the firm chooses better

MICT equipment. Intuitively, MICT and monitoring are complements in — a higher monitoring
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intensity implies that the firm implements higher effort, which becomes more productive due to
MICT. Thus, in practice, we should observe that better MICT is accompanied by more intense
monitoring at both executive and non-executive levels of the hierarchy.

Result (c) addresses the impact of MICT on the relative gains from autonomy. The findings
are less clear-cut than those for monitoring. Whereas the relative gains from autonomy will be
boosted by MICT if @ takes low and high values, the relative gains are ambiguous for intermediate
values of . On the one hand, a large a makes autonomy more profitable for the firm. On the
other hand, high values for the extra utility from a better work-life balance, Au, induce the firm to
implement a lower effort level and, thus, render autonomy less profitable. All in all, in practice we
should expect a positive influence of MICT on granting employees more autonomy but this effect
should not exist for all employees.

Result (d) does not contain a new finding but summarizes an important observation from the
results of the previous Proposition Recall that autonomy can lead to two positive effects for
the firm. First, it increases an employee’s productivity (a). Second, it improves the employee’s
work-life balance (Au). As each optimal expected profit, Ilo (I, A, M), C = (i), (i), (i7i), increases
with a, the first effect holds for both executives and non-executives. The second effect, however, is
only relevant for employees with intermediate and high reservation values, that is, for executives.
The intuition is the following. Executives are costly to hire so that the firm has to offer a lot of
money to satisfy their participation constraints. Under the optimal contract, the firm just offers
the amount of money that makes the participation constraint bind in the cases (i) and (4).
Here, a higher utility from a better work-life balance helps to relax the participation constraint
so that hiring of executives becomes less costly for the firm. This argument does not hold for
non-executives, because they earn positive rents for incentive reasons, so that the profit generated
by them is independent of Au. Therefore, the second effect yields a higher advantage for the firm
from granting an executive autonomy. Altogether, if the employee has a high status in the labor
market in terms of his reservation value and, thus, clearly belongs to the group of executives, the
firm will stronger gain from granting this employee autonomy than a non-executive employee.

To sum up, Proposition [2| highlights the interplay of MICT equipment and optimal organiza-
tional control, leading to two main findings. (i) Equipping employees with MICT has different
effects across hierarchy levels. The firm benefits more from equipping executives with MICT
than non-executives. In addition, the firm strongly favors autonomy for executives but not for
non-executives. (ii) Equipping employees with MICT leads to a combination of seemingly contra-

dicting management practices. In particular, it is optimal for the firm to employ high autonomy
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(i.e., low organizational control) and high monitoring (i.e., high organizational control) to execu-
tives. This combination is optimal for the firm, because a high monitoring intensity secures the
large productivity gains of executives stemming from high human capital and autonomy, which are

further amplified by a higher MICT equipment.

3 Data and variables

The dependent and treatment variables of our empirical analysis stem from two data sets: the
employer survey of the Linked Personnel Panel (LPP) and the IAB Establishment Panel. The LPP
is a linked employer-employee data set on human resources, corporate culture, and management
practices in German firms (Kampkotter et al. 2016). It is representative for German firms with 50
and more employees in the manufacturing and service sector. Since its initial launch in 2012, the
LPP employer survey has been sent to recipients every two years. The data from the corresponding
employee survey is collected in the subsequent uneven years, starting in 2013. Our empirical
analysis makes use of the data from 2014, 2016, and 2018, i.e., panel waves 2, 3, and 4E|

All waves of the LPP can be merged with the data from the German TAB Establishment Panel.
The TAB Establishment Panel is an annual survey of over 15,000 firms of all size classes and in-
dustries, which ranks it as being the most comprehensive establishment-level data set in Germany
(Fischer et al. 2009). The firms are selected from a parent sample of all German firms employing
at least one employee covered by social security. This parent sample can be considered complete
because firms in Germany are required by law to report the number of employees covered by so-
cial security. The IAB Establishment Panel is approximately proportional to the national level of
employment and therefore representative for the German economy. It provides us with additional
firm-level information, such as employment and workforce structure, wage bills, sales, investments,
international trade, product and process innovations, organizational change, and worker represen-
tation. The LPP companies are drawn as a sub-sample from the TAB Establishment Panel.

A special feature of the LPP employer survey is that, unlike other firm-level data sets, infor-
mation is available separately by hierarchical level for both our treatment and outcome variables.
This additional information enables us to enrich the ongoing debate on the influence of MICT on

organizational control with the hierarchy aspect.

8We leave aside the information collected during the COVID-19 pandemic period (panel wave 5 from 2020) in
order to avoid possible pandemic-related biases in our estimation results. In panel wave 1, information on our core
variables was not collected. In the most recent panel wave 6, there is only information on the monitoring variables,

but none on working from home and MICT.
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3.1 Measuring MICT equipment

We measure the firms’ MICT equipment by making use of the employers’ responses to the survey
question 'What percentage of employees with and without managerial responsibility has your estab-
lishment/office equipped with mobile devices such as smart phones, tablet computers or notebooks
capable of establishing an Internet connection via the mobile network?’. Smartphones, tablet com-
puters, and notebooks are still the most frequently used forms of MICT in firms. Information on
MICT equipment across hierarchical levels is available in all considered panel waves.

Table [I] shows that the proportion of executives and non-executives equipped with MICT has
steadily increased and that executives are equipped with MICT much more frequently than non-
executives. In 2018, for example, 75 percent of executive employees were equipped with MICT,
but only 19 percent of non-executive employees. This finding is consistent with our theoretical
result (a) of Proposition 2, according to which firms find it more profitable to equip executives
with MICT than non-executives.

Since our MTE estimation approach introduced in Section[d]requires binary treatment variables,
we binarize our MICT variables by dividing the firms into a treatment and a control group based
on the extent to which they equip their executives and non-executives with MICT. To keep both
groups roughly equal in size, we choose the respective median of MICT equipment for executives
(h = E) and non-executives (h = NFE) per time period ¢ as the threshold, thus separating firms
with high MICT equipment levels (MICT" = 1) from firms with low MICT equipment levels
(MICT" = 0). Hence, our MICT treatment variables are defined as
1 if mict" > micth .

MICT" =

0 if micth < micth
where mict" denotes our original MICT variable measured in percentages and mict? . represents
the median of the mict"-distribution. In the following, we refer to the treatment group as MICT-
friendly and the control group as MICT-averse. The binarization of multivalued (treatment) vari-
ables is quite common in the MTE literature and is done, for example, in the studies of Cornelissen
et al. (2018) and Bhuller et al. (2020).

In our theoretical model, we argue on the one hand that equipping employees with smart-
phones, tablet computers and notebooks makes monitoring less costly, because firms can use these
mobile devices as communication tools, which simplifies performance evaluation. On the other
hand, however, technologies that promote online information processing, online communication

and virtual collaboration among employees are also likely to support work processes that can be
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Table 1: Descriptive statistics of the key variables

Variable Wave Hierarchy Mean Std. dev. Range N

Mobile information and communication technology

MICT equipment 2014 Executives 66.07  42.09 0-100 760
(micth) Non-executives 13.76 ~ 23.55 ~ 0-100 749
2016 Executives 74.20 38.94 0-100 830
Non-executives 16.49 25.42 0-100 809
2018 Executives 74.80  38.79 0-100 759
Non-executives 18.74 25.79 0-100 744

Monitoring
Appraisal interview 2016  Executives 62.71 46.94 0-100 831
(interview™) Non-executives 49.11  45.66 ~ 0-100 825
2018 Executives 57.88  47.98 0-100 752
Non-executives 46.97  45.46 0-100 748
Target agreement 2016 Executives 52.38 48.06 0-100 837
(targeth) Non-executives 21.52  37.21  0-100 828
2018 Executives 46.74  47.79 0-100 756
Non-executives 20.60 36.49 0-100 751
Performance evaluation 2016 Executives 52.74  49.25 0-100 829
(evaluation™) Non-executives 45.30 4548  0-100 829
2018 Executives 47.69 49.00 0-100 751

Non-executives 44.75 46.25 0-100 755

Employee autonomy

Working from home 2014 Executives 17.05 34.51 0-100 757
(wfhh) Non-executives 6.46 19.68  0-100 757
Working from home (D) 2016 Executives 12.54  31.18  0-100 729
(wfhP:h) Non-executives 6.44 21.68  0-100 733
Working from home (P) 2016 Executives 2.64 14.21  0-100 722
(wfhPh) Non-executives 0.55 6.27 0-100 724
Working from home (C) 2016 Executives 10.12 27.24 0-100 741
(wfhCh) Non-executives 4.72  17.41  0-100 746

Source. Linked Personnel Panel 2014/2016/2018, employer survey. Own calculations.
Notes. In 2016, information about working from home is given for three functional departments, i.e.,
(D) distribution and marketing, (P) production, (C) cross-departmental function, administration, and

service. N denotes the number of observations. Std. dev. abbreviates standard deviation.
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done at home. Hence, the MICT" variables focus on technologies that are expected to be closely
related to our measures on organizational control, i.e., monitoring and employee autonomy in the

form of working from home.

3.2 Measuring monitoring

In panel waves 3 and 4 of the LPP employer survey, firms are asked about the prevalence of
management practices applied in the context of employee performance appraisals, separately for
executives and non-executives. Specifically, the survey questions relate to the percentages of em-
ployees, who are subject to (a) annual structured appraisal interviews (interview), (b) written
performance target agreements (target), and (c) annual performance evaluations (evaluation).

Each of these practices can include components of both input and output control. In this
respect, our variables can also incorporate the results of electronic monitoring and human resource
analytics, which may be the first intuition when associating MICT equipment with monitoring.
We regard the three practices of performance appraisal not in the sense of a reduction of employee
autonomy, but in the sense of hierarchical feedback or reward and sanction mechanisms, which is
why we define these practices as monitoring. Table [I|shows for all three monitoring practices that
executive employees are affected more frequently than non-executive employees.

To create an overall measure of monitoring, we aggregate the percentages from the survey ques-
tions into a composite measure MON", h € {E, N E}, by making use of the double-standardization
approach as applied, for example, in Bresnahan et al. (2002) and Tambe et al. (2012). The re-

sulting variable can then be written as
MON" = STD{STD(interview") + ST D(target") + ST D(evaluation™)} .

By construction, MON" has zero mean and unit variance and can be interpreted as the firms’
intensity to monitor their executive and non-executive employees. According to our theoretical
model, MICT" and MON" are complements in the firm’s returns, implying that better MICT
equipment is associated with more intense monitoring. We expect that this applies to both exec-

utives and non-executives.

3.3 Measuring employee autonomy

We measure the degree of employee autonomy based on the percentage of executives and non-
executives who can make use of the option to work from home. Working from home is a man-

agement practice that grants employees discretion over their place of work and their allocation of
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working time (e.g., Bloom et al. 2015, Beckmann and Krékel 2022). As such, working from home
has the potential to improve employees’ work-life balance, but it can also make it more difficult to
monitor employees. Overall, this leads us to refer to working from home as a corporate policy of
employee autonomy.

Information on the prevalence of working from home is available in panel waves 2 and 3 of
the LPP employer survey. It is important to note that in wave 3 the respective question in the
questionnaire was modified. Instead of asking about the overall percentage, respondents were asked
about the proportion of working from home in the functional areas of distribution and marketing
(wfhP), production (wfh?), as well as cross-departmental function, administration and service
(wfh®). The descriptive statistics are displayed in Table We can see substantial differences
between executives and non-executives, with executives having more opportunities to work from
home than non-executives.

To construct an overall variable measuring the intensity of working from home, we proceed in
analogy to the composite monitoring variable by applying the double-standardization approach.
The resulting variable W FH" can then be generated as

— STD(wfhh) if ¢ = 2

STD{STD(wfhP ") + STD(wfhP") + STD(wfh®")} ift=3,
where ¢ is a time index. Again, WFH" has zero mean and unit variance.

In our theoretical model, we find that firms are more likely to benefit if they increase the
autonomy for executives rather than the autonomy for non-executives in response to an increase
in MICT equipment. This is because autonomy yields higher productivity gains for executives and
it only relaxes the participation constraints of executives. Consequently, we expect that equipping
employees with MICT will have a mixed effect on employee autonomy, primarily increasing the

autonomy of executives but not the autonomy of non-executives.

4 Identification strategy

Our identification strategy relies on the estimation of marginal treatment effects (MTE). Specif-
ically, we estimate the MTE of MICT equipment on monitoring and employee autonomy in the
form of working from home, separately for executive and non-executive employees. MTE estima-
tion allows us to account not only for unobserved heterogeneity or endogeneity (often referred to

as selection on unobservables), but also for essential heterogeneity (also referred to as selection on
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unobserved gains).

