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Abstract

How much do CEOs matter for firm performance? We estimate the causal effect of CEO
quality on productivity using comprehensive administrative data covering the universe of
Hungarian firms and CEOs from 1992–2022. We develop a production function framework
that separates owner-controlled strategic decisions from CEO-controlled operational deci-
sions. To address the severe measurement error in CEO fixed effects arising from short
tenures, we introduce a placebo-controlled event study design: we compare actual CEO
transitions to randomly assigned fake transitions in firms with stable leadership. The results
reveal that a CEO better than the incumbent increases firm performance by 3% while a worse
CEO decreases it by 2%. CEO changes contribute to the variance growth of productivity
by 30% in the first 10 years of the firm’s existence. The placebo-controlled methodology
provides a general solution for estimating individual effects in short-panel settings.
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1 Introduction

To what extent do CEOs contribute to firm performance? Good management can improve firm
productivity, as suggested by studies analyzing leadership changes (Bertrand and Schoar, 2003;
Bennedsen et al., 2020; Metcalfe et al., 2023), by intervention studies improving management
practices (Bloom et al., 2013) and training programs for managers (McKenzie and Woodruff,
2021; Bianchi and Giorcelli, 2022).

In this paper, we analyze the impact of CEOs on firm productivity. We make three con-
tributions to the literature. First, we develop a model that accounts for the division of control
between owners and managers. Second, we assemble a dataset based on two administrative
databases covering the universe of Hungarian firms and their CEO networks over three decades
(1992-2022). Third, we employ a regression design which uses firm and CEO fixed effects (in the
spirit of Abowd et al. (1999a)) to uncover the contribution of CEOs to firm productivity; this
approach has been used since the beginning of this strand of literature (Bertrand and Schoar,
2003). We improve on this estimation framework by introducing a placebo-controlled event study
design that separates true CEO effects from the mechanical noise that contaminates firm and
manager fixed effects estimates in the presence of limited mobility bias and short managerial
spells. We also perform a decomposition of the variance to quantify the impact of CEOs on firm
productivity.

Our modeling approach specifies the role of owners and CEOs in operational decisions. Own-
ers set fixed inputs (such as tangible and intangible capital) and CEOs optimize variable inputs
(labor, materials). This simplification underestimates CEOs’ strategic importance, but it has
two advantages. First, it does not attribute all the effects of capital to the CEO as owners – the
providers of capital – are naturally the final decision makers in this respect.1 Second, we argue
that by making the owner the sole decision maker regarding capital, our estimation of the CEO
effects on firm productivity will be downward biased because as capital will be controlled for in
the regressions.2

Papers use three approaches when analyzing the effect of CEOs. One group studied the
effects of a distinct, measurable variable, such as managerial practices used in the firm (Bloom
et al., 2012) or a CEO attribute (age, gender, tenure, education or country of origin (Anderson
et al., 2018; Henderson et al., 2006; Koren and Telegdy, 2023)). These studies are useful to show
the effects of the studied variables, but they arguably capture little of the whole effect of CEOs
over the firms they manage. Another group uses an external event to assess the effect of CEO
turnover (e.g., Bennedsen et al. (2020)). While this approach brought about credible causal
estimates, the heavy data needs render this approach impossible to use in most situations.

The third group employed firm and CEO fixed effects to separate the quality of firm from
that of the CEOs (Bertrand and Schoar, 2003; Crossland and Hambrick, 2011; Quigley and
Hambrick, 2015). While these studies employ a framework that can be used in many settings,
the generalizability of their results is challenged by the data used because almost all study public

1Even if the firm is founder managed (so the owner and the CEO are identical), family interests and financial
constraints will impede the smooth changes in the capital structure.

2As we will show later, firms under good CEOs grow and have more capital. Controlling for capital reduces
the effect of CEOs, even if part of the capital is correlated with their ability.
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companies only.3 Our data has information on the universe of Hungarian businesses and all their
CEOs for the period between 1992 and 2022, tracking over 1 million firms and a similar number
of CEOs.4 The overwhelming majority of the firms in our sample are small and medium-sized
enterprises (SMEs). This adds a new dimension to the analysis that was largely missing from
the literature and allows drawing conclusions about CEOs’ effects on the whole economy. Our
analysis is also distinctive in that earlier studies focused on developed countries, while our data
come from Hungary. Indeed, the institutional context matters: Crossland and Hambrick (2011)
show that informal and formal institutions affect CEO discretion.

Our model produces a measure of firm productivity that is directly dependent on the CEO.
Firm productivity is the dependent variable in our baseline regression, where we correlate pro-
ductivity with firm and CEO fixed effects. We define the value of each CEO as the average firm
productivity measured over all firm-years when the CEO was in office.

While the estimation of CEO effects is unbiased under standard identification assumptions of
fixed effects regressions, bias may arise when regressions are conducted on subsamples segmented
by CEO quality. (Estimating the effect of CEO quality on firm performance is the ultimate goal
of such studies.) This is caused by the short time span of many CEOs and also by the fact that
we observe few CEO replacements for a firm.5 CEO fixed effects are estimated from few changes
and CEO and firm fixed effects will partly overlap. Firms that experience a positive shock will
be more likely classified as having good CEOs, and those that draw a negative shock as having
bad CEOs. To address this bias, we introduce a placebo-controlled event study design.

