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1. Introduction

A central question in corporate investment is not only why firms invest above or below
levels implied by observable fundamentals, but also how persistent these deviations are and
whether their adjustment differs across positive and negative investment states. This issue is
closely related to theories of financing constraints, agency conflicts, adjustment costs, and
corporate investment dynamics. Limited access to external finance may delay the correction
of negative investment deviations, whereas managerial incentives, free-cash-flow problems,
weak external discipline, or costly commitments to ongoing projects may sustain positive
deviations. Jensen (1986), Fazzari, Hubbard, and Petersen (1988), Kaplan and Zingales
(1997), Richardson (2006), and Hennessy and Whited (2007) emphasize different financial
and agency mechanisms that can affect corporate investment. These mechanisms suggest that
abnormal investment may exhibit asymmetric persistence, but they do not imply a unique

ordering between overinvestment and underinvestment.

Empirically, overinvestment and underinvestment are commonly measured using residuals
from benchmark investment regressions. Following Richardson (2006), a positive residual is
typically interpreted as overinvestment and a negative residual as underinvestment. Owing to
its transparency and relatively modest data requirements, this approach has become widely
used in the corporate-finance literature. Residual-based measures have been employed to
study the effects of financial reporting quality, corporate governance, liquidity, ownership
structure, and other firm characteristics on investment efficiency; see, among others, Harford,
Mansi, and Maxwell (2008), Biddle, Hilary, and Verdi (2009), Jiang et al. (2018), and Ee et
al. (2022).

A broader literature suggests, however, that corporate investment has an important dynamic
component. Past investment contains substantial information about current investment,
consistent with dynamic investment models linking investment decisions and firms’ finan-
cial policies (see Bond and Meghir (1994)). Investment adjustment can also be nonlinear
because fixed costs, irreversibility, and other non-convex adjustment costs can generate
periods of limited activity followed by larger investment episodes (see, e.g., Caballero (1999),
and Cooper and Haltiwanger (2006)). Financing frictions can further affect the timing of

adjustment. Whited (2006), for example, shows that constraints on external finance influence



the intertemporal pattern of investment and can lengthen the time between major invest-
ment episodes. Bloom (2009) shows that uncertainty shocks may induce firms to postpone
investment temporarily and subsequently resume it as uncertainty declines. The literature
therefore suggests that corporate investment combines persistent adjustment with short-
lived responses, providing an economic motivation for separating persistent from transitory

abnormal investment.

Ignoring this dynamic component can have several consequences. A benchmark-regression
residual may combine a persistent deviation from benchmark investment with temporary
demand shocks, short-lived financing conditions, measurement noise, and other transitory
disturbances. Treating the residual itself as the underlying investment state can therefore lead
to incorrect classification when its contemporaneous sign differs from that of the persistent
component. It also treats short-lived and persistent deviations in the same way and provides
little information about how slowly or rapidly an investment gap is corrected. In addition,
imposing a common adjustment process can conceal differences in the propagation of positive
and negative deviations. Importantly, persistence in the magnitude of an abnormal-investment
state is conceptually distinct from the probability that a firm remains in the same state.
Finally, firm characteristics may affect not only the contemporaneous magnitude of abnormal

investment but also the strength of its propagation over time.

The paper makes three main contributions. First, it documents a pronounced asymmetry in
the dynamics of abnormal investment. Positive persistent deviations exhibit substantially
stronger local propagation than negative deviations, with the estimated persistence coefficients
implying markedly different conditional rates of adjustment. This ordering is consistent with
mechanisms that can sustain investment once firms move above their benchmark, including
managerial agency, weak external discipline, continuing access to internal resources, and
costly continuation or reversal of ongoing investment programs. The reduced-form evidence

does not, however, separately identify these mechanisms.

Second, the paper treats persistence as a distinct dimension of corporate investment behavior
and separates local propagation from regime continuation. Our empirical results show that a
pronounced asymmetry in local state propagation can coexist with relatively similar regime-

continuation probabilities. Thus, the magnitude of an abnormal-investment deviation and



the probability of remaining on the same side of the benchmark capture distinct dimensions

of corporate investment adjustment.

Third, the paper develops a nonlinear latent-state framework for identifying and estimating
these dynamic differences. The benchmark-investment residual is decomposed into a persistent
latent component and a transitory disturbance. Persistence is allowed to differ between
positive and negative latent states, while regime membership is inferred from the full nonlinear
filtering distribution rather than from the contemporaneous sign of the residual. Positive
persistent deviations are referred to as overinvestment and negative persistent deviations
as underinvestment, following Richardson (2006) and the subsequent investment-efficiency
literature. These labels are used in a reduced-form sense: the model identifies persistent devi-
ations from benchmark investment rather than structural welfare losses. Firm-level bootstrap
inference accounts for the generated nature of the first-stage residuals. Complementary Monte
Carlo evidence shows that dynamic filtering substantially improves latent-state recovery and
regime classification relative to raw investment residuals, accurately recovers regime-specific
persistence, and delivers well-sized and high-power inference on persistence asymmetry, even

with relatively short within-firm histories.

The empirical results reinforce these contributions. Using a common nonlinear investment
benchmark that accounts for long-run firm heterogeneity and industry-specific time vari-
ation, we strongly reject symmetric persistence and find a pronounced asymmetry in the
local propagation of abnormal investment. Positive abnormal-investment deviations exhibit
substantially stronger propagation than negative deviations, with conditional half-lives of

approximately 8-9 years compared with about 2 years, respectively.

Regime continuation, however, exhibits a much smaller asymmetry. Continuation probabilities
are high and relatively similar for overinvestment and underinvestment, with the positive
regime displaying only slightly higher continuation probabilities in both samples. Thus, the
substantial difference in the propagation of investment deviations is not accompanied by a
comparable difference in the probability of remaining in the same regime. These findings
highlight local propagation and regime continuation as distinct dimensions of corporate

investment adjustment.

Persistence asymmetry is particularly pronounced among smaller and less profitable firms,



primarily because negative deviations exhibit weaker propagation in these groups, while
positive-state persistence remains high. Its association with cash flow is less uniform across
the two samples. These patterns suggest that firm characteristics associated with financing
capacity are related to the dynamics of abnormal investment, but do not support a simple

liquidity-based explanation of the estimated persistence asymmetry.

We also assess the economic relevance of the estimated latent state using subsequent sales of
property, plant, and equipment, an outcome that is not used in constructing the benchmark
or estimating the latent-state model. Persistent positive abnormal-investment deviations
predict greater subsequent asset sales, and this association is significantly stronger than
that associated with equally large negative deviations. The finding is robust across the
two long-history samples and over both the subsequent year and a cumulative three-year
horizon, linking the estimated asymmetric investment dynamics to subsequent corporate

capital reallocation.

The remainder of the paper is organized as follows. Section 2 develops the nonlinear latent-
state framework, presents the estimation and inference procedures, and summarizes its
finite-sample performance, with the full Monte Carlo analysis reported in Appendix F.
Section 3 discusses the economic mechanisms that can generate asymmetric persistence and
states the empirical hypotheses.Section 4 applies the framework to corporate investment
and examines asymmetric persistence, regime dynamics, financing-capacity heterogeneity,
predictive persistence, and the economic relevance of the latent state for subsequent capital

reallocation. Section 5 concludes.

2. Latent-state model of abnormal investment

2.1 Benchmark investment equation and interpretation

The empirical literature commonly measures abnormal corporate investment as the residual

from a benchmark investment regression. Let firm investment satisfy

[it:Xz(t50+uit7 izl,...,N, tzl,...77—;‘, (1)



where I;; denotes investment by firm ¢ in year ¢, and X;; contains an intercept and observable
determinants of investment opportunities. The benchmark can include the standard firm-
level controls, industry and year effects, and any additional variables used in the empirical

specification. Let B denote the first-stage estimator and
Uy = Iy — X33, (2)

the estimated abnormal-investment residual.

Following Richardson (2006) and the subsequent investment-efficiency literature (e.g., Biddle
et al. (2009), Chen et al. (2011) and Jiang et al. (2018), positive and negative residuals
are often interpreted as overinvestment and underinvestment. This interpretation is useful
but incomplete. A regression residual can combine a persistent departure from benchmark
investment with measurement error, temporary demand or financing shocks, and other
short-lived disturbances. Its contemporaneous sign therefore need not reveal the sign of the

persistent component.

The model below separates these components. Following the terminology established by
Richardson (2006) and used throughout the subsequent literature, this paper refers to
persistent positive abnormal investment as overinvestment and persistent negative abnormal
investment as underinvestment. These are the paper’s primary regime labels. Formally,
however, the model identifies persistent deviations from benchmark investment rather than
deviations from a structurally identified optimal level of investment. The terms overinvestment
and underinvestment should therefore be understood throughout the paper in this established

reduced-form sense.

Persistent abnormal investment may reflect investment distortions associated with manage-
rial incentives, financing frictions, or adjustment costs, but may also capture investment
opportunities and other firm characteristics not fully represented in the benchmark equa-
tion. Importantly, both investment fundamentals and investment distortions may contain
permanent firm-specific and time-varying components. Persistence in the benchmark residual
therefore does not, by itself, establish the economic source of the underlying deviation. Our
framework focuses on the dynamic propagation of persistent benchmark-relative abnormal

investment. The empirical specification developed in Section 4 allows for additional sources



of firm and industry-time heterogeneity that may otherwise contribute to the estimated

persistence of abnormal investment.

2.2 Asymmetric latent-state dynamics

The population residual is decomposed as

Usp = Nyt + Eit, (3)

where 7;; denotes the latent persistent state of abnormal investment and ¢ is a transitory
disturbance. The latent state captures the component of abnormal investment that propagates
over time, while ¢;; captures short-lived variation. Positive values of the latent state, n; > 0,
define the overinvestment regime, whereas negative values, n; < 0, define the underinvestment

regime.

The distinction between persistent and transitory abnormal investment does not imply that
every economically meaningful investment deviation must persist for several periods. A
sufficiently large innovation to the latent state may generate a substantial deviation that
subsequently declines rapidly or crosses the regime threshold. At the same time, some
economically meaningful short-lived investment deviations may be captured by the transitory
component. The proposed framework focuses on the propagation of persistent abnormal

investment rather than on identifying every potentially inefficient investment decision.

The latent state evolves according to the threshold autoregressive process

Nit =0 + psMit—11{Nis—1 > 0} + p_mis—11{ni1—1 < 0} + wy, (4)

Equation (4) can be written more compactly as

Nit = 0+ p(Nit—1) Nit—1 + Wit, (5)

where p(z) = p;1{x > 0} + p_1{x < 0}. The intercept 0 is necessary because the benchmark



residual is centered by construction, whereas an asymmetric zero-intercept state process
need not have zero unconditional mean. Omitting § would generally impose an unintended

restriction linking p, and p_ whenever both regimes occur with positive probability.