4.1 A generalized Roy model framework

The methodology of MTE estimation dates back to Bjorklund and Moffitt (1987) and has been
steadily developed by Heckman and Vytlacil (1999, 2001, 2005, 2007), Heckman et al. (2006a),
Brinch et al. (2017), as well as Mogstad et al. (2018), among othersﬂ The starting point of our

MTE estimation is the potential outcomes model for the determination of organizational control
OC! = Xpy + U (8)

oC = xph + U, (9)

where OC Jh € {MON Jh, WFH jh} (j =0,1) is modeled as a linearly separable function of observed
characteristics X and unobserved factors U jh. Since the potential outcomes OCT and OC{ cannot
be observed together for the same firm, the observed outcome OC™ depends on the treatment

status MICT" and can thus be expressed by the switching regression model
OC" = (1 - MICT")-OC} + MICT" - OC} = OC} + (OC} —oClk) - m1CT" . (10)

Participation in the treatment is determined by a firm’s latent desire to belong to the group of
MICT-friendly (MICT" = 1) rather than the group of MICT-averse (MICT" = 0) firms, which
itself depends on observables Z = [PDS, X| and unobservables V', so that

MICT"* = z¢h —vh | where MICT" =1 [MICT"* > 0] =1[2¢" > V", (11)

and PDS is a valid instrumental variable (IV), which will be introduced in the following Section
Hence, a firm belongs to the group of MICT-friendly firms if Z¢* > V", Due to the negative
sign in selection equation , V" can be interpreted as unobserved resistance to treatment or
cost of participation (e.g., Heckman and Vytlacil 1999, Cornelissen et al. 2016 ). Since the model
structure allows the treatment MICT" to depend on OC} and OCE, the error terms in , @,
and ([11)) are correlated conditional on observables, i.e., U [ UP J V| X (Heckman et al.
2006a, Brinch et al. 2017), which manifests the issues of endogeneity and essential heterogeneity.

Given that V" is continuously distributed, selection equation can be expressed as p" >
Unicrn, where p? = Pr(MICT" = 1|Z) = P"(Z) is the propensity score representing the

probability of taking the treatment based on observables, and Ujp;ropn is uniformly distributed

9An excellent survey on MTE estimation is provided by Cornelissen et al. (2016). For a more general overview

on the estimation of treatment effects using instrumental variables, see Mogstad and Torgovitsky (2024).
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between 0 and 1 by construction representing the quantiles of V" (Brave and Walstrum 2014,
Cornelissen et al. 2016). Hence, firms will take the treatment (MICT" = 1) and thus select
themselves into the group of MICT-friendly firms if their observed encouragement for treatment
p" does not fall below their unobserved resistance for treatment Uy ;opn.

By using a binarized treatment variable MICT", we explicitly address a type of selection
mechanism in which firms assign themselves to a treatment or control group, depending on whether
they provide MICT to a high or low proportion of their executives and non-executives. This
selection mechanism affects our identification strategy in two ways. First, firms are unlikely to
select themselves randomly to the treatment or control group, but in systematic ways that have
an influence on organizational control. Second, the selection mechanism is unlikely to be based
on observable characteristics alone, but also on the firms’ expectations of their gains from the
treatment or their resistance to treatment, which is unobservable to the researcher. The MTE
framework allows us to address these issues and estimate heterogeneous treatment effects in the

presence of self-selection (Cornelissen et al. 2016, Andresen 2018).

4.2 Instrumental variable (IV) and identifying assumptions

To find a valid IV for MICT equipment, we follow the growth model developed by Galor and Weil
(2000). In this model, technological progress is determined by population size and human capital
(see also Klasen and Nestmann 2006). We refer to these determinants by combining variables
that capture regional population size on the one hand and regional labor supply on the other,
when specifying our IV. More precisely, our IV combines district-level information on population
density, i.e., the number of inhabitants per square kilometer, and the number of students in science,
technology, engineering, or mathematics (STEM disciplines). The latter can be interpreted as a
measure of the future labor force potential in high-skilled technology-related occupations and thus
as a special case within the theoretical framework of Galor and Weil (2000)@

The approach of constructing IVs by using regional-level information is quite common in the
empirical literature and has been applied, for example, in Dewan and Kraemer (2000), Bloom et al.
(2012a), and Tambe et al. (2012). We use the so-called INKAR database to gain the information
necessary to construct our IV (as well as most control variables). The INKAR data is available at

the district level, which allows us to merge the data with our firm-level observational data via the

10Similar to us, Basher and Lagerlsf (2008) proxy human capital by the number of employees who are employed

in science and technology occupations where tertiary education is usually required.
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district identifier [

To address the skewed distribution as well as the wide value range of both the population-density
variable pdy and the STEM-students variable stemy, we follow Kitamura and Lagerl6f (2020) and
take the natural logarithm of both variables, thus generating the variables PDj, = In(pdy + 1) and
STEM), = In(stemy, + 1), where k indexes the 401 German districts. We have access to a second
variable providing information on population density, so we additionally use this information to
construct our IV. This second variable Dtypey is an ordinal variable ranging between 1 and 4,
where 1 indicates a sparsely populated rural district, 2 represents a rural district with densification
tendencies, 3 stands for an urban district, and 4 indicates a district-free large city. Hence, by
highlighting the dichotomy between urban and rural areas, Dtypey provides us with information
on the type of districts. Unlike population density, Dtypej. explicitly emphasizes the fact that the
levels of population density are higher in cities than in rural areas (Kitamura and Lagerlof 2020).

Obviously, PDy, and Dtype;, are highly positively correlated by construction. Moreover, since
universities (of applied sciences) are usually located in large, densely populated cities, ST EMy, is
also likely to be highly correlated with PDy and Dtypey. To avoid serious collinearity problems
and in analogy to our dependent variables on organizational control, we construct our composite

IV by making use of the double standardization approach, i.e.,
PDSy, = STD{STD(PDy,) + STD(Dtypey,) + STD(STEM})} .

Again, PDS} has zero mean and unit variance by construction. The summary statistics of the
variables entering our IV can be found in Table 2]

To be able to interpret the MTE estimates in terms of causal inference, the identifying assump-
tions of instrument relevance, conditional independence, monotonicity, and additive separability
must be satisfied (e.g., Vytlacil 2002, Heckman and Vytlacil 2005, Heckman et al. 2006a, Cornelis-
sen et al. 2016).

(i) Instrument relevance

Our relevance condition can be expressed formally as E[MICT!—~MICT" | X] # 0, where MICT!
is a binary indicator for the potential treatment status of a firm for instrument value PDS = z, with
z and 2’ representing any pair of values of PDS. To explain the relevance of our population density
variables PD;, and Dtype;, for the MICT affinity in firms MICT", we resort to agglomeration

economies and economic growth theory (e.g., Galor and Weil 2000, Klasen and Nestmann 2006,

Detailed information about the INKAR database can be found at https://www.inkar.de.
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Table 2: Descriptive statistics of the variables entering the instrumental variable

Variable Wave Mean Std. dev. Min—Max N

Population density (pd) 2014  700.15 887.09  36.5-3,837.5 721
2016  751.11 944.79  36.3-4,668.1 846
2018 754.28  929.92  36.8-4,055.0 769

District type (Dtype) 2014  2.67 1.07 1-4 719
2016 2.64 1.10 14 844
2018 2.65 1.11 1-4 769

STEM students (stem) 2014 5,053.83 11,696.96 0-63,759 721
2016 5,991.43 13,148.33 0-67,414 846
2018 5,869.13 12,970.27  0-69,967 769

Source. INKAR database. Own calculations.

Notes. N denotes the number of observations. Std. dev. abbreviates standard deviation.

Bolter and Robey 2020). This literature argues that denser markets facilitate the creation of
knowledge about the use of new technologies, help to reduce communication costs, and increase
market size as well as the demand for innovation. To explain the relevance of the ST FE M-
component of our instrument PDSj, we build on the impact of changes in the relative supply of
skilled labor on the use of new technologies (e.g., Acemoglu 1998, 2002, Kiley 1999, San 2023). This
literature emphasizes a market size effect, according to which a relative increase in the expected
future supply of employees with STEM qualifications promotes the diffusion of technologies that are
complementary to these qualifications. Bolter and Robey (2020) combine these lines of reasoning
and note that firms located in densely populated areas have access to a large labor market, and are
thus more willing to invest in new technologies such as MICT. Hence, we expect that our composite
P DS-instrument will be a relevant driver of equipping both executive and non-executive employees
with MICT. In Section[AT.1]of the Supplemental Appendix, we provide a more extensive discussion
on the relevance of our IV. In Section [A21] we empirically test the assumption of instrument

relevance.

(ii) Conditional independence

The conditional independence or unconfoundedness assumption requires that our PD S-instrument
is statistically independent from the unobserved error terms in the outcome equations and @[) as
well as the selection equation , conditional on a set of covariates X, i.e., PDS L (U}, Ur, VH)| X .

Not least because of our reasoning on instrument relevance, the assumption of strict exogeneity
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or unconditional independence of PDS seems unrealistic, even if we take into account that our
dependent variables do not measure, for example, the productivity of a geographical location or
related regional outcomes, but the firms’ level of organizational control. In the absence of an IV
that is not completely random, the only way for us to exploit exogenous variation in our IV is to
use appropriate control variables that help satisfy the exclusion restriction by cleaning up PDS
from those agglomeration, labor supply, and other confounding effects on MON" and WFH"
that go beyond the direct technology-related effect of PDS on the treatment variable MICT".
Our set of control variables comprises both firm-level information collected in the LPP employer
survey and the IAB Establishment Panel as well as district-level information stemming from the
INKAR databaseE Each of the control variables included serves the purpose of eliminating influ-
ences that drive changes in the PD.S instrument, which are not unrelated to the firms’ practices
of organizational control, without removing the technological information from PDS E In Section
of the Supplemental Appendix, we extensively discuss the set of covariates that we include in
our econometric models to extract PDS from potentially contaminating regional and firm-specific
confounders. In Sections and we provide suggestive evidence on the validity of the con-
ditional independence assumption and the exclusion restriction for a binarized treatment variable.
In Section [A35] we relax the exclusion restriction and test the consequences of slight violations of

the exclusion restriction on the estimated parameters.

(iii) Monotonicity

The monotonicity or uniformity assumption requires that all firms altering their treatment status
in response to an IV-change from PDS = z to PDS = 2’ are either all moved into treatment or
out of treatment, i.e., MICT? > MI CTZh/ or vice versa. Hence, firms that are already MICT-
friendly when located in districts with relatively low values of PDS remain MICT-friendly when
PDS increases and vice versa for MICT-averse firms. Thus, monotonicity rules out the existence
of defiers, i.e., firms that do not react in conformity to the instrument but instead always respond
to a change in the instrument in one direction by changing their MICT equipment in the opposite

direction. In our case, monotonocity is an intuitively plausible assumption on its own, as it is hard

12The descriptive statistics of all firm-level and district-level control variables can be found in Table in Section

E of the Supplemental Appendix.
3Deuchert and Huber (2017) describe a second reason for the use of control variables in the IV context. The

IV affects more than one (treatment) variable that is associated with the outcome variable. Since we distinguish
between the MICT equipment of executives (MICTF) and non-executives (MICTNE) in our analysis, this motive

is also important for us to be able to achieve instrument exogeneity.
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to imagine why firms should switch from MICT-friendly to MICT-averse just as the IV components
of population density and the number of STEM students start to increase. Assuming monotonicity
is necessary, because MTE estimation aims at identifying heterogeneous treatment effects across
firms rather than a constant causal effect (Bhuller et al. 2020). The monotonicity assumption can

be tested, which is done in Section of the Supplemental Appendix.

(iv) Additive separability

Since our PDS-instrument is very unlikely to generate full support of the propensity score in both
treated and untreated samples within each cell of X, we finally impose the assumption of additive
separability between the observed and unobserved parts in the linear potential outcome equations
and @, conditional on Uy;rore = uprrorn, i€, E[OC’]}? | X = «,Upyrcre = uprore] =
X ﬁ]h + E[U ]h | Urrrorn], where j = 0,1. The additive separability assumption allows us to identify
the MTE over the common support of the propensity score, unconditional on X. It has two
implications. First, the MTE are additively separable in U,;;or» and X. Second, the shape of the
MTE, i.e., the way in which U} and Ué’ are interrelated with V", does not depend on X (Andresen
2018).

4.3 Marginal treatment effects (MTE) estimation

The MTE definition requires the specification of the conditional expectations of UJ* and U} (Brinch
et al. 2017), i.e.,
kj(phvx):E(Uj|X:x7UMICT" :ph)7 j:()vlv (12)

and

k(p",z) = ki(p", @) — ko(p", ) = E(Uy — Uo | X = 2, Upgrern = ') - (13)
Applying and the additive separability assumption, gives the MTE definition as the expected
treatment effect conditional on X and Uysrorn, ie.,

MTE(x,ph) = E[OC{I - OC(’{ | X =2, Uprorn = Ph] = X(ﬁ? - 5(})1) + k(Ph>$)~ (14)

Under the identifying assumptions introduced in Section the MTE in is defined as the
treatment effect at a certain value of Uy;rorn (Cornelissen et al. 2016). It is additive separable
into an observed component X (3% — %), which is the gain of the decision of the average firm with

observed characteristics X to select itself into the group of MICT-friendly firms (heterogeneity in
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observables), and an unobserved component k(p”,r) measuring the idiosyncratic gains in organi-
zational control for this average firm, conditional on X and the unobserved propensity not to be
treated U;pn (heterogeneity in unobservables). Since conditioning on Uj;jcrn = pP is equivalent
to conditioning on the intersection of P"(Z) = p" and MICT" = 0, the MTE defined in can
be interpreted as the average effect of treatment for firms who are indifferent between participation
in treatment and non-participation (Cornelissen et al. 2016, Brinch et al. 2017).