The main idea of this correction is the creation of pseudo CEO transitions in the data6 We
take firms with CEO transitions, record their event window. The event window is the period
encompassing the years under the CEO prior to the CEO change and the period under the
new CEO post the change. We match these firms to firms born in the same year, belonging
to the same sector, that however do not experience a CEO transition during the years of the
event window. Then, we assign to the control firms a placebo CEO transition happening in the
same year as the treated firm experiences the true CEO transition.7. On the matched sample
we implement two-way fixed effects regressions.8 If estimated ‘effects’ for these pseudo-CEOs
diverge substantially, this reveals the noise problem in fixed effects estimation. By comparing
actual CEO transitions to these placebo transitions, we can correct the fixed effects estimates
for noise, isolating the true CEO contribution.

Our results indicate that the average CEO transition does not have substantial effects on
firm productivity. This result is not counterintuitive: sorting by quality implies that CEO

3Quigley et al. (2022) is a notable exception studying CEO effects in private businesses, but the private sample
comprises of large firms.

4Mandatory registration of all company directors ensures complete coverage of CEOs in the whole corporate
sector.

5This is the limited mobility bias, which contaminates the second moment of wage regressions in the presence
of worker and firm fixed effects Kline (2024).

6This step in the spirit of Jarosiewicz and Ross (2023), who compare the replicated results of Bertrand and
Schoar (2003) with placebo regressions.

7In addition to addressing the limited mobility bias, our approach has the advantage of creating a control
group that is more similar to the treated firms than the universe of firms

8The estimation is similar to the two way fixed effects regression developed by Callaway and Sant’Anna (2021),
but we exploit the fact that the control group also has a time of pseudo CEO change. We compare firms with a
true CEO change with firms with a fake CEO change along the same event-time years.
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replacements tend to be matched with successors of comparable quality. Nonetheless, sorting is
not perfect and we find large swings in productivity when we run the regression for transitions
that improve or decline CEO quality.9 Our placebo-controlled regressions estimate a 3% increase
in productivity when the CEO value increases, and a 2% decline when it decreases. The low
magnitude is due to our correction mechanism: in the placebo estimates, the measured “effect”
is on the order of 20%.

To validate our model, we run the same regressions on the main inputs of the firm. Contrary
to our assumption about capital not being affected by CEOs, we find that the value of tangible
assets declines before, and increases after the CEO change, but the proportion of firms possessing
intangible capital does not change. However, the change in tangible assets is both smaller and
slower than the massive change which are measured for both short term inputs, the cost of
materials and labor. While the change in tangible assets is 5-10%, variable inputs change by
about 20% in an order of magnitude larger.

To quantify the effect of CEOs on firm performance in our data, we perform a variance
decomposition, which computes what proportion of the total dispersion of productivity change
is explained by CEO transitions. As demonstrated by countless papers in labor economics, the
variance is also contaminated by the limited mobility bias and we make a correction of it with
the placebo method. With our carefully chosen control group we also take into account the
mechanical effect of firm age on productivity dispersion: as time passes, the firm gathers shocks
and so the dispersion will increase.

We find that CEO transitions explain about 30% of the productivity change in our data. The
placebo correction is also important here: without it, this share would be about twice as large.

Our work connects to the broader literature on management practices and firm productivity.
Randomized controlled trials demonstrate that management training and consulting improve
firm performance (Bloom et al., 2013; McKenzie and Woodruff, 2021), but these interventions
change practices rather than people. Whether replacing managers generates similar gains remains
contentious. Evidence from public sector organizations suggests modest manager effects (Fenizia,
2022; Janke et al., 2024), while studies of family firms find larger impacts when professional
managers replace family members (Bennedsen et al., 2007; Sraer and Thesmar, 2007). Our
results for private firms fall between these extremes: CEOs matter, but less than raw correlations
suggest.

Methodologically, our paper builds on the two-way fixed effects literature in labor economics
that decomposes wages into worker and firm components (Abowd et al., 1999b; Card et al.,
2018). These studies face similar challenges from limited mobility creating small-sample bias
(Andrews et al., 2008) and have developed bias-correction methods (Bonhomme et al., 2023;
Gaure, 2014). We adapt this framework to the CEO-firm setting but add placebo controls to
separate signal from noise. This approach is valuable when studying managers who, unlike
workers, have few observations per individual, making traditional bias-correction methods less
effective. Recent work has documented apparently increasing CEO effects over time (Quigley
and Hambrick, 2015), but these studies do not account for the mechanical noise we identify.
Lippi and Schivardi (2014) find that concentrated ownership in Italian firms distorts executive

9In these regression, we also select the control sample by improving and declining productivity along the pseudo
CEO transition.
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selection and reduces productivity by 10%, providing motivation for our framework separating
owner and CEO decisions.

2 A Model of Production with Owner- and Manager-Controlled
Inputs

In this section we develop a simple model of firm production to establish how CEOs contribute
to firm productivity. An important feature of this model is that CEO skill is a direct component
of TFP, but is also correlated with input choice: under skilled managers firms will purchase more
inputs due to the complementarity of productivity and inputs.

In the model, we attribute decisions regarding short run inputs as labor and material to
the CEO while investment is decided by the owner.10 While this is probably too restrictive
regarding the role of the CEO in long-run investment, we do this for three reasons. First, there
is no theoretical guidance on the process of decision making regarding investment, especially
among private firms. Second, we estimate the effect of CEOs on productivity around a CEO
replacement which is a short-run effect by construction and capital is likely to change in the
longer run. Third, modeling capital as fixed from the perspective of the CEO will result in a
downward bias of CEOs on productivity, as good CEOs will often be observed as working with
higher levels of capital.