For likelihood construction, the baseline specification assumes that w; are iid N (0, agj) and &
are iid N (0, 02). The two innovation sequences are mutually independent, independent across
firms, and conditionally independent of the included regressors. The Gaussian assumption
can be relaxed in robustness analysis, but the innovation distributions must be specified for

likelihood-based estimation and for separating state from measurement variance.
The baseline parameter space imposes 0 < p; <1,0<p_ < 1,02 >0, and o2 > 0.

These restrictions give the persistence parameters their conventional economic interpretation
and, together with standard innovation conditions, imply stability of the threshold process.
Appendix A provides a formal stability result for the latent-state process. Allowing negative
persistence is possible in principle, but it would generate sign-reversing dynamics and would
make the usual half-life interpretation inappropriate. The estimated ordering can therefore be
interpreted in light of the competing economic mechanisms developed in Section 3, although

the reduced-form state equation does not separately identify the underlying structural channel.

The central empirical hypothesis is that persistence need not be symmetric across positive
and negative abnormal-investment states, py # p_. We do not impose an ex ante ordering
between the two persistence coefficients. Instead, the model allows the data to determine both
the magnitude and the direction of persistence asymmetry. Section 3 develops the competing
economic mechanisms that can rationalize either ordering and derives the corresponding

directional hypotheses.

This specification differs from a conventional Markov-switching model. In a Markov-switching
model, a discrete latent regime evolves according to an estimated transition matrix. Here, the
latent state is continuous, and the slope of its conditional mean changes at the economically
meaningful zero threshold. Persistence is therefore piecewise constant: it equals p; in
the overinvestment region and p_ in the underinvestment region. The conditional mean
remains continuous at zero because the two branches share the common intercept d. Regime

membership is determined by whether the latent state lies above or below the zero threshold



rather than by a separately evolving discrete state. This structure isolates the paper’s
central object of interest, which is the asymmetry in the propagation of positive and negative

persistent investment deviations.

The estimated persistence ordering can therefore be given an economic interpretation, but it
should not be viewed as identifying a unique underlying mechanism. A finding that p_ > p,
would be consistent with forces that slow the correction of negative investment deviations,
whereas py > p_ would be consistent with forces that sustain positive deviations. Section
3 develops these competing mechanisms in greater detail. Because the state equation is
deliberately reduced form, however, the empirical model identifies the direction and magnitude

of persistence asymmetry rather than the particular structural channel generating it.

2.3 Nonlinear filtering, estimation, and inference

Because the transition slope depends on the unobserved sign of 7, ;_1, the filtering distribution
is generally non-Gaussian. Likelihood evaluation must therefore integrate over both regions
of the lagged-state distribution. In particular, it is not valid to select p; or p_ solely from

the sign of a previously filtered point estimate.

Let
Et =0 (aih s 7ait7 X?,)

denote the information available for firm ¢ through period ¢, and let

9= (5,p+,p,,oi,03>/.

For notational convenience, in the density expressions below we suppress firm and time
subscripts. Let x denote a generic realization of the lagged latent state 7,1, and let 7 denote

a generic realization of the current latent state n;;. The transition and measurement densities

ol ) = Lo (1000,

w U’w

are

and



ot ) = -0 (“).

O¢

where ¢(-) denotes the standard normal density.

Given the filtered density f;;—1—1(x), the one-step-ahead density of the latent state is

fitje—1(n) = / 99(n | ) fiz—1pp—1(z) da.

The predictive density of the observed residual is

My (Ui; V) = /hﬂ (Uit | ) fitje—1(n) dn,
and Bayes’ rule gives the updated filtering density

Iy (ﬂit ‘ 77) fit|t—1(77)
Ugy (’ait; 19) '

fit\t(ﬁ) =

These prediction and updating recursions follow the standard state-space filtering logic (see
Durbin and Koopman (2012) for a general treatment). The firm-level and panel log-likelihoods
are, respectively,

6 (9;8) = i log mys (3 9)

b (:5) = - (1:5) Q

i

N T,
= Z Z log my (Ui; V) .

i=1t=1
The initial state density is taken to be the invariant density implied by the candidate
parameter vector. A sufficiently long burn-in provides a practical alternative. In the baseline
implementation, the integrals above are evaluated numerically using deterministic quadrature
on a finite state grid. Numerical accuracy is assessed by refining and expanding the grid and
verifying that the likelihood and parameter estimates remain stable. A particle filter provides

an alternative numerical approximation but is not used in the baseline implementation.
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The nonlinear filter also provides the posterior mean of the latent state,
Mie = E@ (it | Fie)
and the posterior probability of a positive persistent deviation,

P =Py > 0| Fa) = [~ fuelm) d.

Thus, although the threshold defining the two regimes is fixed at zero, regime membership
is latent and must be inferred from the filtering distribution rather than treated as directly
observed. This distinction also explains why the raw benchmark-investment residual may
provide an imperfect regime measure. Since the residual combines the persistent latent
state with a transitory disturbance, a sufficiently large transitory shock can reverse its
contemporaneous sign relative to that of the persistent component. Appendix B formalizes
this residual-sign misclassification and shows how the probability of classification error

depends on the magnitude of the latent state relative to transitory noise.

We therefore classify regime membership using the posterior probability rather than the sign
of the raw residual. A firm-year observation is classified as overinvesting when p;; > 1/2
and as underinvesting when pj; < 1/2; an observation for which pj, = 1/2 is left unclassified.
Because the posterior distribution need not be Gaussian, the sign of the posterior mean need
not coincide with the regime having the larger posterior probability. Empirical classification
is therefore based on P, rather than on sign(7);;). As a robustness check, observations with
0.30 < pj; < 0.70 are treated as having uncertain regime membership. We additionally
examine the distribution of posterior classification probabilities and recompute regime-
transition probabilities using only adjacent observations for which both current and lagged
states are confidently classified, defining p;; > 0.70 as a positive state and p;; < 0.30 as a
negative state. The corresponding empirical results are reported in Appendix Table A.1.
Appendix C establishes convergence of the feasible probability-based rule to the corresponding
oracle classification and clarifies the irreducible uncertainty associated with recovering an

unobserved latent state from noisy measurements.

Identification is based on the joint distribution of the observed residual history rather than

11



on direct observation of the latent state. The unit loading on 7, in Equation (3) fixes the
scale of the latent state, while the threshold is normalized at zero because zero represents the

benchmark-investment deviation. Conditional on the previous latent state,

0+ prx, x>0,
E Mg | g1 =12) =
0+ p_z, z<O0.

Thus, py and p_ are the regime-specific slopes of the conditional state mean, while ¢ is
their common intercept. Although the first-stage residual is centered by construction, the
intercept ¢ is retained and estimated jointly because asymmetric state dynamics need not
imply a zero-mean invariant distribution when the state equation is specified without an
intercept. In the Monte Carlo design, the data-generating value of 9 is calibrated to center the
invariant latent-state distribution, while ¢ is estimated jointly with the remaining state-space

parameters.

Identification requires the stationary distribution of the latent state to assign positive
probability to both sides of zero and to contain sufficient variation within each regime. The
state-innovation variance o2 and the transitory-variance component o2 are distinguished
by their different dynamic implications. Innovations to the latent state propagate to future
observations, whereas transitory disturbances do not. Under the maintained distributional
assumptions and regularity conditions, local identification of ¥ additionally requires the
expected information matrix of the observed-data likelihood to be nonsingular. In the empirical
analysis, identification can be assessed using regime occupancy, profile likelihoods, and the
eigenvalues or condition number of the estimated information matrix. Appendix D provides
formal identification results for the common intercept and the regime-specific persistence
parameters and states the additional local-identification condition when the innovation
variances are estimated jointly. Estimation proceeds in two steps. First, Equation (1) is
estimated and the residuals defined in Equation (2) are constructed. Second, the state-space

parameters are estimated by
0 = argmax y (955)
subject to the parameter restrictions stated above. Because the likelihood is nonlinear,

multiple starting values are used and convergence is assessed using the score, the Hessian,

12



and numerical stability of the likelihood.

Inference must account for the fact that the state-space model is estimated using generated
first-stage residuals. Let g;(8) denote the firm-level estimating equations associated with the

benchmark investment regression and let s;(¢, 3) denote the firm-level score of the state-space

likelihood. Define
] - gz(ﬁ) _ JANAY
\DZ(V)_(SZ(ﬁ,ﬁ))’ 7_(6719)

Under correct specification, cross-sectional independence or an appropriate cluster-dependence

condition, suitably controlled 7T}, and standard moment and smoothness conditions,

VN (@ =) % N (0.67GTY), (7)
where v
G—& [ay)] Q= E[Wi(0) ()]

The covariance matrix of 9 is obtained from the corresponding block of the sandwich covariance
matrix. This formulation accounts explicitly for estimation of the first-stage benchmark
equation. Appendix E provides the corresponding two-step influence representation and
shows explicitly how first-stage estimation uncertainty enters inference on the state-space
parameters. In the empirical implementation, the preferred inference procedure is a firm-
level bootstrap. Firms are resampled and both estimation stages are repeated, including
construction of the benchmark residuals, nonlinear filtering, and likelihood maximization.
This procedure propagates first-stage estimation uncertainty and preserves within-firm serial
dependence. Hessian-based standard errors from the second stage alone may be reported as

a diagnostic but are not used as the primary basis for inference.

Persistence symmetry is tested against the two-sided alternative

Hy:py=p-,  Hi:py#p-.
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Let

d(¥) = p- — p+.
The Wald statistic is .
d(v
L CO R N (8)

Var [d(@)}

The variance used for the model-based Wald statistic in Equation (8) is obtained from the
inverse Hessian of the second-stage likelihood. Because the benchmark-investment residuals
are generated in the first stage, our preferred inference additionally uses a firm-level two-stage
bootstrap that re-estimates both the benchmark equation and the latent-state model. The
primary test of persistence symmetry is two-sided because the economic mechanisms discussed
below can generate either direction of persistence asymmetry. In addition to the Wald test,
we report a bootstrap confidence interval for d(d) = p_ — py. A positive value of d implies
greater persistence of underinvestment, whereas a negative value implies greater persistence
of overinvestment. Thus, conditional on rejecting persistence symmetry, the sign of the

estimated persistence difference determines the direction of the asymmetry.
For 0 < ps < 1, the regime-specific conditional half-life is

~ log(0.5) . B
= log(ps)’ €tk

This quantity describes the rate at which a deviation decays while the latent state remains
on the same side of the threshold. It should not be interpreted as the unconditional expected

time spent in a regime, because innovations can move the latent state across zero.