MTE estimation can be realized by applying the local instrumental variable (LIV) approach
described in Heckman and Vytlacil (1999) among others, or by the separate approach developed
in Heckman and Vytlacil (2007). In our empirical analysis, we apply the separate approach that
identifies the observed and unobserved components X ,3;? + k;j(p", x), ( = 0,1), separately for the
treated and untreated firms (Brinch et al. 2017). The reason for preferring the separate over the
LIV approach is the higher vulnerability of the LIV approach to misspecification. For example,
Andresen (2018) shows that LIV is quite sensitive to the choice of the estimation method for
the selection model. Furthermore, LIV turns out to be very sensitive to the specification of the
covariates in X when estimating the slope of the MTE curve (Devereux 2022).

Applying the separate approach allows the potential outcome equations and @ to be
expressed by the conditional expectations of OCP and OC¥ given P"(Z) and X (Heckman et al.
2006b, Brave and Walstrum 2014, Cornelissen et al. 2016, Brinch et al. 2017, Andresen 2018,
Devereux 2022), i.e.,

E[OC} | PMZ) =p", X =&, MICT" = 1] = X} + K, (p", z) (15)

E[OCh | PM(Z) =p", X = 2, MICT" = 0] = X5 + Ko(p", z), (16)

where Ky (p",2) = E[U} | Uprropn < p, X = 2] and Ko(p",2) = E[UY |Upyrorr > p", X = 2]
denote the confounding endogenous variation in the error terms of the outcome equations and

@. Following Brinch et al. (2017), differentiating K; and K, with respect to p" and rearranging

results in
0K, (p", x
k1<ph7x) :phla(;))h)""Kl(phax) (17)
and
aKo(ph,(E)

ko(p", ) = —(1 - p") + Ko(p", z). (18)

oph
MTE estimation can be performed using both parametric and semiparametric methods. We
estimate both parametric normal and semiparametric MTE models, where we make use of the

former in our baseline specifications and the latter in our sensitivity analysis.
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4.4 Parametric normal MTE model

In addition to the identifying assumptions mentioned earlier, MTE estimation under the parametric
normal model requires a trivariate normal distribution for the error terms in equations , @,
and (11)), i.e., (USL7 Ulh, V”) ~ N(0, %), where ¥ is the variance-covariance matrix of the three error
terms and the variance of V" is normalized to 1 (Heckman et al. 2006b, Brave and Walstrum 2014,
Cornelissen et al. 2016). In the parametric normal model, MTE estimation is based on outcome

equations and 7 where K7 and K| are given by

h
Ko a) = ol g = oA (19)

h
Kolr" ) = g <I>(ph¢;((]i 1 ")

= oA - (20)
Here, ¢ (®) is the probability (cumulative) density function of the standard normal distribution, p?
(ph) denotes the correlation coefficient between UJ* and V" (U} and V*), and A% and A} represent
the inverse Mills ratios (Heckman et al. 2006b, Brave and Walstrum 2014, Cornelissen et al. 2016,
Andresen 2018).

The assumption of a trivariate normal distribution for U}, U, and V" allows us to estimate

the MTE over the range of P"(Z) € (0, 1), thereby applying a two-step control function procedure.
The first step is a probit maximum likelihood (ML) estimation of the selection mode]lﬂ

MICT" = Z¢h 4+ (21)

From the parameter estimates of (21)), we calculate estimates of the inverse Mills ratios A and A2,

and add these estimates as control functions to equations and @D resulting in
OCk = XB + K1 (p", @) + UP = XBP + pl AT + ult (22)
OCh = Xl + Ko(p", ) + Ul = X8 + ph Nt + | (23)
where u and ul! are analogous to v". In a second step, MTE estimation of equations and

using the separate approach of the parametric normal model leads to (see Brinch et al. 2017,
Andresen 2018, Devereux 2022)

MTEpy(z,p") = X(B = By) + k1(0", ) — ko(p", ) = X(BY = B5) + (51 — pe)@~ ' (0") . (24)
Essential heterogeneity in the form of positive (reversed) selection based on unobserved gains would

be indicated by p% < pt (p? > pk), while p%* = pi! would indicate no selection on unobserved gains

(Heckman et al. 2006b, Cornelissen et al. 2016).

14The substitution of V" for v" is a consequence of equivalence between the latent index model in (11)) and the

reduced form .
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5 Empirical results

This section comprises the results of our empirical analyses, starting with direct and suggestive
tests of the identifying assumptions in Section [5.1] and ending with a series of robustness checks
for our baseline MTE estimates in Section A detailed representation can be found in Sections
and of the Supplemental Appendix. The main part of this section is devoted to the results
of our MTE estimation approach displayed in Section

5.1 Assessment of instrument validity

To obtain meaningful and reliable treatment effect estimates from MTE estimation, the validity
tests must be consistent with the respective identifying assumptions. While the assumptions
of instrument relevance and monotonicity are directly testable, we can only obtain indicative
evidence for the conditional independence assumption and the IV exclusion restriction, which can
be regarded as necessary but not sufficient conditions for their validity.

Tables [3| (panel A) and {4 (lower part) show the test statistics for the relevance condition. As
expected, the first-stage estimates of PDS turn out to be highly significant with a positive sign,
regardless of the applied sample. The corresponding x2-test statistics range between 15.47 and
27.85 in our trimmed baseline sample (Table ) and between 10.80 and 19.43 in the untrimmed
sample (Table 7 which we refer to in some of our robustness checks. In all cases, therefore,
the critical rule-of-thumb value of 10 is surpassed, thus rejecting the null hypothesis of weak
instruments and confirming the assumption of instrument relevance.

Our indirect test on conditional independence is based on Bhuller et al. (2020) and results from
the comparison of the estimates displayed in panels A and B of Table The test explores the
consequences of adding further covariates to the regressor matrix X in the first-stage equation .
If the instrument PDS is as good as random conditional on X, the inclusion of additional covariates
should not significantly change the magnitude of the first-stage estimates of the PDS-instrument,
as they are expected to be uncorrelated with PDS. A test on the equality of coefficients confirms
that adding a series of district- and firm-level covariates to the original first-stage specifications
does not virtually change the magnitude of the respective PDS estimates (p-values range between
0.760 and 0.961), which may serve as an indication of conditional independence.

Furthermore, we test whether the binarization of our PDS-instrument violates the IV exclusion
restriction, as pointed out in Angrist and Imbens (1995). According to the results of a test

developed in Andresen and Huber (2021), we find no indication for such a violation (see Figure
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Table 3: First-stage regressions: the effect of PDS on MICT"

Control model
MTE model

Monitoring model Autonomy model

Monitoring regressions Working-from-home regressions

Estimation method

Dependent variable

Probit ML Probit ML Probit ML Probit ML
MICTF MICTNE MICTF MICTNE

(1) (2) 3) (4)

Panel A: First-stage estimates according to

PDS 0.191%** 0.155*** 0.243*** 0.290***
(0.048) (0.047) (0.070) (0.065)
x2-test 15.43*** 10.80*** 12,11 19.43***
[0.000] [0.001] [0.000] [0.000]
N 1,423 1,423 1,340 1,340
Panel B: Panel A plus additional covariates at the firm and district level
PDS 201 137 .240*** .293***
(.076) (.075) (.085) (.073)
N 1,275 1,275 1,197 1,197
Hy: (hie = ChB, [.848] [.760] [.935] [.961]

Sources. Linked Personnel Panel, employer survey 2014/2016/2018, IAB Establishment Panel 2014/2016/2018,

INKAR database, various years.

Notes. The values in parentheses (square brackets) represent robust standard errors clustered at the district level

(p-values). The x2-test is a test on instrument relevance. The test on the equality of Zggs and ZI’;)JJBS refers to the

estimated coefficients for PDS reported in panel A and panel B. N denotes the number of observations. The additional

firm-level covariates of the augmented first-stage regressions displayed in panel B include variables on a firm’s market

environment, regulatory conditions, strategies, workforce composition, and product innovations. The additional district-

level covariates include variables on employment structures, mobility trends, local gross-domestic products, child care

facilities, and commuting distances. Finally, the augmented first-stage regressions for the monitoring (autonomy) model

includes the model-specific, previously excluded covariates from the autonomy (monitoring) model.

* p <0.10, ** p < 0.05, *** p < 0.01.
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and the corresponding test results in the Supplemental Appendix), which can be regarded as
suggestive evidence. Finally, our monotonicity test is based on the theoretical implication that
the first-stage estimates of the instrument PDS should be nonnegative for any subsample (Bhuller
et al. 2020). Our first-stage regression results reported in Tables to of the Supplemental

Appendix are consistent with this implication.

5.2 MTE estimation of MICT on organizational control

Table [] contains the treatment effects of MICT equipment on monitoring and employee autonomy
resulting from our baseline parametric normal MTE models. In our baseline specifications, we
restrict the econometric analysis to a trimmed sample in which one percent of the observations
were trimmed at each tail of the propensity score distributions to avoid limited common support. In
fact, the common support graphs displayed in Figure [A2] of the Supplemental Appendix indicate
little overlap at the tails of the propensity score distributions, so trimming is an appropriate
response. Columns (1) and (2) of Table [4] report the average treatment effects (ATE) as well
as the average treatment effects for the treated (ATT) and the untreated (ATUT) firms for the
monitoring model, separately for executive and non-executive employees. Columuns (3) and (4)
show the corresponding effects resulting from the autonomy model, where WFH¥? and WFHNF
represent the dependent variables. The Hy-tests reported in the medium part of the table represent
one- and two-sided tests on essential heterogeneity and heterogeneous average treatment effects.
Our estimation results show that equipping employees with MICT increases both employee
autonomy and monitoring for executives, while non-executives only experience more intensive
monitoring, but do not receive greater autonomy. For the executives, all treatment effects in the
monitoring and autonomy models prove to be statistically significant (at least at the 5 percent
level), while statistically significant treatment effects for the non-executives are only found in the
monitoring model, but not in the autonomy modelE Moreover, in both models of organizational
control, the estimated treatment effects turn out to be higher for executives than for non-executives,
which is supported by the profiles of the MTE curves in Figure[I] Overall, these findings have two

implications. First, the effect of equipping employees with MICT on organizational control differs

15For example, the ATE of MICT equipment on monitoring is positive and highly significant for both executives
(1.445) and non-executives (1.026), meaning that switching from the group of MICT-averse firms to the group of
MICT-friendly firms increases monitoring intensity by about 1.5 or 1.0 standard deviations, respectively. In contrast,
the corresponding ATE of MICT equipment on working from home is significantly positive only for executives (1.128

standard deviations), while it is insignificant for non-executives (0.155 standard deviations).
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Table 4: Treatment effects of MICT on organizational control: baseline model

Control model Monitoring model

Parametric Normal MTE

Autonomy model

Econometric model Parametric Normal MTE

Dependent variable MON¥ MONNE WFHY WFHNE
(1) (2) 3) (4)

ATE 1.445%* 1.024** 1.179** 0.262
(0.444) (0.468) (0.509) (0.435)

ATT 1.692***  1.348** 0.925** 0.247
(0.492) (0.535) (0.468) (0.337)

ATUT 1.125%* 0.610 1.505** 0.282
(0.423) (0.487) (0.593) (0.600)

Tests on essential heterogeneity and heterogeneous treatment effects

Ho: ph—ph =0 ~1.056" —0.875 1.291**  0.310
(0.528)  (0.579) (0.574)  (0.527)

Hy: ATT < ATUT 0.013]**  [0.045]**

Hy: ATUT < ATT (0.017]**  [0.465]

Test on instrument relevance: first-stage estimates according to li

PDS 0.265%*  0.188*** 0.311%**  (0.359***
(0.051)  (0.047) (0.071)  (0.068)
y2-test 26.14% 1547 18.86***  27.85%**
(0.000]  [0.000] [0.000]  [0.000]
N 1,393 1,395 1,313 1,313

Sources. See Table[Bl Own calculations.

Notes. The estimates are based on a trimmed sample in which 1 percent of the observations have
been trimmed at each tail of the propensity score distributions because of limited common support.
The set of covariates contains firm-level and district-level variables introduced in Section [A1.2] of the
Supplemental Appendix. The values in parentheses represent bootstrapped standard errors clustered
at the district level (200 replications) to account for the inclusion of estimated control functions. The
values in square brackets represent p-values. The parameters ﬁ? and ﬁg are the coefficients of the
estimated inverse Mills ratios X? and Xg according to equations and . Negative (positive)
differences indicate essential heterogeneity in the form of positive (reversed) selection based on unob-
served MICT gains. Furthermore, a negative (positive) sign for ﬁ? — ﬁg = 0 is equivalent to downward
(upward) sloping MTE curves. N denotes the number of observations. The MTE regression models
have been estimated by applying the user-written Stata do-file 'mtefe’ developed by Martin Eckhoff
Andresen (Andresen 2018).

* p <0.10, ** p < 0.05, *** p < 0.01.
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across hierarchical levels, which is consistent with result (i) of our theoretical model. Second,
firms combine a high monitoring intensity with high employee autonomy in response to increasing
MICT equipment, at least for executive employees. This latter finding is quite surprising, as
recent empirical studies of MICT usage on organizational or job design tend to identify either clear
decentralization trends (e.g., Caroli and Van Reenen 2001, Bresnahan et al. 2002, Acemoglu et
al. 2007) — comparable with low organizational control — or clear centralization trends (e.g., Labro
et al. 2023) — comparable with high organizational control. Nevertheless, our empirical finding
is consistent with result (ii) of our theoretical model and is to some extent also in line with the
centralization result obtained in Labro et al. (2023), as we find monitoring to be more prevalent
in firms than employee autonomy that is restricted to executive employees.