We define a Cobb-Douglas production function with both fixed and variable inputs. The
production function for firm i with manager m at time t is:

Qimt = AiZmεitK
α
itL

β
imtM

γ
imt (1)

where Ai represents time-invariant organizational capital (including items as location, brand
value, customer relationships), Zm captures CEO skill, Kit, Limt and Mimt are capital, labor
and intermediate inputs, and εit is the residual productivity. In standard production function
estimation, total factor productivity (TFP) represents the first three components of the produc-
tion function: Ωit = AiZmεit. Our framework decomposes TFP into firm-specific components
(Ai), manager-specific skill (Zm), and residual productivity shocks (εit) to identify the manager
contribution. The production function exhibits decreasing returns to scale in variable inputs
(β + γ < 1), which pins down optimal firm size even under perfect competition.

We assume physical capital investment (Kit) and organizational assets (Ai) are predetermined
from the perspective of the CEO, who thus controls only labor (Limt) and input purchases (Mimt).

Managers maximize profit by choosing variable inputs optimally given the predetermined
choices. Under sector-specific output price Pst, wage rate Wst, and material price ϱst, the first-
order conditions yield closed-form solutions for optimal input demands. Substituting these back
into the revenue function gives:

Rimst = (PstAiZmεit)
1/χK

α/χ
it W

−β/χ
st ϱ

−γ/χ
st (1− χ)(1−χ)/χ (2)

Revenue increases in manager skill Zm, organizational capital Ai, and physical capital Kit, while
10We abstract from agency problems between the owner and the CEO.
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decreases in input prices. The elasticity of revenue with respect to manager skill is 1/χ > 1,
with χ := 1− β − γ, the share of surplus in revenue.

The surplus accruing to fixed factors (Kit and everything embedded in Ai and Zm), equals
revenue minus payments to variable inputs:

Simst = Rimst −WstLimt − ϱstMimt = χRimst (3)

Under Cobb-Douglas technology, surplus is a constant fraction χ of revenue. This proportion-
ality allows us to work directly with revenue, simplifying estimation while preserving economic
insights.

Taking logarithms of the revenue equation (2):

rimst = C +
α

χ
kit +

1

χ
zm +

1

χ
ai +

1

χ
pst −

β

χ
wst −

γ

χ
ρst +

1

χ
ϵit (4)

where lowercase letters denote logarithms (e.g., ϵit = log εit) and C is a constant.
The value of replacing manager m with manager m′ at the same firm is the extent to which

surplus changes as the manager changes:

rim′st − rimst =
1

χ
(zm′ − zm) (5)

The value difference between two CEOs of a firm is measured by the difference in firm revenue,
and it equals the skill difference scaled by 1/χ. This scaling reflects a leverage effect: a 1% better
manager hires more variable inputs, thereby increasing revenue and surplus by more than 1%.

The model excludes dynamic considerations such as adjustment costs or forward-looking
behavior. Strategic decisions are forward-looking due to their persistence, but we treat them
as predetermined from the manager’s perspective. Even though the optimization framework is
static, our empirical application allows for arbitrary time-series correlation within and across
variables. The data validate this choice: strategic variables like capital evolve slowly with little
correlation to manager changes, while operational variables adjust immediately following CEO
transitions.

3 Estimation

Our estimation proceeds in four steps: we measure the surplus share χ (the share of revenue
accruing to fixed factors), estimate the revenue function, recover manager fixed effects, and
recover the dynamics of the estimated effects through event studies. Each step builds toward
separating true CEO effects from the noise that contaminates raw estimates.

Having estimated the placebo-corrected CEO effect, we decompose the variance of TFP into a
general component and one depending on the CEO. The share of the CEO dependent component
in the total variance provides a quantification of the CEO effect on firm productivity.

Step 1: Measuring the Surplus Share. The parameter χ—the share of surplus in revenue—
determines how manager skill translates into firm performance. Under Cobb-Douglas technology,
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this share equals one minus the combined revenue shares of labor and materials. Following
Gandhi et al. (2020), we measure χ from the data as:

χ̂s = 1−
∑

i∈s(WstLit + ϱstMit)∑
i∈sRit

(6)

where the summation runs over firms in sector s. This approach yields sector-specific estimates
of χ. The 1/χ scaling in our framework creates a leverage effect, amplifying the impact of
managerial skill on firm performance.

Step 2: Estimating the Revenue Function. With χ̂ in hand, we estimate the revenue
function to recover the capital elasticity and control for observable factors. With an estimate of
αs/χs recovered, we multiply it by χ̂s to recover α̂s. Using lowercase letters for logarithms, the
estimating equation is the empirical counterpart of (4):

rit(m,s) =
αs

χs
kit +

1

χs
zm +

1

χs
λi +

1

χs
µst + ϵ̃it (7)

where rit(m,s) = logRimst(m,s) is log revenue, kit = logKit is log capital, λi captures firm fixed
effects, µst are sector-year fixed effects, and ϵ̃it = ϵit/χ is rescaled residual productivity. We
estimate α/χ in two ways: (a) using GMM invoking a moment condition according to which
the level of capital determined in the previous period is orthogonal to the error term in first
differences E[kit∆ϵ̃it]; (b) as in (a) but adding additional controls such as firm age, intangible
asset presence, foreign ownership.11 The estimated coefficients on capital differ only marginally.