2.4 Finite-sample performance

Because the empirical analysis relies on a nonlinear latent-state model estimated from
generated benchmark-investment residuals, we evaluate the finite-sample performance of
the procedure using Monte Carlo simulations. The experiments consider symmetric and
asymmetric persistence designs and panel lengths chosen to span the within-firm histories

used in the empirical application. They evaluate four features of the procedure: recovery

14



of the regime-specific persistence parameters, recovery of the latent state, classification of
positive and negative investment regimes, and finite-sample inference for the null of symmetric
persistence. Full details of the data- generating processes, implementation, and simulation

results are reported in Appendix F.

The simulations support the empirical use of the estimator. Dynamic filtering substantially
improves recovery of the persistent state relative to treating the raw investment residual
as the state itself, reducing state-estimation mean squared error by approximately 62-75
percent across the designs considered. It also improves regime classification by several
percentage points. The regime-specific persistence parameters are recovered accurately, with
only modest finite-sample attenuation in the most demanding short-panel design. Importantly,
the unrestricted model does not generate spurious persistence asymmetry under the symmetric
data-generating process: the two-sided symmetry test has rejection frequencies close to its
nominal 5 percent size, while power is approximately 96-100 percent under the asymmetric
designs. These results are highly stable when the available within-firm history is shortened,

providing support for the estimation and classification procedures used below.

3. Economic mechanisms and hypotheses

3.1 Sources of asymmetric persistence

The regime-specific coefficients p, and p_ measure the propagation of persistent abnormal
investment in the overinvestment and underinvestment regions, respectively. Along a state
path that remains in regime s € {+, —} for h periods, the local effect of a marginal change

in the current latent state is

877i,t+h

h
pr— . 9
o 9)

A larger p, therefore implies slower decay of an initial deviation while the latent state remains

on the same side of the threshold. Because the model contains the intercept ¢ and innovations

can move the latent state across zero, ps should not be interpreted as determining the

15



unconditional time spent in a regime. Instead, it measures the local propagation of persistent

abnormal investment within that regime.

Financing constraints provide a natural rationale for greater persistence of underinvestment.
Firms with limited access to external finance may be unable to undertake profitable projects
immediately when internal resources are insufficient or external capital is costly. Investment
by financially constrained firms can therefore depend strongly on internally generated funds
(see, e.g., Fazzari, Hubbard and Petersen (1988)), while collateral availability can further
shape investment capacity (see Almeida and Campello (2007)). Information asymmetries may
reinforce these effects by increasing the cost or limiting the availability of external finance
(Stiglitz and Weiss (1981), and Myers and Majluf (1984), inter alia). When these financing
frictions delay the expansion of investment, negative abnormal-investment states may decay

more slowly, contributing to p_ > p.

A different set of mechanisms can generate greater persistence of overinvestment. Agency
conflicts may induce managers to continue investing beyond levels justified by observable
fundamentals when investment expands the resources under their control or generates private
benefits (see Jensen (1986)). Abundant internal funds, weak external discipline, and persistent
access to liquidity can allow such investment to continue (see, e.g., Richardson (2006), and
Harford, Mansi and Maxwell (2008)). Commitments to ongoing projects or organizational
objectives may reinforce these effects. When such forces dominate, positive abnormal-

investment states may propagate more strongly, contributing to p, > p_.

Adjustment costs and irreversibility can reinforce either direction of persistence asymmetry.
Capital accumulation involves fixed costs, planning lags, installation costs, and partially
irreversible commitments (see, e.g., Abel and Eberly (1994), and Dixit and Pindyck (1994)).
When these costs primarily affect the initiation or expansion of investment, negative deviations
may adjust slowly, contributing to p_ > p,. Conversely, when investment programs involve
multi-period commitments, sunk planning expenditures, complementary assets, or other costs

of termination and reversal, positive deviations may persist, contributing to p. > p_.

The distinction between the installed capital stock and the investment flow is important
in this context. Although installed capital may be costly to dispose of, current investment

can often be reduced by postponing or cancelling future projects. Such adjustment need

16



not be costless, however, when ongoing programs involve contractual, organizational, or
technological commitments. Adjustment costs therefore do not imply a unique ordering of

the two persistence parameters.

Economic uncertainty may also affect adjustment asymmetrically. Greater uncertainty can
delay new investment by increasing the value of waiting or tightening financing conditions,
while it may also induce firms to postpone, scale back, or cancel planned expenditures (see
Bloom (2009)). Policy uncertainty has similarly been associated with weaker corporate
investment (see Gulen and lon (2016)). Its implications for the relative persistence of positive

and negative deviations are therefore theoretically ambiguous.

Defining
d= P— — P+

a positive value of d indicates greater persistence of underinvestment, whereas a negative
value indicates greater persistence of overinvestment. Because the state-space model is
deliberately reduced form, the mechanisms discussed above provide economic interpretations

of the estimated ordering rather than separately identified structural channels.

3.2 Testable hypotheses

The preceding mechanisms imply that persistent abnormal investment need not adjust
symmetrically across positive and negative states. They also imply that the direction of the
asymmetry need not be universal. The empirical analysis therefore distinguishes between the

existence of persistence asymmetry, its direction, and its heterogeneity across firms.

Hypothesis 1 (Asymmetric persistence). Persistent overinvestment and underinvestment

exhibit different propagation dynamics. Defining the persistence difference as

d=p-—ps,

the primary hypothesis is

Hy:p_ #ps,
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or equivalently,

Hld%()

The corresponding null hypothesis of symmetric persistence, p_ = p., is evaluated using the

two-sided Wald test in Equation (8). This is the paper’s principal persistence hypothesis.

Hypothesis 2 (Direction of persistence asymmetry). Conditional on persistence
being asymmetric, the mechanisms developed in Section 3.1 imply two competing directional

outcomes. Financing frictions and costs of initiating or expanding investment can imply

H2a S > Pty

or equivalently,
H,, : d > 0.

By contrast, agency-related forces and costs of continuing or reversing ongoing investment
programs can imply

Hayy : py > p-,

or equivalently,
Hy, - d < 0.

Neither directional inequality is imposed as the maintained alternative. The empirical sign of
d, together with its confidence interval, determines the direction of the estimated persistence

asymmetry.

Hypothesis 3 (Financing-capacity heterogeneity). The degree of persistence asymmetry
may also vary systematically with firms’ financing capacity. For relatively constrained and

less-constrained firms, denoted by C' and U, respectively, define

dgng—_Pi; gG{C,U},
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and let the magnitude of persistence asymmetry be

A9 = |d°| = [p? — pi].

The corresponding heterogeneity hypothesis is

Hy: AC # AV,

Thus, Hypothesis 3 concerns whether financing capacity is systematically associated with the
strength of asymmetric adjustment rather than presupposing a particular sign of the persis-
tence difference. The sign of d9 is reported separately and indicates whether underinvestment

or overinvestment is more persistent within each group.

Firm size, cash flow, and profitability are used as observable proxies for financing capacity.
Because these variables are imperfect measures of financial constraints and may also be related
to agency incentives, liquidity, investment opportunities, and organizational characteristics,
the resulting cross-sectional evidence is interpreted as conditional heterogeneity in persistence

rather than as causal identification of a specific financing-friction mechanism.

4. Asymmetric Persistence in Corporate Investment

We use the latent-state framework to address the paper’s central corporate-finance questions:
whether persistent abnormal investment adjusts asymmetrically across overinvestment and
underinvestment states, whether local state propagation differs from the probability of
remaining in the same investment regime, and whether the strength of this asymmetry varies
systematically with firms’ financing capacity. These questions correspond directly to the
competing mechanisms and hypotheses developed in Sections 2 and 3 and allow the data to

determine which investment state exhibits greater local persistence.

We examine these questions using a panel of U.S. publicly traded firms drawn from Compustat
over the period 1991-2025. The empirical analysis is conducted using two long-history samples.

The broader sample retains consecutive firm histories longer than 10 annual observations,
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while the stricter sample retains histories longer than 20 annual observations. This design
allows us to assess whether the estimated asymmetric investment dynamics are robust to the

amount of within-firm time-series information available to the nonlinear filter.

The empirical analysis proceeds in three steps. First, we estimate benchmark investment
using both a conventional linear specification and a more flexible generalized additive model
(GAM), allowing us to separate abnormal investment from potentially nonlinear relationships
between investment and observable firm fundamentals. Second, we apply the nonlinear
latent-state model to the residuals from the preferred GAM benchmark and estimate the
regime-specific persistence parameters. Third, we characterize the resulting overinvestment
and underinvestment states in terms of regime incidence, investment intensity, transition
dynamics, cross-sectional heterogeneity in persistence asymmetry, and their predictive content
for future investment and regime membership. Throughout, positive and negative latent states
are interpreted as persistent positive and negative deviations from benchmark investment,

respectively, rather than as deviations from a structurally identified optimal level of investment.

4.1 Data, variables, and long-history samples

Firm-level accounting and market information are obtained from Compustat for 1991-2025.
Investment, [;, is measured as capital expenditures scaled by lagged total assets. The
benchmark investment equation includes two lagged sales ratios, lagged Tobin’s @), firm size,
lagged profitability, lagged cash-flow intensity, lagged leverage, and lagged cash holdings.
These variables capture observable investment opportunities, operating performance, internal

financing capacity, capital structure, liquidity, and firm scale.

The inclusion of Tobin’s @, following the investment-q tradition of Tobin (1969) and Hayashi
(1982), is particularly useful because it provides a market-based measure of investment
opportunities in addition to accounting variables. The sales controls capture realized product-
market conditions, while profitability and cash flow summarize operating performance and
internal fund generation. Leverage and cash holdings capture dimensions of capital structure
and financial flexibility, and size controls for systematic differences in firm scale and access to

financing.

An important consideration in constructing the benchmark investment equation is that firms
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may differ persistently in their investment behavior because of unobserved characteristics,
while investment opportunities and financing conditions may also vary systematically across
industries over time. Such heterogeneity may remain in the benchmark residual and contribute
to its estimated persistence. To account more fully for these sources of variation, we extend
the conventional investment benchmark by including Mundlak-type firm-level averages of
the explanatory variables and industry-by-year fixed effects. The former capture differences
associated with firms’ long-run observable characteristics, while the latter absorb common
industry-specific investment conditions and shocks in each year. The resulting specification
provides a more general benchmark for identifying the persistent component of abnormal

investment.