Finally, our estimation results demonstrate the existence of essential heterogeneity and hetero-
geneous treatment effects, with differences again between the monitoring and autonomy models
and between executive and non-executive employees. As Figure [T]shows, the MTE curves for both
groups of employees are downward sloping in the monitoring model, while they are upward sloping
in the autonomy modelm The achieved orders of the estimated treatment effects, i.e., ATUT
< ATE < ATT for the monitoring model and the opposite order ATUT > ATE > ATT for the
autonomy model, are in line with the MTE curves. The tests on heterogeneous treatment effects
are consistent with the tests on essential heterogeneity, except for the specification for the non-
executives in the monitoring model, where the test on heterogeneous treatment effects indicates
statistical significance. Once again, these findings show substantial differences between executives
and non-executives, thus additionally supporting result (i) of our theoretical analysis.

The estimated orders of ATT, ATE and ATUT as well as the resulting MTE curves imply
that with increasing affinity for MICT, companies intensify their monitoring activities while at the
same time reducing employee autonomy. Put differently, MICT-friendly firms (low Upsropn) tend
to do a lot of monitoring and grant little autonomy (high organizational control), while MICT-
averse firms (high Uy ropn) grant relatively much autonomy in the form of working from home but
tend to place little emphasis on monitoring (low organizational control). This applies especially to
executive employees and then points to a certain substitution between monitoring and employee
autonomy depending on the firms’ MICT affinity. However, due to the positively significant treat-
ment effects obtained in the monitoring and autonomy models, it is still the case that companies

with increasing MICT equipment use monitoring and employee autonomy as complementary man-

16The detailed individual MTE curves, which additionally contain the confidence intervals and the ATE functions

for each of the four MTE models, can be found in Figure @ of the Supplemental Appendix.
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Figure 1: Marginal treatment effect curves: baseline specification

MTE: parametric normal model, timmed sample
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agement practices. In this respect, this additional finding is also consistent with results (i) and (ii)

from our theoretical model.
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5.3 Sensitivity analysis

In this section, we present the results of some robustness checks of our baseline MTE regression
results obtained in Section A more detailed version of all sensitivity checks can be found
in Section of the Supplemental Appendix. We proceed in six steps. First, we rerun our
parametric normal MTE regressions using the untrimmed sample. In a second step, we exclude
observations originating from districts that may be biased or unrepresentative because particularly
large companies are headquartered there. The next steps comprise the specification of alternative
estimation models to our baseline parametric normal MTE models. Specifically, we estimate
correlated random coefficients (CRC) models described in Wooldridge (2015) and Cornelissen et
al. (2016), using both the untrimmed sample (step 3) and the trimmed sample (step 4), as well
as semiparametric MTE models (step 5). Both estimation models are attractive candidates for
a robustness check because, unlike our baseline parametric normal MTE models, they do not
require the assumption of trivariate normally distributed error terms in the potential outcome and
selection equations. Another benefit of the CRC model is that it conveniently allows us to perform
statistical tests on the equality of the estimated ATEs resulting for executive and non-executive
employees, which is valuable for us because it helps us to strengthen the explanatory power with
respect to our theoretical result (i). An additional benefit of semiparametric MTE models is that
they do not restrict the MTE curves to be monotonic. Finally, in step six, we test whether our
parameter estimates are affected by relaxing the assumption that our IV PD.S perfectly satisfies
the exclusion restriction (Berkovitz et al. 2012, Riquelme et al. 2013).

The analyses in Section demonstrate that the estimation results of all robustness checks are
consistent with our baseline MTE estimates presented in Section [5.2] In addition, the CRC models
provide statistical confirmation for our observation that the MICT effects are higher for executives
than for non-executives. This applies to both the effects on monitoring and the effects on employee
autonomy, as indicated by the statistically significant ATE differences between executives and non-
executives displayed in the middle part of Tables [A6] and [A7} However, higher ATE for executives
than for non-executives can only be determined in the semiparametric model estimates for the
autonomy model, but not for the monitoring model. This means that only the ATE differences in
the autonomy model prove to be robust in all sensitivity checks carried out, which is in line with
result (i) of our theoretical model. Finally, after applying the fractionally resampled Anderson-
Rubin (FAR) test, which allows for a slight violation of the orthogonality or exogeneity assumption,

we are still able to draw valid conclusions about the impact of MICT equipment on monitoring and
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employee autonomy across hierarchical levels, even if the exclusion restriction is slightly violated.

6 Conclusion

Advances in information and communication technology lead to considerable changes in firms’
optimal job design. A still open question is whether these changes result in higher or lower
organizational control. We address this fundamental question by considering the dissemination
of mobile information and communication technology (MICT) among employees in the last years.
The previous literature on this topic is typically based on the strict dichotomy that MICT will
lead either to more centralization — comparable to higher organizational control — or to more
decentralization — comparable to lower organizational control — in firms, where the vast majority
of empirical studies finds evidence consistent with an increase in decentralization. Our paper
contributes to this debate by using both a theoretical setting and an empirical approach to allow
for a possible deviation from this dichotomy.

To measure organizational control, we consider monitoring and employee autonomy, with high
organizational control being defined by a high monitoring intensity and a low degree of employee
autonomy. Our theoretical and empirical analyses yield the same main findings. Concerning non-
executive employees, increasing MICT equipment in firms leads to clearly higher organizational
control. However, concerning executive employees, our results disagree with the strict dichotomous
view outlined above. Increasing MICT equipment yields more employee autonomy (i.e., lower
organizational control), but also more monitoring (i.e., higher organizational control). On the one
hand, firms empower executive employees to better utilize their skills, but, on the other hand,
complement empowerment with more intense monitoring and higher-powered incentives to prevent
a possible loss of control.

In the theoretical part of our paper, we extend a principal-agent hidden-action model by a
firm’s optimal choice of MICT equipment and organizational control. Compared to non-executives,
executive employees are more productive in terms of higher human capital and are characterized by
a higher reservation value, reflecting their better outside options in the labor market. As mentioned
above, both types of employees face larger monitoring when being equipped with more MICT, but
crucially differ concerning the degree of employee autonomy. The fact that executive employees,
contrary to non-executives, are granted more autonomy as a consequence of increased MICT can be
explained by two effects. First, relative productivity gains by autonomy and positive productivity

effects due to higher human capital favor the equipment of executives with MICT. Second, only
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the executives’ participation constraint is binding under the optimal incentive contract. Thus,
granting executives autonomy relaxes their participation constraint via better work-life balance,
which lowers the firms’ labor costs when employing executive employees.

Our empirical analysis makes use of three German observational and regional data sets at the
firm and district level. Methodologically, we rely on marginal treatment effects (MTE) estimation
to establish a causal interpretation of our results and to draw conclusions about possible effect
heterogeneity. Our instrumental variable (IV) exploits geographic variation by making use of
information on population density and future labor force participation in high-skilled technology-
related occupations (number of students in STEM disciplines).

The empirical findings are consistent with our theoretical predictions. First, executive em-
ployees are much more equipped with MICT than non-executive employees. Second, equipping
employees with MICT results in different effects on organizational control across hierarchical lev-
els. The effects for executives are more pronounced than those for non-executives, in particular
with respect to autonomy (result (i)). Third, firms use high monitoring and high employee au-
tonomy as complements in designing jobs in response to increasing MICT equipment (result (ii)).
This applies primarily to executive employees, while non-executives only experience an increase
in monitoring, but not in autonomy. Fourth, our empirical analysis proves the relevance of het-
erogeneous treatment effects as well as the appearance of essential heterogeneity, suggesting that,
to some extent, firms substitute between monitoring and employee autonomy, depending on their
affinity to MICT. However, this does not change our overall finding, according to which firms use
both practices of organizational control as complements in response to an increase in MICT, at

least for executive employees.
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Appendix

Proof of Proposition [1 By replacing w (5) —w (s) with ¢’ (e) according to , the corresponding

Lagrangian to the firm’s problem reads as

L(w(s),w(3)=kA+7I)(1+aA)y(e)M —w(s)—e-c (e)
—I-n—(K—AK-I—kAK-A)

+ A w(s)+e-d(e)+Au-A—c(e) —u]+ Xa-w(s)
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with A1, Ao > 0 as multipliers satisfying
A c[w(s)+ed () + AuAd—c(e)—a]=0 and Ay -w(s)=0. (25)

According to (3)), e is a function of w (s) and w (5) with

Oe 1 Oe
ow(s) ()  ow(s) (26)

The first-order conditions yield

oL , de de
Ju(s) k(l+rD)(1+aA)y (e)Maw B

+ A |1+ [d (e) +e-c" (e)]

and

oL ! —cd (e —1)ed (e de =
SO = (D) () ()M = (0)+ O — e (6)] 52 =0

From , it follows that 1 = Ay + A\;. Hence, implies that either (i) only the limited-liability
constraint w (s) > 0 (LLC) is binding (A = 0,A2 = 1), or (ii) both LLC and the participation
constraint (PC) are binding (A1, A2 > 0), or (iii) only the PC is binding (A = 1, Ay = 0).

First, consider case (i). Here, w (s) = 0 and the employee earns a positive rent. Optimal effort

e’(*i) is implicitly described by
E(L4+ 1) (1+aA)y (ef,)M = dely) + iy - (€5, (27)
and the firm’s expected profit is given by
k(L+rI) (1+ad) ylefy )M — ey - ¢ (efyy) - (K ~AK T+ AK- A) Ik
The non-binding PC implies
u—Au- A< el -d(efy) —clefy)-

Next, we turn to case (ii). Again, the LLC is binding — i.e., w (s) = 0 — but now the employee
does not earn a positive rent. Optimal effort eZ‘ii) is implicitly described by the binding PC:

€y - c'(ez“-)) = Au- A —c(ef) — u. (28)
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Inserting into the firm’s objective function yields optimal profit

k(L +rD)(1+ad)y(e()M — cleyy)
f(KfAKUI+AKJQfI+w%ﬂwaAL

Finally, case (iii) is considered. As A\; = 1 and Ay = 0, the firm implements effort e?iii) being
implicitly described by
k(1+rl)(1+ad) y/(ezkiii))M = C/(e?n‘i)% (29)

leading — together with the binding PC — to expected firm profit

E(1+7rI)(1+aA) y(eE‘m))M— C(e?iii))
_ (K—AK~I+AI@A) —I-k—(u—Au-A).

As w (s) + €y - ¢ (€(i)) + Au- A= c(efy;;)) = uand w(s) > 0, we obtain
U —Au- A > el (€)= clefin)-

Now, we can rank the implemented efforts for the three cases. Compare with . As
€ty c’ (ea)) is strictly increasing in ef;), and y' (+) is a strictly decreasing function, we must have
that ef,) < e{;;). Next, we can rank all three efforts. Solving L/0w (5) = 0 in case (ii) for the

multiplier Ay gives
E(1+rI)(14adA)y'(ef;;))M —c(ef;;)
A=1- . @) Sk (30)

(i (€iiy)
As 1 =Xy + Ay and A, Ay > 0 together imply that A\; < 1, we must have that

k(1+7D) (1+adA)y (ef;;))M —c(ef;;)) > 0.

Due to the strict concavity of the function k (1 + 1) (1 + aA) y(e)M — c(e), this inequality yields
€y < €(is)- From and A\; > 0 we obtain

k(1+7D) (1+ad)y (ef;)M = c'(efis)) — efinye” (efisy) < 0. (31)
Ask(14+rI)(1+aA)y(e) M —e- (e) is a strictly concave function with a maximum at
k(1+rI)(1+ad)y (e)M — ' (e) —e- " (e) =0,

1' and together yield ez‘ii) > eZ‘i). To sum up, we have efiii) > efii) > ei“i).
Note that because of the effort ranking and because can be rewritten as © — Au - A =

€(iy ¢ (€lpy) — clefy;), in case (ii) we have
€ Cl(e?i)) —clegy) <u—Au-A<ef, - Cl(efm)) — c(€iiry)-
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Proof of Proposition |z|. (a) Applying the envelope theorem to f@ yields

%HC (I, A, M) = kr (1 + aA) y(er)M + AK — (32)

for C = (4), (i), (i4i). As €l < €lisy < €(;isy» we obtain the ranking of the %HC (I,A, M) as
stated in the proposition. Differentiating with respect to k leads to a?—gkﬂc (I,A,M) =
r (14 aA)y(el)M, which is strictly positive.