The key assumptions to obtain a consistent estimate of α/χ are: (1) all firms within a sector
face the same prices, and (2) capital is decided in period t-1, and (3) the error term in t, purged
from shocks observable to the firm but not the econometrician is uncorrelated with capital choice
in t-1, kt.

Step 3: Recovering Manager Fixed Effects. After estimating the revenue function, we
compute log total factor productivity by removing the contribution of capital and sectoral prices
from revenue:

ωimst = χ̂rimst − α̂kit − µ̂st = zm + λi + ϵit (8)

This measure of log TFP contains manager skill, firm effects, and residual productivity. In stan-
dard production function estimation, this entire term would be treated as a single TFP measure.
Our decomposition separates the manager contribution from other sources of productivity.

We estimate a two-way fixed effects model with firm and manager fixed effects. Our identifi-
cation relies on the strict exogeneity assumption where the conditional expectation of the error
term ϵit is zero for a given firm-manager pair, for every t: E[ϵit|λi, zm] = 0 for t = 1...T This
assumption allows for various forms of endogenous mobility but rules out systematic patterns
where managers consistently join improving or declining firms. The estimated CEO fixed effects
are unbiased, but inconsistent due to the fact that with the sample size N increasing, the length
of tenure of CEO-s at a given firm does not increase.

11Since capital is determined in period t-1, strict exogeneity does not hold, as such standard fixed effect
estimators cannot be used in this step.
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The event study provides a diagnostic test for this identification assumption. Pre-trends
in productivity before CEO transitions would suggest that the strict exogeneity assumption is
violated. If productivity systematically rises before good CEOs arrive, we worry that the positive
trend continues post-transition, violating E[ϵit|zm, λi] = 0 for ∀t. Conversely, the absence of pre-
trends makes it harder to construct plausible endogeneity stories. While we cannot rule out
contemporaneous shocks that coincide exactly with CEO changes (e.g., owners simultaneously
firing the CEO and adopting new technology), such precise timing is less plausible than gradual
changes that would manifest as pre-trends. Our event studies show no significant pre-trends,
supporting but not proving our identification assumption.12

The system of fixed effects is identified only within connected components: groups of firms
and managers linked through mobility. Two managers can be compared if they worked at the
same firm or are connected through a chain of shared CEO-firm relationships. We can esti-
mate ẑm for every manager, but only up to a constant term that may vary across connected
components. Our largest connected component contains 22,001 managers, enabling comparisons
within this network. We normalize the manager effect to be mean zero in the largest connected
component. In TWFE models researchers are typically limited to analysis within the largest
connected component of their network. We are not limited by the largest connected component,
only by the set of firms which experience a CEO transition. As ours is a within firm analysis, the
two CEO-s we compare at the event of a CEO transition always belong to the same connected
component, and hence their estimated fixed effects are comparable.

Step 4: Placebo-Controlled Event Studies. Even when ϵ is orthogonal to z, estimated
fixed effects contain substantial small-sample noise when manager transitions are infrequent and
manager tenures are short.13 A consequence of this small sample bias is that naively estimating
the effect of CEO transitions on TFP will likely overestimate the true effect.

To understand the sources of small-sample bias and how we address it, we remove the firm
fixed effect from TFP by subtracting the firm average:

∆ωimt = ∆zmit +∆ϵit, (9)

where ∆xit := xit − 1
Ni

∑
τ xiτ denotes the deviation of a variable from its within-firm mean.

When a firm changes CEOs, the change in log TFP captures both the true skill difference and
accumulated noise. The noise component—the average of residual productivity shocks during
each manager’s tenure—dominates the signal when tenures are short.

Our solution leverages a simple insight: when CEOs do not change, we still observe variation
in log TFP driven purely by noise:

∆ωimt = ∆ϵit. (10)
12The absence of strong pre-trends in our data contrasts with evidence from Cornelli et al. (2013) showing

boards actively monitor and replace CEOs when performance deteriorates in public firms, suggesting our private
firm transitions may be less performance-driven. While Jenter and Lewellen (2021) find 38-55% of turnovers are
performance-induced in U.S. public firms, our private firm setting likely features more random CEO transitions
given the absence of market pressures and board oversight.

13Worker-firm fixed effect studies face similar challenges called “limited mobility bias” (Andrews et al., 2008).
This literature has developed bias-correction methods for the variance estimates of fixed effects (Bonhomme et al.,
2023; Gaure, 2014).

7



By applying the estimation procedure to measure the effect of CEO transitions on productivity
not only to real CEO transitions but also to placebo CEO transitions, we can measure and filter
out the noise component.