The analysis uses two consecutive-history restrictions. The T; > 10 sample contains 92,359
firm-year observations from 4,510 firms and 4,565 consecutive firm spells. The median
consecutive history is 19 years. The T; > 20 sample contains 54,073 firm-year observations
from 1,960 firms and 1,960 consecutive spells, with a median history of 27 years. The broader
and stricter samples therefore provide complementary evidence: the former retains a much
larger cross section, whereas the latter provides a particularly long within-firm history for

estimating persistent investment dynamics.

Table 1: Compustat Long-History Samples

Statistic T, > 10 T, > 20
Sample period 1991-2025 1991-2025
Firm-year observations 92,359 54,073
Firms 4,510 1,960
Consecutive firm spells 4,565 1,960
Minimum consecutive history 11 21
Median consecutive history 19 27
Maximum consecutive history 35 35
Mean observations per spell 20.23 27.59

Note: The table summarizes the two long-history samples used in the empirical analysis. The T; > 10
sample retains consecutive firm spells longer than 10 annual observations, while the T; > 20 sample
retains histories longer than 20 annual observations. The benchmark investment models are estimated
once on the common first-stage sample. The resulting fitted values and abnormal-investment residuals
are then carried unchanged into the 7; > 10 and T; > 20 consecutive-history samples, within which
the latent-state model is estimated separately. Both common-sample investment benchmarks include
Mundlak-type firm-level means and SIC2-by-year fixed effects.
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4.2 Linear benchmark investment model

We begin with a linear benchmark because it provides a transparent link to the corporate-
investment literature and makes the economic content of the first-stage variables explicit.
Following the residual-based investment literature associated with Richardson (2006) and
Biddle, Hilary, and Verdi (2009), investment is modeled as a function of observable investment
opportunities and firm fundamentals. The specification also includes Tobin’s (), in the
spirit of the investment-q literature, to reduce the risk that persistent market-valued growth

opportunities remain in the abnormal investment residual.

We estimate the linear benchmark once on the common first-stage sample, allowing for

long-run firm heterogeneity and industry-specific time variation:

Iiy = Bo+ B1SRip—1 + B2SRip—o + B3Qis—1 + BuSIZE; 41 + BsPROF; ;1 + B PROF;
+ BrLEV; 1 + BsCF i1 + BoCASH; 1 + X;’V + Ajye + UiLt, (10)

where SR denotes the sales ratio, () Tobin’s (), PROF profitability, C'F' cash-flow intensity,
LEYV leverage, CASH cash holdings, and SIZF firm size.

The vector X; contains the firm-specific means of the seven distinct investment determinants
(the nine regressors include two lags each of the sales ratio and profitability), calculated over
the available observations for each firm in the common first-stage estimation sample. Following
a Mundlak-type correlated-effects approach, these averages account for the component of

permanent firm heterogeneity associated with the included regressors.

The term Aj(;)+ denotes industry-by-year fixed effects, where j() identifies the industry of firm
i at the two-digit level of the Standard Industrial Classification (SIC), hereafter referred to as
SIC2. These effects absorb common investment conditions and shocks affecting firms within
the same SIC2 industry in a given year, including industry-specific changes in investment
opportunities and financing conditions. Together, the Mundlak controls and SIC2-by-year
fixed effects reduce the possibility that persistent firm heterogeneity or industry-specific time

variation is incorrectly attributed to the persistent component of abnormal investment.

The linear benchmark is estimated once on the common first-stage sample. The resulting

fitted values and residuals are retained unchanged when constructing the T; > 10 and T; > 20
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long-history samples, within which the latent-state model is estimated separately.

Table 2 reports the estimates from the common first-stage sample, accounting for long-
run firm heterogeneity through Mundlak-type controls and industry-specific time variation
through SIC2-by-year fixed effects. Tobin’s @), profitability, and cash flow are positively
associated with investment, whereas firm size and leverage enter negatively. The negative
coefficient on leverage is consistent with the view that higher indebtedness may constrain
investment through debt-overhang effects or increased external financing costs. Cash holdings
are not statistically significant after controlling for the other investment determinants and
the additional sources of heterogeneity. The two lagged sales coefficients have opposite
signs, indicating different contributions of recent and more distant sales conditions to current

investment.

The lower panel of Table 2 reports the latent-state persistence estimates obtained after
carrying the same first-stage residuals unchanged into the 7; > 10 and 7; > 20 consecutive-
history samples. The positive-state persistence coefficients are estimated at 0.916 and
0.911, respectively, whereas the corresponding negative-state persistence coefficients are 0.704
and 0.742. Thus, positive abnormal-investment deviations exhibit substantially stronger
propagation than negative deviations in both samples. The persistence differences, p_ — p.,
are estimated at —0.212 and —0.168, respectively, and likelihood-ratio tests strongly reject
the symmetry restriction Hy : p_ = py at p < 0.001. We defer the substantive interpretation
of the estimated persistence asymmetry to the GAM-based results below, since the nonlinear

model provides the preferred first-stage investment specification.

The linear specification can be viewed as a restricted approximation to the GAM when the
conditional effect of each covariate is approximately linear over its empirical support. Its
coefficients are therefore useful for summarizing average directional associations between firm
fundamentals and investment. When the underlying relationship is nonlinear, however, a
single coefficient averages over potentially heterogeneous marginal effects and should not be

interpreted as a globally constant response.
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Table 2: Linear First-Stage Investment Model and Associated Latent-State Persistence

Panel A. Common-sample linear investment benchmark

Variable Linear Model
Sales ratio t — 1 0.010"*
(0.001)
Sales ratio t — 2 —0.008***
(0.001)
Tobin’s ) 0.007***
(0.000)
Sizet —1 —0.008***
(0.000)
Profitability ¢ — 1 0.006***
(0.001)
Profitability ¢ — 2 0.004***
(0.001)
Leverage t — 1 —0.026"**
(0.001)
Cash flow t — 1 0.0117
(0.002)
Cash holdings ¢ — 1 0.002
(0.002)
Mundlak firm means Yes
SIC2 x year fixed effects Yes
Observations 143,145
Firms 15,207

Panel B. Associated latent-state persistence

Statistic T; > 10 T, > 20
Second-stage observations 92,359 54,073
Firms 4,510 1,960
Consecutive spells 4,565 1,960
Py 0.9159 0.9105
P 0.7042 0.7421
P — Py —0.2116 —0.1684
LR test of p_ = p, 851.195 372.421
p-value < 0.001 < 0.001

Note: The dependent variable is investment scaled by lagged total assets. Panel A reports estimates
of the linear investment benchmark, estimated once on the common first-stage sample of 143,145
firm-year observations from 15,207 firms. All ning/firm-level investment determinants enter linearly.
The specification also includes firm-specific averages of these determinants (Mundlak-type controls) and
a full set of 2-digit SIC-by-year fixed effects. Standard errors for the first-stage coefficients, reported in
parentheses, are clustered at the firm (guvkey) level. Panel B reports persistence estimates obtained by
applying the nonlinear latent-state model to residuals from the common linear investment benchmark.
The residuals are carried unchanged into the T; > 10 and T; > 20 consecutive-history samples, within
which the latent-state model is estimated separately. The parameters p; and p_ denote persistence in
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4.3 A flexible investment benchmark: generalized additive model

The linear benchmark is useful for economic interpretation, but it may leave systematic
nonlinearities in the first-stage residual. This issue is unusually important in our setting
because the residual is not simply discarded after the first-stage regression. Instead, it
becomes the measurement series used by the nonlinear latent-state model. If the benchmark
investment equation misspecifies nonlinear relationships between investment and its observable
determinants, the remaining nonlinear component could be incorrectly attributed to persistent

abnormal investment.

We therefore estimate a generalized additive model (GAM), following Hastie and Tibshirani
(1990) and Wood (2017), on the common first-stage sample. The GAM retains an additive
and economically interpretable structure while allowing all continuous firm-level determinants
of investment to enter through penalized smooth functions. We retain the Mundlak-type

firm-level averages and industry-by-year fixed effects introduced in the linear benchmark:

I = a4 51(SRi—1) + 52(SRit—2) + 53(Qip—1) + 54(SIZE; 4 1) + s5(PROF; ;1)
+ 86<PROFM,2> + S7(LE‘/M71) + 88(0}7@71) + 89<CASHZ‘77§71) + K;’YG + )\j(i)ﬂf + ug
(11)

The functions s;(-) are estimated from the data subject to smoothness penalties. The GAM
thus allows the conditional investment response to each continuous firm-level fundamental
to be nonlinear, while accounting for the additional sources of firm and industry-time

heterogeneity described in Section 4.2.

The degree of flexibility used by each estimated smooth is summarized by its effective
degrees of freedom (EDF). An EDF close to one corresponds approximately to a linear fitted
relationship, whereas an EDF materially above one indicates that the estimated function
uses additional nonlinear flexibility. The reported reference degrees of freedom (Ref.df)
are used to construct the approximate F-test for the significance of a smooth term. The
F-test evaluates whether the corresponding smooth contributes to explaining investment; it

is not, by itself, a formal test of linearity against nonlinearity. Further details on the spline
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representation, penalization, EDF, reference degrees of freedom, and approximate significance

tests are provided in Appendix G.

Table 3 reports the smooth-term diagnostics from the common-sample GAM, which incorpo-
rates Mundlak-type firm means and SIC2-by-year fixed effects, together with the associated
latent-state persistence estimates. All reported smooth terms are strongly significant. The
EDF values are substantially larger than one for every continuous covariate, indicating that
the fitted investment relationships use considerable nonlinear flexibility rather than collapsing
to simple straight lines. The GAM achieves an adjusted R? of 0.406 and explains 41.6% of

the deviance in the common first-stage sample.

The associated latent-state estimates also reveal substantial persistence asymmetry. The
positive-state persistence coefficients are estimated at 0.928 and 0.919 for the T; > 10 and
T; > 20 samples, respectively, whereas the corresponding negative-state coefficients are 0.689
and 0.731. The estimated persistence differences, p_ — p;, are therefore —0.239 and —0.187,
respectively. Likelihood-ratio tests strongly reject the symmetry restriction Hy : p_ = p4
at p < 0.001 in both samples. Thus, the asymmetric propagation of positive and negative
abnormal-investment deviations is also present under the more flexible nonlinear investment

benchmark.

Figure 1 displays the estimated smooth functions from the common-sample GAM investment
benchmark, incorporating Mundlak-type firm-level means and SIC2-by-year fixed effects.
Since the GAM is estimated once on the common first-stage sample, the same estimated
functions are used to construct abnormal-investment residuals for both long-history samples.
The estimated relationships reveal considerable heterogeneity in the nonlinear responses
of investment to its conventional determinants. Tobin’s ) exhibits a broadly increasing
relationship with investment, consistent with its role as a measure of investment opportunities,
although its slope varies over the observed range. Cash flow displays a pronounced nonlinear
pattern, with several local fluctuations and a substantial decline before rising sharply at higher
cash-flow values. Leverage is associated with a generally declining investment contribution,
following a relatively flat profile at low leverage levels. Firm size exhibits an initial increase

followed by a sustained decline over most of its empirical support.