(b) Let e}, (M) := e}, denote the implemented effort level under the optimal contract in case

C = (i), (i1), (¢i1), given the monitoring intensity M. Then,
ATy (I, A) = (14 1) (14 aA) [ylefyy (M) M = ylefsy (M) M|
— (e (M) -/ (ey (M) = ey (M) - ey (M1))] = (K = K]
By applying again the envelope theorem, we obtain

AL (T, A) = kr (1+ aA) [ylefsy (Mir) Mg — ylefy (M) M)

which is positive as My > My, and

dey (M) k(L+rI)(1+ad)y'(ef;) .
oM k(14+rD)(1+ aA)y" (ef;)) M —2c"(ef;)) — efyyc” (ef) e

The relative gains from higher monitoring in the second case are given by

ATl (I, A) = k (1 +71) (1 + aA) [y(e@) (M) My — yleli (ML))ML}
— [eefuny (M) = elefiy (ML)] = [Kn = Ko

with
9 \ \
70 (1, A) = kr (1+a4) [y(e(ii) (M) Mz — (el (ML))ML} >0

as My > My, and ez‘ii) is independent of M. Finally, for the third case, we obtain

All(isy (1, A) = k (1+71) (1+ A) [y(efis) (Mar) M = y(efisy (M) Mo |

= [eefuin (M) = eleiun (Mu)] = (K - K]

with
P ) *
as
deyqy (M) k(L+7I)(1+ad)y (ef;) .
OM k(L rD) (L+ ad)y (e, M — (efy)
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(c) Define ef, (A) := el as the implemented effort level in case C' = (i), (i), (4ii), given the
firm’s autonomy decision A € {0,1}. Then, the relative autonomy gains in the first case can be

written as

Al (1, M) = k(1 + D) M [(1+a) ylefy) (1)) = ylefy (0))]
= [ety (V) ey (1)) = €y (0) - ¢ (e, (0)] - AR
According to the envelope theorem, we obtain

0

ST (1) = krM [(1+a) y(efy) (1) = (e, (0))]

which is positive as a > 0 and ef;) (1) > ef;) (0). The relative autonomy gains in the second case

are given by

Allgyy (I, M) =k (1 +rI) M [(1 +a) y(efii) (1)) — y(eai) (0))}
- [c(e)(kii) (1) - C(efii) (0))} — AK + Au

with
0

7 Ay (M) = krd [(1+a) y(efyy (1) = ylefiy (0))]

As a > 0 but ef;,) (1) = R™'(u — Au) < R™'(a) = ¢, (0) because R' > 0, the derivative
%Aﬂ(ii) (I, M) will be positive if and only if a is sufficiently large compared to Au. Finally, in
the third case,

All(iig (1, M) = k(14 71) M |(1+a) ylefiss) (1) = ylefi (0))]
- |:C(e>(kiii) (1)) — eleiay (0))} — AK + Au

with
9
oI
as as a > 0 and ef;;) (1) > €in) (0).
(d) The claim immediately follows from the inspection of (5))-(7).

Alljsig (1, M) = kM [(1+ a) y(efsin (1)) = ylefisy (0))] >0
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Supplemental Appendix

A1l Detailed discussion on instrument validity

Al.1 Instrument relevance

There are various arguments within agglomeration economies and economic growth theory postu-
lating a strong positive link between population density and technological innovations. First, based
on Malthusian theory and historical observations, periods with (without) technological progress
have been found to be associated with increasing (stable) population sizes (Ashraf and Galor 2011).
The second argument is learning, meaning that knowledge generation and accumulation about the
development and adoption of new technologies is facilitated in denser markets (Puga 2010). Third,
population density promotes the development and diffusion of new technologies by reducing the
cost of workplace communication and information exchange, increasing the size of markets and
opportunities for specialization, and creating the necessary demand for innovation (Klasen and
Nestmann 2006, Puga 2010). This will encourage local governments to expand transport and
telecommunication infrastructures in the districts concerned (Bolter and Robey 2020), while com-
panies will have an incentive to increase the MICT equipment of their employees. Consequently, we
expect a strong positive correlation between district-level population density and MICT equipment
of firms. This applies to both indicators of population density.

To explain the relevance of the STEM component of our IV, we build on the theoretical link
between relative labor supply and technological progress (e.g., Acemoglu 1998, 2002, Kiley 1999,
San 2023), where it is argued that an increase in the relative supply of skilled labor reduces the
wage premium for skilled workers relative to unskilled workers (substitution effect), but also leads
to an expansion of the market for technologies that are complementary to skilled labor (market
size effect). For our research question, the market size effect implies that a relative increase
in the expected future supply of employees with STEM qualifications promotes the diffusion of
mobile technologies, which are assumed to be complementary to these qualifications. We therefore
hypothesize a strong positive relationship between the number of graduates from MICT-friendly
STEM degree programs in a certain district and the proportion of employees equipped with MICT
in firms located in this district.

Bolter and Robey (2020) combine both arguments stating that firms located in densely popu-
lated areas have access to a large labor market and are more likely to invest in new technologies

because they know they can find the required workers here. Based on the technology related-
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ness derived for all variables entering our composite instrument PD.S, we expect a strong positive

correlation with the MICT treatment variable, which would satisfy the relevance condition.

A1.2 Conditional independence

Since our PDS-instrument consists of variables that provide information on technology intensity,
agglomeration economies, and future labor supply, it is unlikely to be uncorrelated with the error
terms of the potential outcome equations and @, making it difficult for us to exploit exoge-
nous variation based on regional and firm differences in our PDS-instrument to instrument MICT
equipment. Endogeneity in the instrument may arise primarily due to some unobserved agglom-
eration or labor supply characteristics that drive both the PDS instrument and the dependent
job-design variables MON" and WFH". In the following paragraphs A to F, we will extensively
discuss the set of covariates that we include in our econometric models to extract our IV PDS from
potentially contaminating regional and firm-specific confounders in a manner sufficient to exploit

exogenous variation in PDS to instrument MICT equipment.

A. Labor market competition

A first concern regarding the exogeneity assumption of our P.DS-instrument relates to the argument
that, in addition to the effect on technology, measures of local population density and the amount of
future technology-related labor supply may also encompass the effect of labor market competition
on the firms’ policies of organizational control. Specifically, companies located in larger cities
and urban areas with a high population density are more likely to face intense competition for
suitable MICT-friendly employees than firms in rural areas with a low population density. Since
firms can be expected to respond to labor market competition, for example, by adapting their
policies of organizational control, our econometric models must include proxies for labor market
competition to rid the PDS-instrument of possible contamination induced by effects of labor
market competition.

We capture the impact of labor market competition on both our IV and the dependent orga-
nizational control variables by controlling for local unemployment rates and the presence of open
job positions for skilled workers in firms. Low unemployment rates and many vacant job positions
indicate a high level of labor market competition. In this case, firms could offer work-from-home
options to attract workers and address local labor shortages. In contrast, when unemployment

rates are high or the number of job openings is low, employers gain bargaining power over em-
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ployees, which might encourage them to adopt stricter monitoring practices. Controlling for local
unemployment and job openings extracts these effects of labor market competition from our PD.S-
instrument, reducing concerns about IV endogeneity. For the same reason, we control for the share
of skilled employees in firms and the total number of students of universities (of applied sciences)
per district. These measures are included to remove the impact of the level of employee quali-
fication of our IV without eliminating its relationship with technology. A PDS-instrument that
is free of employment and skill effects measures the technology affinity of the future labor force
through its component 'number of STEM students’, while also influencing the affinity of firms to

equip their executive and non-executive employees with MICT.

B. Competitive pressure (firm selection)

Another potential concern regarding conditional IV independence rests on the notion that a mea-
sure containing information on population density reflects to some extent the level of competitive
pressure faced by firms. Competitive pressure, in turn, can be a key to the choice of a particular
firm policy, such as monitoring or working from home (Bloom et al. 2013). In the agglomeration
economics literature, this argument is referred to as 'firm selection’ (e.g., Puga 2010, Combes et
al. 2012). For example, if a firm is located in a densely populated district, it faces substantial
competitive pressure that may encourage management to adapt the level of organizational control
by increasing monitoring to identify inefficiencies, maintain market power, or achieve competitive
advantage.

We measure the competitive pressure among businesses at the district level by the number of
business registrations per district. A high number of business registrations indicates that it might
be profitable for a young company to start a business. However, these companies face greater
competitive pressure than other companies that begin operations in a district with fewer business
registrations and might, therefore, prefer stricter monitoring. On the other hand, young companies
tend to use less organizational control than older companies (Acemoglu et al. 2007) and could
therefore respond to competitive pressure with a greater focus on practices of employee autonomy
such as working from home. Hence, to account for inter-firm competition, we also control for the
firms’ age. Furthermore, we include a set of dummy variables indicating different levels of firms’
self-reported competitive pressure. Our final control variable for competitive pressure is the firms’
annual change of total employment, where a negative change indicates a problematic economic
firm situation. The inclusion of these covariates should eliminate the possible decontamination of

our PDS instrument by the effects of competitive pressure.
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C. Local telecommunication infrastructure

Although the purpose of our IV is to instrument firms’ MICT equipment, we have to exclude a spe-
cial type of MICT-related effect, namely the possibility that our IV contains effects caused by local
telecommunications infrastructure. This is because firms are not unlikely to adapt their practices of
organizational control based on the quality of the local telecommunications structure. For example,
local or supra-regional governments may give preference to urban, more densely populated areas
over rural, less densely populated areas when deciding on the expansion of telecommunications
structures. This disparity between districts could result in firms in districts with a high-quality
telecommunication infrastructure being more (less) likely to use the work-from-home (monitoring)
option than firms in districts with a low-quality telecommunication infrastructure, violating the
exogeneity assumption for our PDS-instrument.

To ensure the exclusion of the quality-of-telecommunications infrastructure interpretation with-
out eliminating the technology relatedness of our IV, we enlarge our set of covariates by adding
two dummy variables providing self-reported information about a firm’s general quality of technical
equipment (usage of superior or state-of-the-art technologies). The technical status of businesses
is a suitable indicator for describing the general local telecommunications infrastructure, as it
provides information not only on broadband infrastructure, but also on other MICT-related infras-
tructure, such as the existence of local technical support providers and local educational programs

in the MICT field. In all cases, we expect a positive correlation with the technical status of firms.

D. Agglomeration economies: productivity advantages

Generally speaking, agglomeration economies refer to performance advantages of larger cities rel-
ative to less densely populated rural regions. However, if firms in urban high-performing regions
show systematic differences in their practices of organizational control compared to firms located in
rural, low-performing regions, then the exogeneity of our IV (which is partially based on population
density) is not guaranteed, which would also violate the conditional independence assumption.

In the agglomeration economies literature, the local value added per employee and local wage
levels are considered appropriate measures of agglomeration economies in the form of local perfor-
mance differences. In addition, some studies note that productivity and wages are higher in larger
and densely populated cities relative to rural and less densely populated areas (e.g., Glaeser 2010,
Puga 2010). Since firms located in more productive regions can be expected to behave differently

with respect to organizational control than firms located in less productive regions, we need to
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control for regional productivity differences to extract potential endogenous variation in the form
of productivity effects from our PDS-instrument. Our productivity measure is defined as the ratio
of the annual value added and the annual wage, both measured per employee and district. The use
of this measure should help to sufficiently disentangle our IV from the variation associated with

local productivity differences.

E. Agglomeration economies: employee mobility and residence decisions

Another issue that challenges the exogeneity assumption of our PDS-instrument concerns the
mobility of workers and their choice of residence. In particular, people are likely to differ system-
atically in terms of their preferred place of residence. Some employees prefer to live in large cities,
while others are drawn to less densely populated rural regions. However, it is not unlikely that
employees’ residence decisions depend on whether or not their employers offer the option of work-
ing from home. For example, employees who currently live in densely populated districts but plan
to move to less densely populated districts, where rents, housing prices, or land purchase prices
are relatively low, could begin negotiations with their employers about the option of working from
home. Analogously, employees living in sparsely populated districts and at a great distance from
their place of work could request from their employers the option to work from home in order to
avoid long commuting times or moving to districts with high housing prices. In these cases, our IV,
based in part on local population density, would likely capture the effect of individual residence
preferences on the opportunity to work from home, and would then be endogenous, unless the
regression model contains suitable control variables to account for these residence preferences.
We address the issue of employees’ residence preferences by adding district-level information on
average purchase values of building land, living space per inhabitant, and the balance of inbound
and outbound commuters to the set of control variables in our working-from-home regressions.
Since female employees are expected to be particularly interested in work-from-home options due to
family and childcare responsibilities, we add variables with firm-level and district-level information
on the respective shares of female employees to the set of covariates. We add these control variables
only to our working-from-home regressions but not to the monitoring regressions, as mobility and
residence decisions are only relevant if employers permit their workers to perform their tasks
outside the firm location. This specification enables us to extract the effects of worker mobility
and residence preferences from our IV, so that PDS affects WEH" only through its effect on

MICT", but not through its association with worker mobility and housing preferences.
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F. Additional firm characteristics and time fixed effects

Following the monitoring intensity principle described in Milgrom and Roberts (1992, chapter 7),
we address the potential selection into certain districts based on local corporate job-design policies
by controlling for the firms’ usage of performance pay plans. The monitoring intensity principle
predicts that firms that apply performance pay plans are likely to increase their efforts to monitor
their employees. Since the assumption of a complementary relationship with pay for performance
refers only to monitoring practices, but not to employee autonomy, we add a control variable
for the use of performance pay plans only to the regression equations of the monitoring model.
Moreover, we follow Bloom et al. (2012b) and control for firm size classes and industry affiliation as
fundamental determinants in the debate about centralization or decentralization in organizational
and job design. For example, since larger firms are typically headquartered in densely populated
urban regions and are likely to differ from smaller firms not only in terms of digitalization (Forman
et al. 2005, 2008, Goldfarb and Tucker 2019), but also in terms of their policies of organizational
control, it is necessary to disentangle our PDS-instrument from the effect of firm size. Finally, by
including a time dummy variable, we control for time-fixed effects and ensure that our estimation

results do not suffer from neglecting temporal trends.