We construct placebo CEO transitions to use as control transitions to actual CEO transitions
in three steps. First, we identify the set of clean CEO transitions by looking at firms with one
CEO per year, where firms have at least two consecutive CEO spells. From around 3.5 Million
firm-year observations, we identify 59,954 CEO changes, involving 42,902 firms. On this sample
of clean CEO changes we estimate the time-varying hazard of actual CEO changes. Second, we
identify all firms with long CEO tenures during which no actual CEO change occurs. Third, we
find possible control firms for every CEO transition experienced by a firm by matching on the
firm’s birth cohort, sector, year of CEO transition, and we also require that the control firms
have no CEO change during the [-4,3] interval around the actual CEO transition. Since there
is a very large number of possible controls, we take a random sample of all possible controls for
any given actual transition. Then, we assign the calendar year of the actual CEO transition to
the set of control firms for any given actual CEO transition. The assigned timing of the fake
CEO change follows the empirical hazard, ensuring the mechanical noise properties—averaging
residual productivity over varying tenure lengths—match between actual and placebo groups.
This is evidenced in Panel B of Table 2, which shows that the spell-length distribution in the
placebo transitions mirrors the distribution of spell-lengths among the actual CEO changes. We
have ultimately 676,370 placebo changes of CEO-s which serve as controls for the 59,954 actual
changes of CEOs.

As an example, consider a firm born in 1995 which experienced a CEO change in 2000, the
CEO stayed until 2005. The event window for the transition is [1995, 2005]. To find the set of
placebo CEO changes, we identify the set of all firms which were born in 1995, belong to the
same sector as our firm of interest, and had no CEO change between 1995 and 2005. Among all
the possible control firms we take a random sample and assign to this random sample a placebo
CEO transition for the year 2000, creating two artificial CEO-spells, one from 1995 to 2000 and
one from 2001 to 2005.

To obtain the dynamics of TFP within firms that experience a CEO transition, we implement
a modified differences-in-differences framework. In particular, we estimate the event study coef-
ficients for every event time g on the set of actual CEO transitions, and estimate analogous event
study parameters on the set of placebo CEO transitions. We subtract the estimated coefficients
of the placebo from the coefficients on the real transition event time by event time, and plot this
difference. Our modified differences-in-differences estimator adapts the Callaway and Sant’Anna
(2021) estimator for two treatment types. We implement it using the xt2treatments package
(Koren, 2024). The key innovation is precisely aligning transitions in event time: both actual
and placebo changes occur at t = 0, enabling a clean comparison of dynamics between treated
and control firms. Formally, we implement the event study around CEO transitions at time g,
comparing actual changes (treatment) to placebo changes (control):

ωimt = ai + γt−g + ϵit (11)

The coefficients γt−g capture the evolution of log TFP in event time for actual CEO transitions
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relative to placebo CEO transitions, where t− g ∈ [−4, 3] and we normalize γ−2 = 0.

Variance Decomposition. To quantify the contribution of CEO transitions to long-term
performance differences, we carry out a variance decomposition. The limited mobility bias will
affect the firm component of the variance of ωit (Kline, 2024), and we correct our estimate with
the placebo procedure discussed above. In addition to this problem, we face another difficulty:
due to cumulative shocks, the variance of productivity mechanically increases as the firm ages.
Our method of estimating an unbiased variance is the following.

We take the birth year b of each firm,14 and compute the change in productivity, ∆0ωit

between year t and b – note that with this method we remove firm fixed effects from the dependent
variable. For our control firms with a pseudo CEO change this will be equal to the following:

∆0ωit =
t−b∑
a=1

∆ωi,b+a =
t−b∑
a=1

∆ϵi,b+a, (12)

while for treated firms (those with an actual CEO change):

∆0ωit = ∆0zmi +
t−b∑
a=1

∆ωi,b+a = ∆0zmi +
t−b∑
a=1

∆ϵi,b+a, (13)

The variance of productivity change for the control and treated groups is

Var(∆0ωit | Dit = 0) = (t− b)σ2
0 (14)

Var(∆0ωit | Dit = 1) = Var(∆0z) + (t− b)σ2
1 (15)

For the latter formula, we assumed that ∆0z is orthogonal to ∆0ϵ.
The key assumption for an unbiased estimator of Var(∆0z) is that the variance of error terms

depends only on firm age and treatment status, but not on the timing of treatment:

Var(∆0ϵit | Dit = 1, t = bi + a) = Var(∆0ϵit | Dit = 0, t = bi + a) (16)

The estimation of the unbiased variance is as follows. We first compute the variance (relative
to year b) as (∆0ω −∆0ω)

2, where the latter term is the mean of productivity within firm. We
regress the variance on firm age - treatment status interactions and compute the age-adjusted
variance by subtracting the estimated age - treatment effects from the actual variance. Finally,
we run a simple difference-in-differences regression on the age-adjusted variance, which provides
an unbiased estimate of the difference of Var(∆z).

4 Corporate Data from Hungary

Hungary provides an ideal setting for studying CEO effects in the universe of private firms. The
country offers complete administrative data coverage for all incorporated businesses, spanning
30 years from the transition economy of the 1990s through EU accession in 2004 to the present.

14In the estimation, we do not take the birth year but a latter year to get a full year of existence as baseline.
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CEO registration is mandatory for every registered firm. The coverage enables us to track CEO
careers across firms and construct mobility networks necessary for identification.

Our analysis combines two administrative datasets. The firm registry, maintained by Hungar-
ian corporate courts, contains records on all company representatives — individuals authorized
to act on behalf of firms. These records include CEOs and other executives with signatory rights,
tracked through a temporal database where each entry reflects representation status over spe-
cific time intervals. Updates occur when positions change, personal identifiers are modified, or
reporting standards evolve. The registry provides names, addresses, dates of birth (from 2010),
and mother’s names (from 1999), though numerical identifiers exist only from 2013 onward.