The remaining covariates also exhibit nonlinearities of varying magnitude. The two sales lags
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Table 3: GAM First-Stage Smooths and Associated Persistence Estimates

Panel A. Common-sample GAM investment benchmark

Smooth term EDF (Ref.df) F D
s(SRy-1) 5.142 (7) 10.239 < 0.001
S(SRi—2) 4.992 (7) 6.994 < 0.001
5(Qe-1) 6.740 (7)  296.118 < 0.001
s(SIZE;_1) 5.772 (7) 180.616 < 0.001
s(PROF;_) 6.939 (7) 503.227 < 0.001
s(PROF;_5) 6.020 (7) 28.003 < 0.001
s(LEV,_1) 5.264 (7) 60.831 < 0.001
s(CF;—1) 6.638 (7) 980.021 < 0.001
s(CASH; 1) 5.216 (11) 37.352 < 0.001
Mundlak firm means Yes

SIC2 x year fixed effects Yes

Observations 143,145

Firms 15,207

Adjusted R? 0.406

Deviance explained 41.6%

Panel B. Associated latent-state persistence

Statistic T, > 10 T, > 20
Second-stage observations 92,359 54,073
Firms 4,510 1,960

Consecutive spells 4,565 1,960

o 0.9281 0.9188
p— 0.6894 0.7314
P — P+ —0.2387 —0.1874
LR test of p— = py 1,025.072  443.179
p-value < 0.001 < 0.001

Note: Panel A reports smooth-term diagnostics for the GAM investment benchmark, estimated once on
the common first-stage sample of 143,145 firm-year observations from 15,207 firms. The specification
includes smooth functions of the nine time-varying investment determinants, firm-specific averages
of these determinants (Mundlak-type controls), and a full set of 2-digit SIC-by-year fixed effects.
EDF denotes effective degrees of freedom and Ref.df the reference degrees of freedom used in the
approximate significance test. EDF values materially above one indicate that the fitted relationship
uses nonlinear flexibility. The reported F-statistics test whether the corresponding smooth term
contributes to explaining investment; they are not direct tests of linearity against nonlinearity. Panel
B reports persistence estimates obtained by applying the nonlinear latent-state model to residuals
from the common-sample GAM investment benchmark. The residuals are carried unchanged into the
T; > 10 and T; > 20 consecutive-history samples, within which the latent-state model is estimated
separately. Positive latent states are labeled overinvestment and negative latent states underinvestment,
in the reduced-form sense defined in Section 2. The persistence difference is defined as d = p_ — p4, so
the negative estimates imply p;, > p_. The LR sifistic tests the null hypothesis Hq : p_ = p,.



display relatively modest variation, with the first exhibiting a shallow non-monotonic pattern
and the second increasing gradually after a small initial decline. Profitability at ¢ — 1 shows
a generally increasing contribution over much of its observed range, followed by a marked
decline near the upper end, whereas the second profitability lag exhibits a comparatively mild
nonlinear pattern. Cash holdings display a relatively flat, mildly inverted-U relationship with
investment. Overall, the estimated smooths indicate that the relationships between investment

and several conventional firm fundamentals vary substantially across their empirical support.

From an economic perspective, these nonlinear patterns are broadly consistent with established
corporate-investment mechanisms. The positive relation between Tobin’s () and investment
accords with its traditional interpretation as a measure of investment opportunities in the
g-theory of investment (see, e.g., Hayashi (1982)). At the same time, financial frictions can
weaken the otherwise tight mapping between () and investment and generate heterogeneous
investment responses (see Cao, Lorenzoni and Walentin (2019)). The sharp increase in the
cash-flow contribution at higher levels is consistent with the role of internal funds emphasized
by Fazzari, Hubbard and Petersen (1988). Particularly relevant for our nonlinear specification,
Borri, Martins-Filho and Kalatzis (2022) document a markedly nonlinear relationship between

investment and internal funds using a semiparametric framework.!

The generally declining leverage profile is also economically interpretable. While leverage
is associated with relatively limited variation in investment at low levels, its contribution
becomes increasingly negative as indebtedness rises. This pattern is consistent with the
possibility that higher debt burdens reduce financial flexibility and constrain investment
through debt-overhang or refinancing-risk mechanisms. Such an interpretation accords with
the classic debt-overhang mechanism of Myers (1977) and the empirical evidence of Lang,
Ofek and Stulz (1996), as well as more recent evidence on the relationship between corporate
indebtedness and investment (see Kalemli-Ozcan, Laeven and Moreno (2022), and Blickle
and Santos (2024), among others).

The generally declining size profile, particularly beyond the lower end of its empirical support,

Investment—cash-flow sensitivities should not be interpreted mechanically as causal evidence of financing
constraints. This qualification follows the long-standing debate initiated by Kaplan and Zingales (1997) and
Erickson and Whited (2000); the nonlinear evidence of Borri, Martins-Filho, and Kalatzis (2022) provides a
more recent illustration of the heterogeneous nature of the investment—internal-funds relationship.
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is consistent with systematic differences in investment intensity across firm scale and maturity.
More generally, the nonlinear profitability and sales relationships indicate that standard
investment determinants retain familiar economic interpretations while their conditional
contributions vary across firms. Taken together, the estimated smooths support the use of a
flexible investment benchmark that accommodates nonlinear responses to firm fundamentals

while accounting for long-run firm heterogeneity and industry-specific time variation.

Table 4 compares the GAM and linear investment benchmarks using identical evaluation sam-
ples. Both specifications are estimated once on the common first-stage sample, incorporating
Mundlak-type firm-level means and SIC2-by-year fixed effects, and their fitted values and
residuals are subsequently evaluated within the two long-history samples. The GAM provides
a better fit in both samples. For T; > 10, the evaluation-sample R? increases from 0.414
under the linear model to 0.452 under the GAM, while RMSE falls from 0.0492 to 0.0476.
For T; > 20, the corresponding R? increases from 0.440 to 0.481 and RMSE falls from 0.0466
to 0.0448. The fixed-residual deviance comparisons imply reductions of approximately 6.4%

and 7.2%, respectively. The common-sample AIC and BIC comparisons also favor the GAM.

Importantly, the improvement is not confined to the evaluation of the original first-stage
estimates. A separate firm-level out-of-sample validation exercise excludes 20% of eligible
firms from benchmark estimation and evaluates predictions on their held-out observations.
The GAM reduces out-of-sample RMSE by approximately 3.3% in the T; > 10 sample and
3.8% in the T; > 20 sample. The corresponding reductions in MAE are approximately 2.8%
and 3.4%. Although these gains are more modest than the differences in evaluation-sample
fit, they indicate that the additional nonlinear flexibility also improves prediction for firms

excluded from benchmark estimation.

4.4 Asymmetric latent-state estimates

We next examine the dynamic properties of the persistent component extracted from the
GAM residuals. Define

d=p-— ps.

The null of symmetric persistence is d = 0. As discussed in Section 2, the economic literature

permits competing directional mechanisms, so the main empirical restriction is asymmetry
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Figure 1: Nonlinear Components of the GAM Investment Benchmark
Note: The figure displays the estimated smooth contributions of the nine continuous investment deter-

minants from the GAM estimated on the common first-stage sample of 143,145 firm-year observations
from 15,207 firms. The specification includes Mundlak-type firm-level means and SIC2-by-year fixed
effects. Dashed curves denote pointwise uncertainty bands, while rug marks indicate the empirical
support of each covariate. The same estimated GAM is used to construct abnormal-investment residuals
for both long-history samples.
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Table 4: GAM versus Linear Investment Benchmark
T, > 10 T, > 20

Statistic GAM Linear GAM Linear

Panel A. Fit in the long-history samples

Observations 92,359 92,359 54,073 54,073
Firms 4,510 4,510 1,960 1,960
Consecutive spells 4,565 4,565 1,960 1,960
Evaluation-sample R? 0.452 0414 0.481 0.440
RMSE 0.0476 0.0492 0.0448 0.0466
MAE 0.0285 0.0294 0.0271 0.0281

Panel B. Agreement between GAM and linear benchmarks

Kendall residual correlation 0.772 0.775
Residual-sign agreement 0.877 0.877
Fitted-value correlation 0.958 0.961
RMSE of residual difference 0.0124 0.0119
MAE of residual difference 0.0085 0.0082

Panel C. Fixed-residual deviance comparison

Linear residual deviance 223.710 117.211
GAM residual deviance 209.387 108.718
Deviance reduction 14.323 8.494
Deviance reduction (%) 6.402 7.246
Panel D. Common-sample information criteria
AIC (GAM / Linear) —434,582.431 / — 425,494.462
BIC (GAM / Linear) —410,614.153 / — 402,098.739
Panel E. Firm-level out-of-sample prediction
Test firms 900 900 392 392
Test observations 18,312 18,312 10,721 10,721
Out-of-sample RMSE 0.0473 0.0489 0.0460 0.0478
RMSE improvement (%) 3.329 3.828
Out-of-sample MAE 0.0288 0.0296 0.0283 0.0294
MAE improvement (%) 2.806 3.437

Note: The GAM and linear investment benchmarks are estimated once on the common first-stage sample
of 143,145 firm-year observations from 15,207 firms. Both specifications include firm-specific means of all
nine time-varying investment determinants (Mundlak controls) and a full set of SIC2-by-year fixed effects.
The resulting fitted values and abnormal-investment residuals are carried unchanged into the T; > 10
and T; > 20 consecutive-history samples; neither benchmark is re-estimated after imposing the history
restriction for Panels A—C or for the subsequent latent-state analysis. Panel A reports fit diagnostics of these
fixed common-sample benchmarks within each long-history sample. Panel B reports concordance between
their fitted values and residuals. Kendall’s 7 measures rank association between the two sets of residuals.
Panel C compares Gaussian residual loss using the g;_fed first-stage residuals; residual deviance equals the
residual sum of squares. The reported deviance reductions are descriptive rather than sample-specific
analysis-of-deviance tests. Panel D reports AIC and BIC from the common-sample first-stage model
objects and therefore does not vary across the long-history samples. Panel E reports a separate firm-level
out-of-sample validation exercise. For each long-history sample, 20% of eligible firms are randomly held
out, and the GAM and linear benchmarks are re-estimated using all common first-stage observations from

the remaining firms. For computational efficiency in this auxiliary exercise, the GAM is estimated using
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itself rather than an imposed sign for d.