A2 Assessment of instrument validity

A2.1 Testing instrument relevance and conditional independence

Panel A of Tablereports the first-stage estimates of PDS, i.e., 21}9134 4, obtained from the selection
model using the untrimmed sample. Despite the fact that we have two treatment variables
(MICTE and MICTNE), four first-stage estimations are required because information from dif-
ferent panel waves is available for the monitoring and the autonomy model and the sets of control
variables are not identical. For the same reason, we also have four different graphs of common
support instead of two (see Figure [A2)).

For comparison, panel B in Table |3| displays the first-stage estimates ZI};’gS obtained from a
probit ML regression of MICT" on PDS and the augmented set of covariates. As additional
firm-level covariates, we include variables measuring a firm’s market environment as well as its
regulatory conditions, corporate strategies, workforce composition, and product innovations. At
the district level, we additionally control for regional employment structures, mobility trends, local

gross-domestic products, child care facilities, and commuting distances. Finally, the extended set
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of covariates includes those model-specific monitoring or working-from-home covariates that were
excluded in the respective other MTE model (see our discussion on covariates in Section .
A comparison of the first-stage estimates Eliﬁ’gs and Z}L,’gs shows that the respective effect sizes
are very close and hardly deviate from each other. This observation is confirmed by a test on
the equality of 83’2)45 and Z}}Q’gs. The null hypothesis Hy: Ag’gs = (??,’55 cannot be rejected in
any of the four first-stage model specifications, where the estimated p-values range between 0.760
and 0.961. The null hypothesis on effect-size equality can therefore clearly not be rejected in all
four cases considered, implying that the additional covariates are indeed uncorrelated with PDS.
Despite the fact that these test results are not sufficient to prove the conditional independence of

our PDS-instrument, they can clearly be interpreted as satisfying a necessary condition for PDS

to be considered a valid instrument.

A2.2 Testing the exclusion restriction for a binarized treatment variable

Andresen and Huber (2021) discuss assumptions satisfying the IV exclusion restriction in case of a
binarized treatment variable. The authors also derive testable implications of their assumptions and
develop the respective statistical tests. We focus on Andresen and Huber’s Assumption 3 implying
that all compliers are captured by the threshold used for binarization. The null hypothesis to be
tested is then Hy: 6j41 —0; > 0,Vj* > j>0and §; —0;41 >0,VJ > j > j%, where 0; denotes
the first-stage estimate of the instrument PDS on P(micth, > j) and micth, is a multivalued,
discretized treatment variable with mict’y, € {0,1,...,J} (Andresen and Huber 2021, p. 539, 547).
Furthermore, in our case, j € {1,...,J} denotes the deciles of the distribution of the original
percentage variable mict”, i.e., J = 10. Finally, j* is the selected threshold value in the support of
mict?,, which in our case is the median of the mict'-distribution. A rejection of Hy indicates the
presence of non-threshold compliance, i.e., the sample includes firms that respond to the instrument
but are not induced to cross the threshold j*, so point identification is usually lost (Andresen and
Huber 2021, p. 548).

Figure shows the effect of our PDS-instrument on the extent to which executives and
non-executives are equipped with MICT, where the extent is measured in deciles rather than
percentages. It is noticeable that the dashed line indicating the threshold for the formation of the
binarized treatment is close to the mode of the f;-estimates in each case, which at least visually
does not indicate violations of the exclusion restriction. This impression is confirmed by the results
of the formal hypotheses tests. The respective null hypothesis cannot be rejected for any of the

models considered (monitoring model, executives: p = 0.594; monitoring model, non-executives:
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p = 0.722; autonomy model, executives: p = 0.578; autonomy model, non-executives: p = 0.839).
Note, however, that not rejecting Andresen and Huber’s Assumption 3 does not inevitably imply
the validity of the exclusion restriction. The non-rejection is just a necessary, but not a sufficient
condition for the validity of the exclusion restriction in case of a binarized treatment variable

(Andresen and Huber 2021)[77]

A2.3 Testing monotonicity

The monotonicity assumption provides us with a testable implication, according to which the first-
stage estimates of the instrument PDS should be nonnegative for any subsample (Bhuller et al.
2020). Hence, to assess the monotonicity assumption, we run a series of first-stage regressions, in
which MICT" is regressed on the instrument PDS and all covariates. However, this is done for
specific subsamples rather than for the entire sample. The results of this validity test are reported
in Tables and for the monitoring regressions as well as Tables and for the working-
from-home regressions. We can observe that in all the tables, none of the estimated coefficients
for the instrument PDS is significantly negative. In fact, the coeflicients are either positive and
statistically significant or statistically insignificant in all subsamples, which is consistent with the

monotonicity assumption.

A3 Sensitivity analysis

A3.1 MTE estimates for the untrimmed sample

In our first robustness check, we repeat the MTE estimates from our parametric normal baseline
specifications but apply them to the complete untrimmed sample. The estimation results are
reported in columns (1) and (2) of Table for the monitoring model and Table for the
autonomy model. The estimates confirm our baseline results. Due to the extrapolation of the
estimated MTE to outside the area of common support, the ranges between the ATT and ATUT
estimates are greater, and the estimated ATEs turn out to be larger (except for the executive
employees in the autonomy model) than in the trimmed baseline specifications. The corresponding
MTE curves can be found in the upper panel of Figure [AZ]

Overall, the parametric normal MTE estimates for the untrimmed sample confirm the findings

17To test the exclusion restriction in case of a binarized treatment variable, we applied the user-written Stata

do-file 'mvttest’ developed by Martin Eckhoff Andresen.
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of the baseline MTE estimates with respect to results (i) and (ii) of our theoretical model. First,
the MICT effects for executives are larger than for non-executives. This applies not only to the
autonomy model, but also to the monitoring model and includes the extent of essential heterogene-
ity. Second, executives experience both more monitoring and more autonomy through the use of

MICT, while non-executives are only confronted with more monitoring without more autonomy.

A3.2 Excluding potentially biased districts

The aim of this robustness check is to address possible selection effects attributable to economically
strong districts in which the largest and most successful German companies are headquartered.
Our approach follows the intuitive idea that firms with a certain pattern of organizational control
(e.g., high degree of monitoring and working from home) might be located in an economically
powerful district next to one of the largest and most successful German companies. These firms
may have to adapt their practices of organizational control more quickly than their competitors in
other districts, for example, because of high competitive pressure or existing organizational control
patterns in these districts. We therefore clean up the sample for observations from districts that
may be biased or unrepresentative due to the location of powerful multinational companies.

The districts were selected on the basis of the settlement or location of companies that are listed
as DAX-30 companies on the German Stock Exchange. In total, we removed 17 districts from our
MTE models, namely Hamburg (Beiersdort), Wolfsburg (Volkswagen), Bochum (Vonovia), Essen
(RWE), Diisseldorf (E.ON, Henkel), Leverkusen (Bayer, Covestro), Bonn (Deutsche Post, Deutsche
Telekom), Bad Homburg (Fresenius, Fresenius Medical Care), Frankfurt am Main (Deutsche Bank,
Deutsche Borse), Ludwigshafen (BASF), Walldorf (SAP), Herzogenaurach (Adidas), Stuttgart
(Daimler), Munich (Allianz, BMW, Minchener Riick, Siemens, Wirecard), Hannover (Continen-
tal), Heidelberg (Heidelberg Cement), and Darmstadt (Merck). The removal of these districts
entailed an additional loss in the number of observations. The resulting MTE estimates are shown
in Tables[A6land[A7] columns (3) and (4). In particular, the empirical findings are again consistent

with our results (i) and (ii) from the theoretical model.

A3.3 Correlated random coefficients (CRC) model

The CRC model draws on the observed outcome equation that can be transformed to the
estimation model (see Wooldridge 2015, Cornelissen et al. 2016)

OCh = XBh + MICT" x (X — X) (B — B8) + @"MICT" + " MICT" x 0" + ¢ho" + &, (33)
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where 9" and MICT" x v" are two control functions included as additional regressors, and X — X
denotes the set of covariates centered around their means. The control function approach proceeds
in two steps (Wooldridge 2015, Cornelissen et al. 2016). In a first step, we estimate equation
by probit ML. From these estimates, we calculate the generalized residuals 9". In the second step,
we estimate equation by OLS, where @" is the ATE. An estimate of £ # 0 would indicate
the presence of selection on unobservables, while ¢" # 0 would indicate selection on unobserved
gains (Cornelissen et al. 2016), with 1" > 0 (" < 0) pointing to positive (reversed) gains.

The estimation results of the CRC models are shown in Tables and columns (5) to
(8) for the monitoring and autonomy models. In both tables, columns (5) and (6) report the
parameter estimates for the untrimmed samples, while columns (7) and (8) show the estimation
results for the trimmed samples. The ATEs estimated by the CRC models are very similar to their
counterparts obtained from the corresponding parametric normal MTE models (baseline models
and robustness checks). Therefore, we can draw the same conclusions to empirically support our
theoretical predictions (i) and (ii). Furthermore, a one-sided test on Hy: @ < @™ additionally
confirms previous observations, according to which the ATEs for executives are larger than those
for non-executives, which stretches the validity range of our result (i) from the theoretical model

even further by extending it to the monitoring case.

A3.4 Semiparametric MTE model

As before in the parametric cases, we apply the separate approach version of the semiparametric
MTE model instead of the LIV version. This is because the semiparametric LIV model is at
risk to produce biased estimates even in the absence of misspecification (Devereux 2022). Our
semiparametric MTE model is based on the conditional expectations of OC} and OC# described
in equations and . The estimation process starts with the double residual regression
approach developed in Robinson (1988) and is precisely described in Andresen (2018). The baseline
regression model is

OC! = XBI + K;(p",z) + ¢}, j=0,1. (34)

The next steps are the estimation of K;(p", z) and the subsequent calculation of k;(p", z) according

to and , which then allows us to identify the MTE estimate as

—_—

MTEsp(z,p") = X (B = B}) + k1 (0", 2) — koo, 2) . (35)

The estimated treatment effects resulting from our semiparametric MTE models can be found in

Tables [A6] and columns (9) and (10).
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The estimates are in line with previous results, but deviate from these results in one specific
detail. While in the autonomy model the treatment effects for the executives still exceed their
counterparts for the non-executives, the corresponding effects for the non-executives are now even
slightly higher than the treatment effects for the executives. A look at the MTE curve for the
non-executives in the monitoring model can at least partially explain this finding (see Figure
in Section. The MTE curve for the non-executives in the monitoring model turns out to be U-
shaped, while all other semiparametrically estimated MTE curves show a monotonically increasing
(autonomy model) or decreasing (monitoring model) path. As a consequence, at least the ATUT
and possibly also the ATE are higher than would be expected from a monotonously decreasing
path. Despite the fact that semiparametric MTE estimates tend to be more sensitive to small
changes in the data or specification than their parametric counterparts (Cornelissen et al. 2016),
we take the results of this robustness check very seriously. Overall, however, this still leaves us
with the conclusion that the MICT effects on employee autonomy are higher for executives than
for non-executives, which is consistent with the prediction from our theoretical model and thus

confirms result (i).

A3.5 Fractionally resampled Anderson-Rubin (FAR) test

The FAR test is based on the modified resampled fraction fx = 1/2 — k/v/N, where N denotes
sample size (Riquelme et al. 2013). The authors recommend choosing the value for x so that
0.20 < k < 0.25. Given the unrestricted sample sizes N = 1,423 in the monitoring model and
N =1, 340 in the autonomy model, we choose x = 11 and a number of 100,000 replications for both
models. The FAR test yields the following p-values for the validity of the null hypothesis that MICT
equipment has no significant effect on monitoring and employee autonomy: monitoring model,
executives: p = 0.036, non-executives: p = 0.099, autonomy model, executives: p = 0.105, non-
executives: p = 0.420. These test statistics imply that even with slight violations of the exogeneity
assumption of our IV PDS, the MICT effects on monitoring remain statistically significant at the
5 percent (executives) or 10 percent (non-executives) level, while the MICT effect on employee
autonomy for the executives only proves to be statistically significant at the 10.5 percent level
and remains statistically insignificant for the non-executives. Overall, therefore, the results of the
FAR test suggest that we can draw valid conclusions about the impact of MICT equipment on

organizational control across hierarchical levels, even if the exclusion restriction is slightly violated.
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A4 Additional tables and figures

Table Al: Definitions and descriptive statistics of all variables

Variable Definition Mean  Std.-dev. Min-Max Data

Dependent and main explanatory variables
Information and communication technology
mact Percentage of workers being LPP

equipped with mobile devices

(smartphones, tablet computers,

notebooks) capable of establish-

ing a mobile Internet connection

— Executives 74.202  38.935 0-100

— Non-executives 16.487  25.422 0-100
Monitoring
Appraisal Percentage of workers with LPP
interviews structured appraisal interviews

— Executives 62.716  46.943 0-100

— Non-executives 49.116  45.667 0-100
Target Percentage of workers with writ- LPP
agreements ten target agreements

— Executives 52.388  48.061 0-100

— Non-executives 21.520 37.212 0-100
Performance Percentage of workers with per- LPP
appraisals formance appraisals