The balance sheet dataset contains annual financial reports for all Hungarian firms with
double-entry bookkeeping. The data has information on financial variables and some additional
information, such as sector of activity, employment, and ownership (state, domestic, foreign).
The two datasets cover 1,063,172 firms over 31 years, yielding 9,627,484 firm-year observations
before sample restrictions.

Constructing CEO time series across firms poses some challenges. Before 2013, no numerical
identifiers existed, requiring entity resolution based on names, addresses, mother’s names, and
birthdates. We link records across these dimensions to create unique person identifiers, enabling
tracking across firms and over time. Matching quality improves after 1999 (when mother’s names
reporting begins) and 2010 (when birthdates reporting starts), though the 1990s data achieves
reasonable coverage through name and address matching.

Finding CEOs among all individuals from the data requires heuristics since job titles are
inconsistently recorded. When explicit “managing director” titles exist, we use them directly.
For remaining cases, we assume all representatives are CEOs if three or fewer exist at the firm.
When more than three representatives are present, we assign CEO status based on continu-
ity with previously identified CEOs. Time spans between appointments are often unclosed or
non-contiguous, requiring imputation based on sequential information, assuming representatives
remain active if their tenure includes June 21 of each year.

We apply several restrictions to create a sample suitable for productivity analysis. First,
we exclude mining and finance sectors due to specialized accounting frameworks and regulatory
environments. Second, we drop firms ever having more than 2 simultaneous CEOs to avoid
complex governance structures that complicate identification. Third, we exclude firms with
more than 10 CEO changes over the sample period (removing observations for unstable firms)
to reduce noise from misclassified transitions. Fourth, we remove all state-owned enterprises, as
their objectives and constraints differ from private businesses (Orbán, 2019; Shleifer and Vishny,
1994).

We restrict attention to firms that employ at least 5 workers at some point in the firm lifecy-
cle. This filter removes a substantial portion of observations but eliminates shell companies, tax
optimization vehicles, and self-employment arrangements masquerading as corporations. The
remaining firms represent genuine businesses with meaningful economic activity where manage-
ment quality affects performance.

We exclude public firms and joint-stock companies from our analysis. The few companies
traded on the Budapest Stock Exchange operate under different governance structures, compen-

10



sation schemes, and disclosure requirements than private businesses. We also exclude coopera-
tives and other non-standard corporate forms where multiple managing directors share executive
authority, as these organizational structures complicate identification of individual CEO effects.

Firms with multiple CEO changes are handled by splitting their history into adjacent transi-
tion pairs. After collapsing firm-CEO spells, intermediate spells are duplicated so that a firm with
spells 1/2/3 contributes two transitions, 1→2 and 2→3. Each transition defines a pseudo-firm, in-
dexed by a constructed identifier that groups the true firm with the relevant spell window. Fixed
effects are estimated separately for these pseudo-firms, so outcomes around different transitions
are allowed to have distinct firm intercepts. These pseudo-firms are not treated as independent
statistical units. We retain the original firm identifier and cluster standard errors by the true
firm.

Table 1: Number of CEOs and Time of Service

CEOs Firm-Year Firm

1 80% 63%
2 17% 24%
3 2% 8%
4+ 1% 5%
Total 9,627,484 1,012,113

Length CEO Spells

1 22%
2 15%
3 11%
4+ 51%
Total 107,957

Notes: The table presents the number of CEOs of a firm during the
observation period and the length of service. Length is measured in
years.

Appendix Table A1 presents the number of firms in our sample relative to the total number of
firms in the data for several year along the time series. The number of Hungarian firms increases
abruptly during the nineties and also in the first 15 years of 2000s, albeit at a smaller pace. The
result of dropping the small firms results in using about one quarter of all firms. In the first year
of study (1992) we have 26 thousand firms which increases to 115 thousand towards the end of the
period. Overall, we have over one million firms and almost 10 million firm-years in the sample.
The table also shows the number of CEOs each year, which presents a similar pattern; in 1992
we observe 32 thousand CEOs and in 2022 122 thousand. The total number of distinct CEOs
is 340 thousand. Appendix Table A2 shows the industrial distribution of firms and CEOs. The
largest sectors are Wholesale-Retail, Telecom and Business Services and Nontradable Services.

Table 1 shows the proportion of firms (and firm-years) by the number of CEOs observed in
the firm during the period of observation. Not surprisingly, a majority of firms have only one
CEO: 63% of firms and 80% of firm-years belong to this category. One quarter of firms had two
CEOs while 13% at least three CEOs. This latter category comprises only 3% of firm-years. CEO
spell lengths follow an exponential distribution with a 20 percent annual hazard rate, implying
typical tenures of 3-7 years.