Table 5 reports the full latent-state estimates obtained from the common-sample GAM
investment benchmark incorporating Mundlak-type firm-level means and SIC2-by-year fixed
effects. The results are highly consistent across the two long-history samples. In the 7; > 10
sample,

py =0.928,  p_ = 0.689,

implying d = —0.239. In the T; > 20 sample,
p+ = 0.919, p— =0.731,

implying d = —0.187. Likelihood-ratio tests strongly reject the symmetry restriction H :
p+ = p— at p < 0.001 in both samples.

Table 5: Nonlinear Latent-State Estimates

Statistic T, > 10 T, > 20
p+: positive-state persistence 0.928 0.919
p—: negative-state persistence 0.689 0.731
d=p_ —ps —0.239 —0.187
State innovation SD, o, 0.021 0.019
Transitory-error SD, o, 0.029 0.026
State intercept, 0 —0.003 —0.002
Unrestricted log likelihood 167,645.729 102,569.631
Restricted common p 0.818 0.832
Restricted log likelihood 167,133.193 102,348.041
LR test of p, = p_ 1,025.072 443.179
p-value < 0.001 < 0.001

Note: The table reports estimates of the nonlinear latent-state model using residuals from the common-
sample GAM investment benchmark with Mundlak-type firm-level means and SIC2-by-year fixed effects.
The GAM benchmark is estimated once on the common first-stage sample, and the resulting residuals
are carried unchanged into the 7; > 10 and T; > 20 consecutive-history samples, within which the
latent-state model is estimated separately. Positive latent states are labeled overinvestment and negative
latent states underinvestment in the reduced-form sense defined in Section 2. The persistence difference
is defined as d = p_ — p4. The LR test compares the unrestricted model with the restricted specification
imposing Hy : p4 = p_.

The finding p; > p_ implies that positive persistent abnormal-investment deviations exhibit

substantially stronger local propagation than negative deviations. Unlike specifications in
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which the positive-state persistence coefficient approaches the unit boundary, the estimated
coefficients in Table 5 allow an economically meaningful interpretation of the conditional

half-lives.
log(0.5)

log(ps) ’
{+, —}, the estimated positive-state coefficients imply conditional half-lives of approximately

Using the regime-specific half-life formula introduced in Section 2, hy = s €
9.3 years for T; > 10 and 8.2 years for 7; > 20. The corresponding negative-state half-lives
are considerably shorter, at approximately 1.9 and 2.2 years, respectively. Thus, the effect of
an initial positive abnormal-investment deviation decays substantially more slowly than that
of a negative deviation, conditional on the latent state remaining within the corresponding

regime.

These conditional half-lives should not be interpreted as the expected time firms spend in the
overinvestment or underinvestment regime. The persistence coefficient p; measures the local
propagation of the magnitude of the continuous latent state, whereas a regime-continuation
probability measures the probability of remaining on the same side of zero. The latter
also depends on the state intercept, innovation distribution, and distribution of the latent
state. The distinction between local state propagation and regime continuation is therefore

economically important and is examined further below.

Economically, the estimated ordering supports the Hg, direction of the mechanisms discussed in
Section 3. Positive abnormal-investment states exhibit substantially stronger local propagation
than negative states. This pattern is consistent with mechanisms that may sustain investment
once a firm is above its benchmark, including managerial agency, weak external discipline,
continuing access to internal resources, and commitments or reversal costs associated with
ongoing investment programs. Conversely, the aggregate estimates do not support the Hy,
prediction that financing frictions make underinvestment the more persistent state. Because
the model is reduced form, these mechanisms should be viewed as economic interpretations

of the estimated ordering rather than as separately identified causal channels.

4.5 Regime incidence, investment intensity, and transition dynamics

Table 6 characterizes the estimated latent states. The hard classification assigns 52.0% of

firm-year observations to the positive state in the T; > 10 sample and 52.6% in the T; > 20
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sample. Positive abnormal-investment states are therefore slightly more frequent in both
samples, although the regime shares remain relatively balanced. Posterior-weighted shares
are similar to the hard classification shares, indicating that the estimated distribution of
firm-year observations across the two regimes is not substantially altered when classification

uncertainty is taken into account.

The two regimes also differ considerably in observed investment intensity. Mean investment
is approximately 7.1% of lagged assets in the positive state and 2.9% in the negative state
for T; > 10, compared with 7.0% and 3.1% for T; > 20. The raw regime gap is therefore
approximately 3.9-4.1 percentage points, while the within-firm investment difference is
approximately 3.5-3.8 percentage points. These statistics provide an economically transparent
characterization of the latent classification, although they should not be interpreted as
independent validation of investment inefficiency because the regimes are themselves estimated

from abnormal-investment residuals.

A notable feature of Table 6 is that the positive state also exhibits a slightly higher continuation
probability. In the T; > 10 sample, P(O; | O;—1) = 0.866, compared with P(U; | Uy_1) = 0.847;
in the stricter sample, the corresponding probabilities are 0.872 and 0.849. Thus, positive
abnormal-investment deviations exhibit both stronger local propagation in magnitude and a

slightly higher probability of remaining positive from one year to the next.

Importantly, however, the differences in regime-continuation probabilities are relatively small
compared with the differences in the estimated persistence coefficients. This reinforces the
distinction between local propagation of the continuous latent state and the probability of
remaining in the same regime. The former characterizes the rate at which the effect of an
investment deviation decays, conditional on remaining within a regime, whereas the latter
also depends on the state intercept, innovation distribution, and distribution of the latent
state. The model therefore distinguishes two related but conceptually different dimensions of

abnormal-investment dynamics.

Table 7 examines whether the estimated transition dynamics are sensitive to uncertainty
in latent-state classification. In the T; > 10 and 7; > 20 samples, respectively, 47.1% and
43.8% of observations have posterior positive-state probabilities between 0.30 and 0.70. This

interval is deliberately broad, however: only 12.8% and 11.0% of observations lie close to
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Table 6: Regime Incidence, Investment Outcomes, and Transition Dynamics

Statistic T, > 10 T; > 20
Panel A. Regime incidence

Hard share: overinvestment 0.520 0.526

Hard share: underinvestment 0.480 0.474

Posterior-weighted share: overinvestment 0.518 0.519

Posterior-weighted share: underinvestment — 0.482 0.481

Panel B. Transition dynamics

P(Oy | O4-1) 0.866  0.872
P(U; | Ui4) 0.847 0.849
Under-minus-over continuation gap —0.020 —0.023

Panel C. Investment outcomes

Mean I/A | O 0.071 0.070
Mean [ /A | U 0.029  0.031
Raw investment gap: O — U 0.041 0.039
Within-firm investment difference 0.038 0.035

Note: Hard regime shares are based on posterior classification using pj; > 1/2 for the positive latent
state and p;; < 1/2 for the negative latent state. Posterior-weighted shares average the estimated regime
probabilities. Transition probabilities are computed from the classified latent states. O and U denote
the overinvestment and underinvestment regimes, respectively, in the reduced-form sense defined in
Section 2. The variable I/A denotes firm investment scaled by lagged total assets. Accordingly, the
reported conditional means are the average investment-to-assets ratios for observations classified in the
positive and negative regimes, respectively. The raw investment gap is the difference between these
conditional means, while the within-firm investment difference is computed for firms observed in both
regimes. All statistics are descriptive and are conditional on the common-sample GAM investment
benchmark incorporating Mundlak-type firm-level means and SIC2-by-year fixed effects, and on the
associated latent-state classification. Minor discrepancies between reported differences and differences
calculated from displayed values reflect rounding.
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the 0.5 classification threshold, within 0.45 < ﬁl'; < 0.55. When transition probabilities are
recomputed using only adjacent observations for which both current and lagged states are
confidently classified, the positive-state continuation probabilities are 0.980 and 0.977, while
the corresponding negative-state probabilities are 0.957 and 0.958. Thus, the high degree
of regime continuation documented in Table 6 remains when the analysis is restricted to
observations with relatively sharp posterior classifications. The results in Table 7 therefore
indicate that the transition patterns reported in Table 6 are not driven by observations lying

close to the classification boundary.

Table 7: Posterior Classification Uncertainty and Confident-State Transitions
Panel A. Posterior classification uncertainty
Sample N  pj <0.30 0.30<p; <0.70 p;; >0.70 0.45 < p;, <0.55

T, >10 92,359  25.78% 47.08% 27.13% 12.78%

T, >20 54,073  27.29% 43.77% 28.94% 10.96%

Panel B. Transition probabilities among confidently classified adjacent observations
Sample Valid transitions P(Oy =0 | O;—1 = O) PU=U|U-1=0)

T; > 10 37,441 0.980 0.957

T; > 20 23,994 0.977 0.958

Notes: ﬁ; denotes the posterior probability that the latent investment state is positive. An observation is
classified as confidently positive when 13:; > 0.70 and confidently negative when ;Bfg < 0.30. Panel B retains
only adjacent observations within the same original spell for which both the current and lagged states are
confidently classified.

Figure 2 provides a time-series characterization of investment intensity across the estimated
regimes. Average investment scaled by assets is consistently higher in the positive state than
in the negative state throughout 1991-2025, and this ordering does not reverse in either
long-history sample. Both series exhibit a long-run decline relative to their levels in the
1990s, although the reduction is more pronounced in the positive regime. Consequently, the
investment-intensity gap between the two regimes narrows over time but remains economically
substantial. The time-series patterns are remarkably similar across the 7; > 10 and T; > 20
samples, illustrating the evolution of investment intensity associated with the estimated latent

regimes and the stability of this descriptive pattern across the two history restrictions.
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Figure 2: Investment-to-Assets by Latent Regime, 1991-2025

Note: The figure plots annual mean investment scaled by lagged total assets for firm-year observations
classified in the overinvestment and underinvestment regimes. The two panels incorporated in the figure
correspond to the T; > 10 and T; > 20 consecutive-history samples, respectively. Regime classification
is based on posterior probabilities from the nonlinear latent-state model applied to abnormal-investment
residuals obtained from the common-sample GAM benchmark incorporating Mundlak-type firm-level
means and SIC2-by-year fixed effects. Positive and negative latent states are labeled overinvestment
and underinvestment in the reduced-form sense defined in Section 2.

4.6 Heterogeneity in asymmetric persistence

The theoretical discussion also allows the magnitude of persistence asymmetry to vary
systematically with firms’ financing capacity. Because the new estimates imply p, > p_, it is

useful to characterize heterogeneity using the absolute persistence gap
Ag = ‘pg - p!—;&-‘ )

where ¢ indexes firm groups. This definition separates the magnitude of asymmetry from its

direction.