— Executives 52.747  49.253 0-100

— Non-executives 45.307  45.481 0-100
Employee autonomy
Working Percentage of workers in the LPP
from home functional area Distribution and
(D) Marketing having the opportu-

nity to work from home

— Executives 12.541 31.184 0-100

— Non-executives 6.442 21.684 0-100
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Variable Definition Mean  Std.-dev. Min-Max Data
Working Percentage of workers in the LPP
from home functional area Production hav-
(P) ing the opportunity to work from

home

— Executives 2.641 14.216 0-100

— Non-executives 0.555 6.273 0-100
Working Percentage of workers in the LPP
from home functional area Cross-Depart-
(C) mental Function, Administra-

tion, and Service having the op-

portunity to work from home

— Executives 10.129  27.247 0-100

— Non-executives 4.729 17.410 0-100
Instrumental variables
Population Number of inhabitants per 751.11 944.79 36.3— INKAR
density square kilometer and district 4668.1
District type Ordinal variable ranging be- 2.64 1.10 1-4 INKAR

tween 1 and 4. 1: sparsely pop-

ulated rural district, 2: rural

district with densification ten-

dencies, 3: urban district, 4:

district-free large city
STEM stu- Number of students in sci- 5,991.4 13,148.3 0-67,414 INKAR
dents ence, technology, engineering, or

mathematics

Firm-level covariates

No competi- Dummy variable indicating firms 0.031 0.175 0-1 TIAB EP
tion with no competitive pressure
Low compe- ... with low competitive pressure 0.089 0.286 0-1 IAB EP
tition
Medium with medium competitive 0.360 0.480 0-1 TIAB EP
competition  pressure
High compe- with high competitive pres- 0.517 0.500 0-1 IAB EP
tition sure
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Variable Definition Mean  Std.-dev. Min-Max Data
Technical Ordinal variable indicating that 3.886 0.749 1-5 IAB EP
status the status of a firm’s technologi-

cal equipment is (1) out-of-date,

(2) low, (3) medium, (4) high, or

(5) state-of-the-art
Manufactur- Dummy variable indicating firms 0.300 0.458 0-1 LPP
ing in the manufacturing industry
Metal, elec- . in the metal working sector, 0.268 0.443 0-1 LPP
tronics, ve- in the electrical industry or in
hicle manu- vehicle manufacturing
facturing
Trade, . in the trade, traffic, or news 0.165 0.371 0-1 LPP
transport, sector
news
Firm-related that offer firm-related or fi- 0.147 0.355 0-1 LPP
/ financial nancial services
services
ICT / other that offer ICT or other ser- 0.118  0.323 0-1 LPP
services vices
Performance Dummy variable indicating firms  0.574 0.494 0-1 LPP
pay that have a salary system with

variable proportions
Women firm  Percentage of female workers 32.807 24.737 0-97.402 TIAB EP
Skill Percentage of skilled employees, 75.769  24.344 0-100 IAB EP

requiring at least a vocational

qualification or professional ex-

perience
Firm size 1- Dummy variable indicating firms  0.030 0.172 0-1 LPP
49 with 1-49 employees covered by

social security
Firm size ... with 50-99 employees ... 0.339 0.473 0-1 LPP
50-99
Firm size ... with 100-249 employees ... 0.353 0.478 0-1 LPP
100249
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Variable Definition Mean Std.-dev. Min-Max Data

Firm size ... with 250-499 employees ... 0.159 0.366 0-1 LPP

250-499

Firm size ... with 5004 employees ... 0.117 0.321 0-1 LPP

500+

Firm age Year of firm foundation 1992.008 7.053 1987- LPP
2014

Vacant jobs = Dummy variable indicating open  0.355 479 0-1 IAB EP

job positions for skilled workers
A workforce  Firms’ annual change of total 1.067 125.704 —2363— IAB EP

employment 2517
District-level covariates (401 German districts)
Business Number of business registrations  69.927  19.409 34.6— INKAR
registrations  per 10,000 inhabitants 168.7
Unemploy- Average percentage of unem- 6.967 2.982 1.3-15.1 INKAR
ment rate ployed in the civilian labor force
Productivity —Ratio of annual value added and  1.970 0.147 1.538- INKAR
annual wage (per employee and 2.919
district)
Women dis- Percentage of female employees 46.871  3.881 30.9- INKAR
trict in the total number of employees 57.9

covered by social security

Living space  Average living space per inhabi- 46.240  4.352 36.2— INKAR
tant in square meters 68.6
Purchase Average purchase value per 133.001 158.228 8.47— INKAR
value of land  square meter of building land (in 1732.33
euro)
Commuter Balance of inbound and out- —5.342 25.716 —147.4- INKAR
balance bound commuters 64.1

Sources. LPP: Linked Personnel Panel, employer survey, IAB EP: IAB Establishment Panel, INKAR: INKAR
database.

Notes. The descriptive statistics for 2016 are reported. Own calculations.

60



(SBAINDSXa-UOU) Y9Il JO SalIvaq (S9AINDOXS) UyI0IW JO S8[I980
ol 6 8 L 9 G ¥ ol G 14 € [

=

..

c0

-

80

{Awouoiny) sploysalyl snouea Buisn g4 luswnnsul syl Jo 1981 abels 15114 (Awouoiny) spjoysely} snouea buisn Sad juswnisul suj jo j108ye ebe)s 1si4

(saAnnoaxs-uou) U121l J0 $8]198(] (s8Aannoaxs) Y101 Jo saina
ol 6 g L 9 S 14 ol ¥ 3 z
1 1 1 1 Il 1 L L 1 1 L
T T
| |
] , ) ]
S
[ ]
|
, o
| i !
! [
, [
| |
I |
| L o |
| @ |
| [
, [
, [
| _ [
| -2 _

(Buuonuopy) sploysaiyl snouea Huisn sad juswinnsul sy} o 19818 abels 1sii4 (Buioyuoly) sploysalyl snouea Buisn sad uswinisul auyl Jo 10ays abels 1si14

(y#21u 3O So[Op Ul poansesw) a8esn [N U0 §(7J PULWILIISUL 0} JO SIOOF TV oINS

o0

PO

90

80"

[40

o

90

80

61



100 > d i ‘G000 >d ., 0T'0>d

[T¥]°19®], ut punoj oq ueos

S9[(BLIRA [0IJUOD [[B I0J SO1}SIIR)S 9AI}dIIOSep PUR SUOINIUYS(] "URIPSW 2A1109dSal 81} ST Se1108998D  MO[, pu® 31, 81 UsaM)a(] JUIYSMIUIISIP 10] P[OYSAIY)
oy T, "queoyrusis A[earnsod [[e a1e Aoy J, -ooeds JO SUOSRAI I0] 9[(e) 9} Ul PIISI[ JOU IR S9LI0891RI-I9IUNO0D dA1109dSe1 9] 10] soreWI)sd §(T4 oY, oinssoid
aAI1edwod Y3y ‘wnipawt ‘mof/ou 9jousp ‘durod Y3y pue WNIPOW ‘MO ‘SIOIAISS I9Y10 pue J,)] :90IAISS J,D] ‘SOOIAISS [RIOURUY PUR PIIR[OI-WLIY :90IAIOS
urg ‘smou ‘qrodsuel) ‘oper) :opel], :SULINJORINURW S[OIYOA ‘SOIUOIINN[O ‘[RJOUT :[RIDJA] 9T ‘SOLIJSNPUI O} I9Jod SUWIN[OD INOJ IXOU O, 'SOSSR[O 9ZIS WL
09 I9Jol SUWN[0d 92113 381y oY) ‘[oued doj oyy uy "ulis oaryisod ® Ym Juedyrusis A[ySIy st YoIiym ‘97 IeoA oY} JO SUOIJRAIOISQO IOJ 9JRWIIISO G(TJ O3 SI
paAe[dsIp jou os[y "jurOyIUSIS A[[RO1)sI)R)S sAemle j0u I ‘@ansod st Wy} Jo yoey "a100s Ajsuedoid pajew)se oY) Jo o[lprenb 1 pur ‘pig ‘pug ‘s oY) 0}
3u1duo[eq SULIY I0] S9)RWIISS G'(TJ 9} o8 PaAR[dSIP JON ‘[9AS] JOLIISIP oY) 1B PaI9)SN[d SIOLIS PIRPUR)S snqol jussaidal sesayjuated Ul sanjea o], ‘S®JO0N

[F1°19eL 990G *sedinog

0eh €66 i) 669 909 L18 09 €99 678 VLG N
(¢80°0) (€90°0) (890°0) (¥20°0) (0£0°0) (890°0) (€20°0) (890°0) (690°0) (220°0)
€610 88170 e 0FZ 0 +xx861°0 wLOT'0  wnl1T0 80T°0 w5xG0E°0  wxCLT'0  4x6ET0 SAd
20[ REIL| 20[ LEIL| ou soA 0661 > 0661 < ou soA
SnJeIs [RITUYDT, Ayiaronpord Aed ooururIOpOg popunoj urirq sqol queoep
92 L68 e1L 0TL z1L 1. ay) 0. Gel 889 N
(220°0) (290°0) (601°0) (€60°0) (620°0) (L90°0) (680°0) (860°0) (zo1'0) (S20°0)
wxx29T°0 +CST°0 L2170 «L6T°0 w€6T°0  wsIBT°0  LE9T°0 TTT0 0600 41920 SAd
0> 0< 20T usq 20T usy MOT usq 20T usg
9DIOIIOM Y sjuapnIg SI9YIOM PII[INS SUOIIRIISISOI ssoulsng  juowAojduwou)
689 92 80% 091 613 e L€ iaal 9 6V N
(L90°0) (680°0) (901°0) (e¥1°0) (gz1°0) (1971°0) (660°0) (zL10)  (6€1T°0) (S60°0)
el 6T°0 +96T°0 9220 2w G070 €810 0ST°0 . o all P00 6VT'0  LGLT0 SAdd
‘dwoo ySry  ~duwroo wmnips]y  "dwiod MO 90IAISS )] OOIAISS ‘UL  Opel], JICEEIA 4+00¢  66%-0SC 6%2-00T

SOATINOOXD ‘suolssaldal Surrojruour - uoryduwmsse £}10TUOJOUOW ) 10] SIS9T, GV 9[qRl,

62



1070 > d 4ux ‘G0°0 > d 4y ‘0T°0 > d . [2¥]919RT, 908

'sa1oN [g] o191, 995 ‘seoanog

909 L18 09. €99 678 VLG N
(280°0) (190°0) (690°0) (L0'0) (990°0) (€80°0)
080°0 w8000 w0FT0 LSPT0 w9020 0TT0  Sdd
ou SETN 0661 > 0661 < ou SoA
snje)s (eoTura], AYATIONPOIJ Ked sdURTLION®J papunoj writ g sqol jueoep
4 11 av) 0. el 889 N
(690°0) (120°0) (960°0) (2z800) (€60°0) (950°0)
CGT0  w0LT°0 ¥10°0 G6T°0 9200  4klCT0 SAd
a0] usq Mo[ REi ;o[ qs
QDIOIOM §/ SIONIOM POTINS SuorjRI)SIZal ssoursng — juowdordwou )
612 e7e L€ Al 9%C i N
(¥21°0) (6£1°0) (60T°0) (cez0) (8e1'0)  (6L0°0)
9¢T°0— 680°0 8GT°0 €660 TPO0—  .0SC0 SAd
‘dwoo ySryy -dwoo wmipeyy duwod Mo 90IAIeS [)] OOIAISS ‘UL  Opeil], RI9IN +00S 66%-0SC 6%2-00T

SOAI)NOOXO-UOU ‘SUOISSISoI SULIojuow - uorjdwmnsse £3OIUOjoUOW 9Y) I0J S1S9T, €V 9[qeL,

63



100 > @ i ‘600 > d 4, ‘0T°0 > d . [CV]oIqRT 998 'seroN [g]o1qr, 995 sedanog

N

1.9 699 €89 LS9 €L9 L99 L9 899 689 ¢g9
(€01°0) (860°0) (601°0) (901°0) (L81°0) (cr10)  (¢1T°0)  (g91°0) (1ET'0) (911°0)
#8820 «96T°0 88270 TLT°0 £L0€°0 eIro 96270 1220 8910 G380 SAd

20T LEIL| 20T U3 20 REIL| 20T REIL| 20T LEIL|

LI UOWIOAN

JOTI)SIP USWIOAN

90Ue[e( IOJNUIUIO))

onyeA aserPIng

ooeds SuIArg

89¢ oL6 L9 G99 veL 909 76 ANy N
(621°0) (980°0) (601°0) (960°0) (901°0) (ezr10)  (180°0) (2£1°0)
e VFE0 L6170 091°0 welVTE0 4229270 L002°0  wxCVT0 2G50 SAd
20 LE ou sok 0661 > 0661 < ou sok
STYRYS [RIIUYIIT, Ayaryonporq pepunoj wrir g sqol jueoep
90¢ e L9 ¢99 1.9 699 129 €99 1.9 699 N
(80T1°0) (960°0) (1%1°0) (e¥1°0) (960°0) (011°0) (111°0) (9z1°0)  (60T°0)  (801°0)
«xxC6G°0 990°0 e 18€°0 0€2°0 ~I6T°0 40820 L1270 9FT'0  .«PIE0 1600 SAd
0> 0< 20 usq 20 REIL| 20 REIL| 20T usg
DIOTIOM Y/ sjuapnIg SIOYIOM POT[INS suorjeI)sigor ssoursng  jyuowAordwou)
€69 687 99T 871 0% (&dd z29€ SA %54 65T N
(860°0) (G0T°0) (gez0) (622°0) (681°0) (691°0) (Le1°0) (gog'0) (891°0) (€21°0)
wxxGFE0 ZeT0 ee10 023 0— 80€°0 wexPIT0 xe88F0  wuxIG80  L8T0 1020 SAd
‘dwoo ySryg  -dwoo wmipeyy  duod Mo 90IAIeS J)] OOIAISS ‘UL  Opel], [N +00¢  667-09¢ 6%2-00T