5 Results

Production Function Estimates. Table A2 in the Appendix reports our estimates of the
surplus share χ by industry. The estimates range from 0.06 to 0.19 across included sectors, with
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Table 2: Average Effect of CEO Change

All Changes Full Sample

Full Founder→ Outsider→ Better CEOs Worse CEOs
(1) (2) (3) (4) (5)

TWFE (OLS on actual) 0.005*** 0.012*** 0.002 0.060*** -0.049***
(0.001) (0.001) (0.001) (0.001) (0.001)

TWFE (OLS on placebo) 0.001*** 0.001*** 0.001*** 0.026*** -0.025***
(0.000) (0.000) (0.000) (0.000) (0.000)

ATET (debiased) 0.003*** 0.009*** 0.001 0.027*** -0.018***
(0.001) (0.001) (0.001) (0.001) (0.001)

Observations 3,361,459 1,567,503 2,603,434 1,648,507 1,712,952

Notes: This table compares Average Treatment Effects on the Treated (ATET) estimates across different samples
and CEO types. TWFE refers to Two-Way Fixed Effects regressions with firm and year fixed effects. The naive
estimator uses actual CEO transitions, while the placebo estimator uses randomly assigned fake transitions.
The debiased ATET estimator uses the xt2treatments command with optimal weighting and placebo controls.
Better/worse CEOs are classified based on estimated manager fixed effects. Standard errors are clustered by firm.
Significance levels: *** p<0.01, ** p<0.05, * p<0.10.

wholesale, retail, and transport showing the lowest values and professional services the highest.
These estimates imply that a 1% increase in TFP increases revenue by 5 to 16 percent through
the leverage effect of scaling variable inputs.

CEO Transitions and Productivity Change. Table 2 shows the average effect of CEO
transition on productivity as estimated by the naive OLS regression, the placebo effect and the
corrected regression estimate.15 To start with the effect on the whole sample, TFP increases
by 0.5% around the CEO change. The placebo regression produces precisely measured zeros.16

That is, even without a CEO change, TFP changes somewhat. The placebo controlled estimate
equals 0.3%.

As most of our firms are family-owned, we look into an interesting CEO transition: when
founders relinquish control. For comparison, we also run a separate regression on other CEO
changes. When founders are the departing CEO, the estimated effect is 1%. For the other CEO
changes we do not find any change in TFP. This is also a test of our method: when similar CEOs
replace each other, the effect is zero, at least on average. On the contrary, when we measure the
TFP change between two distinctly different CEOs, we do find an economically and statistically
significant effect.17

Finally, we analyze perhaps the most interesting question: how the productivity reacts to
the arrival of a better or worse CEO than the incumbent? For this, we split the sample into two
types of CEO transitions: when the incoming CEO has a higher or lower quality (as measured
by the associated fixed effect) than the incumbent CEO. We also split the placebo sample into

15The naive and the pseudo outcome regression are estimated on the treated and placebo samples, respectively.
The controls are the not-yet-treated firm years. The corrected regressions are estimated on the merged samples
and we use the two-way treatment method discussed in Section 3.

16This is reasonable because here we do not have a reason to believe the estimated effect by simple OLS
regression is biased as we do not select on unobservables correlated with productivity.

17The reason for a positive effect of founder replacement may be the timing of the change. Founders usually
give up their central role in the firm when they find they no longer have enough energy to run the firm.
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Figure 1: Placebo-Controlled Event Studies of CEO Transitions
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firms which experience an increase/decline of their TFP around the pseudo CEO change. The
estimated coefficients are presented in the last two columns of Table 2 and demonstrate the
importance of CEOs and also show how the placebo correction works. Better CEOs than the
incumbent increase TFP by 6% while worse CEOs decrease it by 5%. This large effect, however,
is upward biased, as the placebo regressions demonstrate. The pseudo CEO change also produces
a sizable effect of ±2.5%. Thus, the corrected effect is much smaller: better CEOs increase TFP
by 2.7% while worse CEOs decrease it by 1.8%. Thus, the difference between a good and a bad
CEO is 4.5%.

Figure 1 visualizes the evolution of TFP around the CEO change for four samples: all changes,
when the incumbent is the founder of the firm, all other incumbents, and for the period of mature
market economy (2004 – 2022).18 On each figure we present the event time regression estimates
for the whole sample (black line) and for better and worse CEO replacements (blue and red
lines). The estimations leave little pre-trend and we find large swings in TFP. If the incoming
CEO is better than the incumbent, TFP increases by 3 – 4% while worse CEOs decrease it by
about 2%. New CEOs have an effect immediately on the firm and this proves to be quite stable,
as the estimated coefficients do not change much.

Model Validation: Differential Effects on Short- and Long-Term Inputs. Our model
predicts that CEOs should primarily affect outcomes they control (labor, materials) rather than
those controlled by owners (capital, organizational structure). Figure 2 presents event studies
for owner-controlled inputs (fixed assets and intangibles) and manager-controlled inputs (em-
ployment and materials).

Good CEOs have immediate and substantial effects on manager-controlled inputs. Material
costs increase by 30% and the wage bill by 13 percent (all effects highly significant). Firms under
bad managers experience the opposite: a decline in material and employment costs by about
20%. These effects appear immediately in the year of CEO transition and persist throughout
the post-period, consistent with new CEOs quickly adjusting operational scale.

In contrast, owner-controlled variables show different patterns. Fixed assets exhibit a gradual
change under good CEOs and little or no change under bad CEOs. The proportion of firms with
intangible assets does not change at all around the CEO transition.