Table 8 reports subgroup estimates based on firm-level median characteristics. Two patterns
are consistent across the long-history samples: persistence asymmetry is more pronounced
among less profitable firms and smaller firms. In the 7; > 10 sample, the absolute persistence

gap is 0.289 for low-profitability firms, compared with 0.206 for high-profitability firms, and
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0.363 for small firms, compared with 0.155 for large firms. The corresponding contrasts in the
T; > 20 sample are 0.236 versus 0.163 for profitability and 0.284 versus 0.108 for firm size.

The relationship between cash flow and persistence asymmetry is less uniform. The asymmetry
is moderately larger among low-cash-flow firms in the 7; > 10 sample (0.257 versus 0.219),
but is approximately identical across cash-flow groups in the 7; > 20 sample (0.182 in both
groups). For Tobin’s @), the asymmetry is somewhat larger among high-@Q firms in both

samples, particularly under the stricter history requirement.

Table 8: Heterogeneity in Persistence Asymmetry
T; > 10 T > 20

Split Group o+ p— Ay P+ p— Ay
Cash flow Low cash flow 0.902 0.645 0.257 0.884 0.702 0.182
High cash flow 0.938 0.720 0.219 0.931 0.750 0.182

Profitability Low profitability ~0.913 0.624 0.289 0.911 0.675 0.236
High profitability 0.941 0.735 0.206 0.927 0.764 0.163

Firm size Small firms 0.937 0.574 0.363 0.935 0.651 0.284
Large firms 0.927 0.771 0.155 0.905 0.797 0.108
Tobin’s @ Low @ 0.915 0.681 0.235 0874 0.722 0.153
High @ 0.940 0.691 0.249 0.947 0.732 0.216

Note: The table reports subgroup estimates of the asymmetric latent-state model based on abnormal-
investment residuals from the common-sample GAM benchmark incorporating Mundlak-type firm-level
means and SIC2-by-year fixed effects. For each long-history sample, firms are divided using the cross-
sectional median of their firm-specific median characteristic, so that each firm belongs to one subgroup.
The latent-state model is re-estimated separately within each subgroup. The parameters p; and p_ denote
persistence in the positive (overinvestment) and negative (underinvestment) latent states, respectively. The
measure Ay = |p? — pf | denotes the magnitude of persistence asymmetry within subgroup g. Reported
estimates are from the final 181-point-grid unrestricted model. Minor differences between reported
asymmetry measures and differences calculated from displayed persistence coefficients reflect rounding.

The subgroup estimates indicate that the stronger local propagation of positive abnormal-
investment deviations is not confined to firms with abundant cash flow or high profitability.
Positive-state persistence remains high across all the reported groups, although its magnitude
varies across firm characteristics. The greater asymmetry among smaller and less profitable
firms is driven primarily by weaker propagation of negative deviations. For example, in the
T; > 10 sample, negative-state persistence is 0.574 among small firms compared with 0.771

among large firms, whereas positive-state persistence is 0.937 and 0.927, respectively. A
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similar pattern appears across profitability groups and in the stricter 7; > 20 sample.

These cross-sectional patterns qualify a simple free-cash-flow interpretation of the aggregate
result. Financing-related firm characteristics are associated with differences in asymmetric
adjustment, but the evidence does not suggest that liquidity alone explains the stronger
propagation of positive abnormal-investment deviations. Agency incentives, organizational

commitments, and adjustment or reversal costs remain plausible complementary mechanisms.

4.7 Dynamic and predictive validation

We finally examine the implications of the estimated latent-state dynamics for future invest-
ment behavior. The following exercises document how the current filtered state is associated
with subsequent investment outcomes and regime membership, conditional on the specified
lagged controls and common year effects. Since the latent state is constructed from a dynamic
model that explicitly allows for persistent abnormal-investment deviations, these predictive
relationships are partly implied by the estimated state process. Accordingly, we interpret
Tables 9 and 10 as empirical illustrations of the model’s dynamic implications, rather than as

independent validation of investment inefficiency or evidence of causal effects.

Table 9 reports regressions of future investment on the filtered latent abnormal-investment
state. The coefficient on the current state is positive and highly significant at horizons
t+1,t+ 2, and t 4+ 3 in both long-history samples. In the 7; > 10 sample, the coefficient
declines from 0.892 at t + 1 to 0.595 at ¢ + 3; the corresponding coefficients in the stricter
T; > 20 sample are 0.889 and 0.602. The estimates are remarkably similar across the two
samples, and the gradual decline in the coefficients illustrates the propagation of persistent

abnormal-investment deviations documented in the preceding sections.

Table 10 provides a complementary regime-based exercise in which future underinvestment is
regressed on an indicator for current underinvestment. In the 7; > 20 sample, the estimated
odds ratio declines from approximately 37.6 at ¢t + 1 to 14.7 at t + 2 and 9.3 at t + 3;
the corresponding ratios in the broader T; > 10 sample are 35.1, 13.6, and 8.5. Although
the predictive association weakens with the horizon, current regime membership remains
strongly related to future membership three years ahead. This pattern is consistent with the

high one-step underinvestment continuation probabilities in Table 6 and complements the
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Table 9: Predictive Power of the Filtered Latent State
T, > 10 T, > 20

Horizon  Coefficient R? Coefficient R?

t+1  0.892(0.021) 0.277  0.889 (0.030) 0.285
t+2  0.680(0.023) 0.187  0.688 (0.032) 0.199
t+3 0595 (0.024) 0.156  0.602 (0.033) 0.167

Note: The dependent variable is future investment at horizons ¢ + 1, ¢t + 2, and t 4+ 3. The principal
explanatory variable is the filtered posterior mean of the latent abnormal-investment state obtained
from the common-sample GAM investment benchmark incorporating Mundlak-type firm-level means and
SIC2-by-year fixed effects. The predictive regressions additionally control for the first and second lags of
the sales ratio and include year fixed effects. Standard errors in parentheses are clustered at the firm
level. The reported R? is the conventional coefficient of determination. All reported coefficients have
p < 0.001. The exercise illustrates the predictive implications of the estimated latent-state dynamics
rather than providing independent validation of investment inefficiency.

latent-state propagation results in Table 9.

Table 10: Persistence of Future Underinvestment

T; > 10 T; > 20
Horizon  Coefficient Odds ratio McFadden R2 Coefficient Odds ratio McFadden R2
t+1 3.557 (0.027) 35.067 0.410 3.626 (0.038) 37.576 0.422
t+ 2 2.608 (0.028) 13.578 0.260 2.691 (0.039) 14.746 0.274
t+3 2.138 (0.029) 8.482 0.189 2.225 (0.041) 9.250 0.203

Note: The dependent variable equals one if the firm is classified in the underinvestment regime at horizons
t+1,t+2, and t 4+ 3. The principal explanatory variable is an indicator for current underinvestment based
on the posterior regime classification obtained from the GAM-based nonlinear latent-state model. The
logit regressions additionally control for the first and second lags of the sales ratio, lagged cash flow, lagged
firm size, and year fixed effects. Standard errors in parentheses are clustered at the firm level. All reported
coefficients have p < 0.001. Odds ratios equal the exponential of the corresponding logit coefficients, and
McFadden’s R? is the pseudo-R? from the corresponding logit model. Inference is conditional on the
estimated latent-state classification.

4.8 Economic relevance of the latent state: subsequent asset sales

In this section, we assess the economic relevance of the estimated latent state by examining
whether persistent abnormal-investment deviations predict future sales of property, plant, and
equipment (SPPE), an outcome that is not used in constructing the investment benchmark

or estimating the latent-state model. Asset sales provide an observable measure of ex post
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capital reallocation. If persistent positive abnormal-investment states capture economically
meaningful investment dynamics, firms experiencing larger positive deviations may sub-
sequently reverse, restructure, or dispose of part of the capital accumulated during these
investment episodes. Such a pattern is consistent with the mechanisms discussed in Section 3,
whereby managerial incentives, weak external discipline, continued access to internal funds,
and commitments or reversal costs may sustain investment above its benchmark before
adjustment eventually occurs. SPPE has relatively broad coverage in the Compustat panel,
leaving a substantial number of firm-year observations available in both long-history samples

and at the horizons considered.

The exercise is interpreted as predictive evidence on the economic content of the latent state
rather than as a structural test of investment inefficiency. Asset sales may arise for several
reasons, including efficient restructuring, changes in investment opportunities, financing
needs, or portfolio reallocation. Accordingly, a positive association between persistent positive
abnormal investment and future asset sales does not imply that the original investment was
welfare reducing. Rather, the exercise asks whether the persistent component identified by
the latent-state model is systematically related to a subsequent corporate action that lies

outside the system used to construct that state.

We consider both asset sales in the subsequent year and cumulative asset sales over the

following three years. Specifically, we estimate

ASz'(tH) = ;i + Nyt + Bl + BTl + 'Ly + egﬂy H e {1,3}, (12)
where ,
SPPE; ;s
A5 SPPE; 11 45D _ ;
* ATy 7 g ATy ’

and the filtered latent state is decomposed into

ﬁ;tr = max(ﬁita 0)7 ﬁ;t = maX<_ﬁ’it7 0)

Thus, 7;, measures the magnitude of a positive persistent abnormal-investment deviation,

whereas 7);, measures the absolute magnitude of a negative persistent abnormal-investment
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deviation. Both variables are non-negative. The control vector is

Zit - (SRit7 SRi,t—lu Qit7 SIZEZt7 PROEIH PROE,t—17 LE‘/itJ Cﬂtv CASHzt)/ .

These controls are drawn from the firm-level investment determinants used in the benchmark
specifications in Equations (10) and (11) and capture investment opportunities, firm scale,
operating performance, internal financing capacity, and leverage. All controls enter linearly.
The specification also includes firm-specific intercepts, «;, and a full set of SIC2-by-year effects,
Aji),t, which absorb both aggregate time variation and industry-specific shocks in each year.
Standard errors are clustered at the firm level. Because the firm-specific intercepts absorb
time-invariant firm heterogeneity, additional Mundlak-type firm means are unnecessary. To
limit the influence of extreme asset-sale observations, the SPPE outcomes are winsorized at

the 1st and 99th percentiles separately by sample and horizon.

The first hypothesis examines whether persistent positive abnormal investment predicts

subsequent asset sales:
Hy:p8,=0 against Hy:p.>0.

A positive 5, implies that larger persistent positive deviations from benchmark investment are
followed by greater subsequent sales of PP&E, conditional on observable firm fundamentals,
permanent firm heterogeneity, and industry-specific time conditions. Economically, such a
finding would be consistent with subsequent reversal, restructuring, or disposal of capital

following a persistent positive investment episode.