SOATJTIORXD ‘SUOISSaISaI oWy Woly Sunjiom - uorpdunsse £joruojouow oY) 10J $1S9T, :FV 9[qel,

64



1070 > @ i ‘'G00 > d o,

‘01'0 > d , [gy]o1qel, @08 *se10N [g]o1qel, 99g ‘seoanog

129 699 €89 L99 €L9 L99 L9 899 89 Gg9 N
(980°0) (z11°0) (T11°0) (160°0) (tero)  (0r°0) (str0)  (eer0) (260°0) (82T°0)
«xC8C 0 +CLT 0 wx0C8E0  wnlTE0 9¢T°0 FLT°0 HOVT0  wi8CE0  wG8T0 «s9TV0 SAd
20T LEIL| 20 U3 20 REIL| 20 U3 20T LEIL|

LI UOWIOAN

JOTI)SIP USWIOAN

90Ue[e( IOJNUIUIO))

onyeA aserPIng

ooeds SuIArg

89¢ oL6 L9 G99 Vel 909 76 ANz N
(e¥1°0) (180°0) (201°0) (880°0) (11T°0) (001°0) (€80°0) (921°0)
L1920 e ITE0 w0x807°0  wx06E°0  wnFOF'0  4xbET°0 4xCIE0  4E€ST°0 SAd
20 LE ou sok 0661 > 0661 <  ou sok
STYRYS [RIIUYIIT, Ayaryonporq pepunoj wrir g sqol jueoep
90¢ Ve L9 ¢99 1.9 699 129 €99 1.9 699 N
(60T°0) (920°0) (0%1°0) (121°0) (260°0) (g01°0) (911°0) #11°0)  (260°0) (901°0)
e TEE0 «xx60€°0 «+EVE0 V3T 0 willT0 n€TE0 P TED  4x06T°0 wxx8VE0D 4uxCGE0 SAd
0> 0< 20 usq 20 REIL| 20 usq 20T usg
DIOTIOM Y/ sjuapnIg SIOYIOM POT[INS suorjeI)sigor ssoursng  jyuowAordwou)
€69 687 99T 871 0% &dd 29€ ev1 %54 65T N
(¥01°0) (¥01°0) (8¢2°0) (ze€0) (LLT°0) (50z°0) (0¥T1°0) (zee0) (121°0)  (601°0)
wxxEFF0 LI6T°0 T11°0— €67 0— L8€€°0 Z81°0 0620 L9E0  TPT'0  «s€L80 SAd

‘dwoo ySryg  -dwoo wmipejy  duwod MO 90IAISS T )] OJIAISS ‘UL

opel],

B3N +00S

667-09¢ 67¢-00T

SOAT)NIOX-TIOU ‘SUOISSAIFAI w0y wolj SuryIom - uorpdwinsse A}0TUOJOUOW S} I0] SS9, QY 9[qE],

65



_ pajeanun [ Pajeal] _

21090s Aysuadold
8 9 14 4

AisuaQg

(sannnoaxa-uou ‘[epow Awouojne) yoddns uowwo)

_ pelesnun [ | pejeall _
2109s Aysuadold
8’ 9 14 4
1

1 1 1

AisuaQg

(sannoaxa-uou ‘[epow Bunoyjuow) poddns uowwo)

sjord jr0ddns uowrmio))

pejeal]

R —

a109s Aysuadoly
l 8’ 9 ¥

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

|
|
|
|
|
!
|
|
|
|
|

(saAnoaxa ‘japow Awouoine) poddns uowwo)

_ pajeanun ] Paleall

al09s Ayisuadolyd
I 8’ 9 ¥

1
e

(saAnoaxa ‘japow Buno)juow) poddns uowwo)

gy eIn3rg

Ausuag

66



ay -———- 1D %06 AN ———— B 10 %06 LN

Juswieal) 0} 8oUE)sISal paAlasqoun JusWieaJ) 0} 8oUEB)SISal paAlasqoun
8’ L 9 g 14 € 4 8’ L 9 g 14 € 4
1 Il 1 Il 1 Il 1 Il 1 1 1 1 1 1
4
4
@
2
3
l . @
=
2
@
Q
N
- W
a|dwes pawwiL} ‘SaANOaX8-UoU ‘AWouoine ‘[apow [ewlou ouaweled 31\ s|dwes pawiwL) ‘SaA)Ndaxa ‘AWouoine ‘|apow [ewlou oujeweled (31 A
L -———- 1D %06 AN —— v -———- 1D %06 LN
JusW)eal} 0} 8oUE)sIsal paAIasqoun JusWieaJ) 0} SoUE)SISa paAlasqoun
8’ L 9 g 14 € 4 8’ L 9 g 14 € 4
1 1 1 1 1 1 1 \ 1 Il 1 1 Il 1 1
- o
4
@
o
3
N
=
2
@
Q
SN
- w

l
1084 Juswieal]

s|dwes pawuwL ‘saAndaxa-uou ‘Buliojiuow ‘[apow [ewlou dueweled 131\ s|dwes pawwll} ‘SaAIINO9Xd ‘Buliojiuow ‘|opow [ewiou ouyaweled 3] N\

ordures pewrwiLI} ‘Jopowt ewlIou drrjourered :SoAImd N €V oINSI

10840 Juswieal]

67



TO0 > d 4y ‘GO0 >d 4, 0T0>d

[ °19®.1 @S *s@30N

‘suorye[NO[RD UM() ‘SIRAA snolrea ‘oseqeiep YYINI ‘810¢/910¢ [Purd yuowysiqeisy gVI ‘8S10%/910¢ £oaims 1okojduwd ‘[oued [9UUOSIO] POyUIT] ‘S92INOS

G6E'T €681 G6E'T €681 €TVl €ar'l Tee'T  1€ET €TVl €ar'l N
[000°0]  [000°0] [000°0]  [000°0] [t00°0]  [000°0] [000°0]  [000°0] [t00°0]  [000°0]
ougﬁ\w@ﬁg pﬁwaﬁpamﬁﬁ uo pm@,H_
[60c]  £[6907] (60077 wl1€07] L8607 wlev0] INIV > LIV °H
(9zg'0)  (L05°0)  (80L°0) (¥99°0)
€080  ++890'T GR0'T  4x10G'T W@ X 4y LOTIN
(1ec0) (ggg'0)  (8420) (088°0)
FI60— .FT60—  L8TT— LI6VT1— 0=49¢ —4d O
S100J0 JUOU)RAI]) SNIOOUSTOI0IO PUR A}TOUSOIDISY [RIIUISSO UO SIS,
L[9¢07] w[2707] an® > g2 °H
SOATITIOOXD-TIOU PUR SOATINIOXS Uoom)a( SH Y JO Ajenbe o) uo 31897,
(v080)  (¥¥S0) (8L7°0) (L8%'0)  (69.°0) (186°0)
L0908 T 4960°T TOV'0  xs88E'T 6170 7960 ILOLV
(688°0) (215°0) (891°0) (8es'0)  (gg6'0) (¥PET)
wVV0T  «xnT69'T e ISTT wxCLS T wxIBET  «x8LE'€E AR
(ovL0) (g6¥'0)  (219°0) (20g0)  (2g90) (¥290)  (9gv0) (00c0)  (1€9°0) (1€0°7T)
e VPLT s TEF T nb80'T wunl€8 T wnlBCT wxsGIGT  4xGER'0 wunFO9T  4u€CGT  4l0G'T ALV
(o1) (6) (8) (L) (9) (g) (%) (€) (2) (1)
anNOIW gNOIW ZyNOIW gNOW zyNOW ZNOW zyNOIW zNOW zyNOIW  zNOJNU olqeires juspuada(g
LN oreuwreredrurog Ppow HYD Ppow HYD SIOLI)STP poseryg ordures eurdLi() YOO SSOUISNOY

SOOI SSAUPSNOI :SULIOYUOW [RUOTJeZITRSI0 U0 TN JO S109J0 JUOUWIIRAI], 19V O[eL

68



T00 >4 4k ‘G00>d ., 0TO0>d
[f °19%1, @98 *sej0N
"SUOIYR[NO[RD UM() ‘SIBOA Snolrea ‘eseqerep YVIINI ‘910¢/F10g [ourd ruswysiqetsy VI ‘910¢/F10¢ £oains 1ofojduro ‘[oue] [oUUOSISJ PoyUI] ‘S92INOS

eIe'1 e1e'1 eIe'1 e1e'1 ove'T ove'T S 67C'1 0ve'T 0ve'T N
[000°0]  [000°0] [000°0]  [000°0] [000°0]  [000°0] [000°0]  [000°0] [000°0]  [000°0]

9OUBAS[OI JUSUWINIISUL UO 38T,

£080°0] +[€€0°0] [21L°0] .[870°0] [2L€°0] «[TP0°0] LIV > LNIV °H
(69¥°0) (cL¥'0)  (¥09°0) (065°0)
61€°0— 019°0—  00€0— 9FL0— 4@ X 4 LOITIN
(cee0)  (ogc0)  (1ee0)  (906°0)
z60°0—  .9¥6°0 697’0 PRSI 0= 99— og

$109[J0 JUAUI}RAI} SNOSUDF0I010Y Pue £}10US0INNOY [RIJUISSO UO SISIT,

+[120°0] «+(820°0] ANl S g0 OF

SOATINOIXI-TOU PUR SOATINIXD UM SHTY JO £31renba o) Uo 1897,

(g0L0)  (¢L9°0) (0L9°0) (6L¢0)  (618°0) (L1E'T)

TETT  .06G°T €800~  «lLT'T GTIG0  ..875°C INLV
(Lev0)  (€67°0) (Fre0)  (evp0)  (087°0)  (0120)

98¢'0  LLLO T20'0— 6780 620 0800 LIV
(r1e0)  (Leg0)  (g8e€0) (¢sv0)  (p8v'0)  (cee0)  (12v°0)  (16%°0)  (667°0) (159°0)

€EL0  WFET'T 8GZ'0  4xL60'T €080  «693T  OFT0—  .LE0'T G980 LGOT'T ALV

(01) (6) (8) (L) (9) () ¥) (€) (2) (1)
anHAM gHAM gyHAM gHAM gyHAM gHAM gyHAM gHAM gyHAM  gHAM 9lqeirea juspuadeq

ALIN oueuwrerediueg Ppow YD epow YD SIOLIYSIP poserq ordures TeursStiQ YO0 ssou)snqoy

S39YP ssoulsnqol Amwouojne sLorduwe uo O JO SI00H JuauIyedl], 1LY 9[qeL,

69



SOAIJN08X8-UON

||||| S8ANoaxy

|Jepow Awouoiny

SOAINOBXS-UON - — — — — SOAIIN0aX]
|apow Buiopuop

juswieal) 0} 8ouejsisal paAlasqoun

L 9

S

14

Juswieal} 0} SOUE)SISaI PAAISSQOUN
€ 4 8’ L 9 S v €

1 |

o
o

—

L m

o

3

=

RSES

®

=%

Lo m
N
[ o
Fw

a|dwes pawwiy ‘|apow Al oUewelediwas :saAINd J LA a|dwes pawwiy) ‘[spow A|7 oL}ewelediwas :SaAINd 1A
SOAIINOBXB-UON - — — — — SOANOdXy — SOAIINOBXD-UON - — — — — SOAIIN0AX]
|opow Awouoyny |opow Buioyuop
juaWieal} 0} BoUB)SISaI PaAISSqoUNn JusW}eal) 0} BOUB)SISAI PAAISSQOUN
3 8’ L 9 <3 14 o 4 L 0 l 6 8’ L 9 g 14 € 4

10048 Juswieal]

s|dwes pawwlLijun ‘|apow [ewlou duaweled 13|

a|dwes pawwuun ‘|epow [ewlou ouaweled ;3|\

SYDOYD SSOUPSTLQOI :SOAIND N FV oISr

Sl
1098 Juswieal]

*x4

109440 Juswieal |

70



	Introduction
	Theoretical analysis
	Model
	Optimal incentives and the relative gains of MICT equipment
	Data and variables
	Measuring MICT equipment
	Measuring monitoring
	Measuring employee autonomy
	Identification strategy
	A generalized Roy model framework
	Instrumental variable (IV) and identifying assumptions
	Marginal treatment effects (MTE) estimation
	Parametric normal MTE model

	Empirical results
	Assessment of instrument validity
	MTE estimation of MICT on organizational control
	Sensitivity analysis

	Conclusion
	Detailed discussion on instrument validity
	Instrument relevance
	Conditional independence

	Assessment of instrument validity
	Testing instrument relevance and conditional independence
	Testing the exclusion restriction for a binarized treatment variable
	Testing monotonicity
	Sensitivity analysis
	MTE estimates for the untrimmed sample
	Excluding potentially biased districts
	Correlated random coefficients (CRC) model
	Semiparametric MTE model
	Fractionally resampled Anderson-Rubin (FAR) test
	Additional tables and figures