Contribution of CEOs to Firm Productivity. To assess how important CEOs are for firm
performance, we conduct the variance decomposition. As we describe at the end of Section 3,
we face two challenges. The variance is biased and it also depends on firm age. The outcome
of our method is presented in Figure 5 for TFP in the top row and log revenue in the bottom
row. The blue line shows the within-firm change in variance relative to the second year after
firm foundation. The blue line on panels A and C show the evolution of this variance around
the CEO transition. Before the CEO transition, the variance grows continuously. The transition
increases the variance abruptly; in later years it stays relatively stable for TFP and continues

18The latter sample is used to make our results more comparable to mature market economies. In the 1990s
the economy was changing rapidly as it underwent rapid economic liberalization, transition to market economy,
foreign direct investment inflows and large scale privatization. We conduct this robustness check by restricting
the sample to post-2004 data following Hungary’s EU accession.
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Figure 2: Placebo-Controlled Event Studies of CEO Transitions. Effects on Firm Inputs
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growing for revenue. Part of this growth, however, is due to limited mobility bias, and part
arises mechanically: as time passes, the chance of receiving shocks increases. To control for these
biases, we estimate the same variance on the pseudo transition sample. As the red line shows,
this also increases in time. Panels B and D of the figure show the evolution of the estimated
variance in the two samples by firm age.

Our estimate of the contribution of CEO change to the total variance of TFP is the difference
between the two estimates, and we quantify it in Appendix Table A3. The table presents the total
variance, the unadjusted contribution of CEO change and the adjusted contribution. We analyze
only one CEO change, and the contribution depends on the length of the period measured (the
longer the period, the more the variance increases for reasons unrelated to CEO change). In the
first 10 years of existence, the uncorrelated share of CEO change in the variance is 62%. Our
correction decreases this number to 29%.

6 Conclusion

This paper estimates the contribution of CEOs to firm productivity by exploiting a unique ad-
ministrative dataset covering the entire population of Hungarian private firms and their CEOs
from 1992 to 2022. The novelty of the data lies in its unprecedented scope and completeness,
allowing the study of CEO effects not only in large firms but crucially in small and medium-sized
enterprises that dominate every economy. The combination of the dataset with a theoretically
grounded model that distinguishes owner-controlled capital decisions from CEO-controlled op-
erational inputs allows for a more precise attribution of productivity effects.

The paper develops a new placebo-controlled event study design that overcomes limited
mobility bias, which contaminates studies using two fixed effects. By creating matched placebo
CEO transitions in firms without actual leadership changes, the method effectively separates true
CEO skill effects on productivity from mechanical noise. Empirically, the findings reveal that the
true causal effect of CEO quality on firm productivity is economically meaningful but notably
smaller than raw correlations suggest, explaining about 7–8 percent of productivity variation.

An alternative way to deal with the noise problem is to use observable manager characteristics
as measures of skill. Observable characteristics such as education and work experience (De Pirro
et al., 2025), foreign name as a proxy for international exposure (Koren and Telegdy, 2023), and
the selectiveness of entry cohorts (Koren and Orbán, 2024) offer more reliable, though narrower,
measures of specific dimensions of managerial quality. These observables capture only partial
aspects of CEO ability but avoid the mechanical noise that contaminates fixed effects estimates.
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Figure 3: Decomposition of the Variance
Notes: Dependent variable: TFP (panels A and B), Log Revenue (panels C and D). Panels A and C present
the variance growth relative to the year after firm foundation for firms with a CEO transition (blue line)
and with a pseudo transition (red line). Panels B and D show the evolution of the variance in treated and
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A Online Appendix: Additional Tables and Figures

Table A1: Sample Over Time

Year
Total
firms

Sample
firms

Proportion
in Sample CEOs

1992 98,780 25,833 0.26 31,746
1995 171,759 45,828 0.27 53,704
2000 280,386 73,837 0.26 83,862
2005 326,905 92,242 0.28 104,380
2010 384,570 103,892 0.27 116,680
2015 433,371 116,543 0.27 124,960
2020 424,501 115,755 0.27 123,504
2022 454,106 113,387 0.25 121,730

Total 1,063,172 217,737 0.21 339,993

Notes: This table presents the evolution of the sample from
1992 to 2022. "Proportion in Sample" is the proportion of firms
in the sample (column 3 divided by column 2), rounded to two
decimal places. The table shows every fifth year plus the first
(1992), last (2022), and totals.

Table A2: Industry Breakdown and Surplus Share

Industry (NACE) Firm-Year Firms CEOs
Surplus

share (%)

Agriculture, Forestry, Fishing (A) 320,485 25,951 55,535 7.9
Manufacturing (C) 1,022,252 90,035 179,205 13.7
Wholesale, Retail, Transportation (G,H) 2,887,229 296,237 550,110 6.4
Telecom, Business Services (J,M) 1,968,969 186,013 345,304 18.8
Construction (F) 962,938 112,633 183,144 11.4
Nontradable Services (Other) 2,775,169 277,749 527,661 13.5

Notes: This table presents industry-level summary statistics using the TEAOR08 classification system.
Column (1) shows the industry name and corresponding NACE sector codes. Column (2) shows the total
number of firm-year observations in the balance sheet data (1992-2022). Column (3) shows the number of
distinct firms with balance sheet data. Column (4) shows the number of distinct managers (CEOs) from
the firm registry data. Column (5) shows the average EBITDA as a percentage of revenue. The NACE
classification follows the Hungarian adaptation of the NACE Rev. 2 system.
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Table A3: Share of Variance Attributed to CEO Change

Firm age Total Variance Growth Naive ANOVA share Adjusted ANOVA share
4 0.024 0.544 0.451
8 0.033 0.625 0.368
12 0.035 0.620 0.269

Notes: The table presents the total variance growth of TFP since the second full year after firm
establishment (Column 1), the uncorrected contribution of CEO change to total variance growth
(Column 2) and the corrected contribution (Column 3).
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