The second and central asymmetry test is

Hy: 06, =p_ against Hy:06,>p_.

Because both 7} and 7j;, are non-negative magnitudes, this test compares the subsequent
asset-sales association with positive and negative persistent deviations of the same absolute
size. Evidence that g, > f_ would imply that future asset disposal is more strongly associated
with persistent positive abnormal-investment states than with equally large persistent negative

states.
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Table 11: Subsequent Asset Sales and the Filtered Latent State

T; > 10 T, > 20
t+1 t+1:t+3 t+1 t+1:t+3
Positive filtered state, 7);; 0.0277*  0.0591**  0.0272**  0.0618"**
(0.0048) (0.0155) (0.0065) (0.0212)
Negative filtered state, 7, -0.0116 -0.0506 -0.0225% -0.0868*
(0.0095) (0.0366) (0.0126) (0.0465)
SR 0.0006*** 0.0016** 0.0005 0.0023**
(0.0002) (0.0007) (0.0003) (0.0009)
SR 0.0002 0.0006 0.0005* 0.0013*
(0.0002) (0.0006) (0.0003) (0.0008)
Qit -0.0002***  -0.0004**  -0.0003***  -0.0006™**
(0.0000) (0.0001) (0.0001) (0.0002)
SIZFEy -0.0004**  -0.0027***  -0.0005***  -0.0023***
(0.0001) (0.0006) (0.0002) (0.0007)
PROFy -0.0019***  -0.0054***  -0.0016* -0.0018
(0.0005) (0.0019) (0.0008) (0.0027)
PROF; ;1 -0.0008** -0.0015 -0.0005 -0.0014
(0.0004) (0.0011) (0.0006) (0.0017)
LEV, 0.0019*** 0.0037* 0.0018*** 0.0028
(0.0005) (0.0020) (0.0007) (0.0027)
CFy -0.0007 -0.0011 -0.0014 -0.0063*
(0.0006) (0.0020) (0.0009) (0.0032)
CASH; -0.0020**  -0.0065***  -0.0015* -0.0055**
(0.0005) (0.0020) (0.0008) (0.0027)
By — B 0.0393 0.1096 0.0497 0.1486
One-sided p: Hy : 4 >0 < 0.001 < 0.001 < 0.001 0.002
One-sided p: Hy : B4 > - < 0.001 0.002 < 0.001 0.001
Firm fixed effects Yes Yes Yes Yes
SIC2 x year effects Yes Yes Yes Yes
R? 0.440 0.610 0.468 0.607
Observations 66,738 53,560 38,518 31,933
Firms 4,238 3,994 1,849 1,772

Notes: The dependent variable is future sales of property, plant, and equipment (SPPE), scaled by total
assets at time ¢. The t + 1 specification uses SPPE; ;41/AT;,, whereas the three-year specification uses
cumulative SPPE over ¢ + 1 through ¢ + 3, scaled by AT;;. The dependent variables are winsorized at the
1st and 99th percentiles separately by sample and horizon. The positive and negative filtered states are
defined as 7);; = max(7ji;,0) and 7j;, = max(—7;,0), respectively. The control vector corresponds to the
full set of time-varying investment determinants in Equations (10) and (11), shifted to period ¢: SRy,
SRi+-1, Qit, SIZE, PROFy, PROF; 1, LEV;, CFy, and CASH;;. All controls enter linearly. All
specifications include firm fixed effects and a full set of SIC2-by-year effects. Standard errors clustered
at the firm level are reported in parentheses. StdBs refer to conventional two-sided coefficient tests:
*p < 0.10, **p < 0.05, and ***p < 0.01. The reported hypothesis-test p-values are directional one-sided
tests of Hy : B4 >0 and Hy : Sy > 3.



Table 11 provides strong support for the first hypothesis. The coefficient on the positive
filtered state is positive in every specification and remarkably similar across the two long-
history samples. At the one-year horizon, the estimates are 0.0277 for 7; > 10 and 0.0272 for
T; > 20, with one-sided p-values below 0.001 in both cases. For cumulative asset sales over the
subsequent three years, the corresponding coefficients rise to 0.0591 and 0.0618 and remain
statistically significant, with one-sided p-values below 0.001 and 0.002, respectively. Thus,
persistent positive abnormal-investment deviations are systematically followed by greater

subsequent asset sales, and the association is not confined to the immediately following year.

The magnitudes are also economically interpretable. Because the latent investment deviation
and the asset-sales outcome are expressed as ratios, a one-percentage-point increase in the
positive latent-state magnitude is associated with approximately 0.027 percentage points
higher asset sales in the following year and approximately 0.059-0.062 percentage points
higher cumulative asset sales over the subsequent three years. The close correspondence of
these estimates across the two long-history samples further indicates that the relation is not

sensitive to the amount of within-firm history used to estimate the latent state.

The results also strongly support the second, asymmetric hypothesis. The estimated differences
B, — B equal 0.0393 and 0.1096 in the 7; > 10 sample and 0.0497 and 0.1486 in the T} > 20
sample for the one-year and cumulative three-year outcomes, respectively. The null of equal
associations is rejected in favor of S, > [_ in all four specifications, with one-sided p-values
ranging from below 0.001 to 0.002. The negative-state coefficients are non-positive throughout
and are only weakly significant in the stricter T; > 20 sample. We therefore place greater

emphasis on the direct asymmetry test than on the separate interpretation of 5_.

Overall, the asset-sales results provide further evidence on the economic relevance of the
estimated latent state. Persistent positive abnormal-investment deviations predict greater
subsequent sales of property, plant, and equipment than equally large negative deviations,
and this asymmetry remains virtually unchanged after conditioning on the full set of time-
varying investment determinants in Equations (10) and (11). The pattern is consistent with
subsequent capital reallocation following persistent positive investment episodes and with the
agency, continuation, and costly-reversal mechanisms discussed in Section 3. Because asset

sales may also reflect efficient restructuring or changes in investment opportunities, however,
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the evidence remains predictive and reduced form rather than a structural test of investment

inefficiency.

5. Conclusion

This paper develops a dynamic latent-state framework for measuring persistent abnormal
corporate investment. Unlike conventional residual-based measures, the approach separates
persistent deviations from transitory disturbances and allows persistence to differ between
positive and negative investment states. It therefore adds a dynamic dimension to the
measurement of investment efficiency by distinguishing the persistence of abnormal investment

from its contemporaneous magnitude.

Monte Carlo evidence further supports the finite-sample reliability of the latent-state proce-
dure: dynamic filtering improves latent-state recovery and regime classification relative to raw
investment residuals, regime-specific persistence is recovered accurately, and the two-sided
test of persistence asymmetry is well sized and highly powerful even with relatively short

within-firm histories.

Our empirical analysis provides four main findings. First, abnormal investment exhibits
strong asymmetric persistence. Using the preferred nonlinear investment benchmark, positive
abnormal-investment deviations display substantially stronger local propagation than negative
deviations, with estimated persistence coefficients of approximately 0.92 and 0.69-0.73,
respectively, across the two long-history samples. These estimates imply conditional half-
lives of approximately 8-9 years for positive deviations, compared with about 2 years for
negative deviations. Symmetric persistence is strongly rejected. The greater propagation of
positive investment deviations is consistent with managerial agency, weak external discipline,
continued access to internal resources, and organizational or contractual commitments that
can make ongoing investment programs costly to reverse, although the reduced-form evidence

does not separately identify these mechanisms.

Second, the results reveal a clear distinction between two dimensions of corporate invest-
ment persistence. Despite the pronounced asymmetry in local state propagation, regime-

continuation probabilities are high and relatively similar across positive and negative states,

45



with only a modest difference in favor of the positive regime. Thus, the much slower condi-
tional decay of positive abnormal-investment deviations is not accompanied by a comparably
large difference in the probability of remaining in the same regime. This finding illustrates
why local state propagation and regime continuation should be treated as distinct dimensions

of corporate investment adjustment.

Third, persistence asymmetry displays substantial cross-sectional heterogeneity. It is par-
ticularly pronounced among smaller and less profitable firms, primarily because negative
abnormal-investment deviations exhibit weaker propagation in these groups, while positive-
state persistence remains high. The relationship between cash flow and persistence asymmetry
is less uniform across the two long-history samples. These findings suggest that firm character-
istics associated with financing capacity are related to the dynamics of abnormal investment,
but do not support a simple liquidity-based explanation. Agency, organizational commitments,

and adjustment or reversal costs remain plausible complementary mechanisms.

Fourth, the estimated latent state has economically meaningful predictive content for subse-
quent capital reallocation. Persistent positive abnormal-investment deviations are followed
by greater subsequent sales of property, plant, and equipment, and this association is sig-
nificantly stronger than that associated with equally large negative deviations. The result
holds across both long-history samples and for asset sales measured over the subsequent year
and cumulatively over the following three years. Importantly, the finding remains virtually
unchanged after conditioning on the full set of time-varying investment determinants used
in the benchmark specifications. Because subsequent asset sales may also reflect efficient
restructuring or changes in investment opportunities, this evidence should be interpreted
as support for the economic relevance of the latent state rather than as a structural test of

investment inefficiency.

These findings have implications for empirical corporate-finance research. Two firms with
similar contemporaneous abnormal-investment residuals may face very different subsequent
adjustment paths if the persistent components of those residuals propagate at different rates.
Studies of investment efficiency, financing constraints, governance, liquidity, or managerial
incentives may therefore benefit from distinguishing the contemporaneous magnitude of

abnormal investment from its persistence and from the probability of remaining in the same
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investment regime. The latent-state framework provides a way to separate these economically

distinct dimensions of corporate investment behavior.

Appendix

This appendix provides technical results and implementation details supporting the theoretical
and empirical methodology of the paper. Appendices A—E present the formal results and
proofs underlying Section 2, covering stability of the latent-state process, residual-based
regime misclassification, probabilistic regime classification, identification of the state-space
parameters, and two-step inference with generated residuals. Appendix F presents the Monte
Carlo analysis in greater detail, assessing the finite-sample performance of the latent-state
estimator and associated inference procedures. Appendix G provides implementation details

for the GAM benchmark investment equation used in Section 4.

Appendix A. Stability of the latent-state process

For notational simplicity, the firm index is suppressed. The latent state evolves according to

Ny =6 + pene—11{m—1 > 0} + p_n_11{m—1 < 0} + wy.

Define
fx) =0+ pral{x > 0} + p_z1{x < 0},
so that
ne = f(m-1) + wy.
Let

47



p* = max{|pi|,[p-|}.

Proposition Al (Stability). Suppose that p* < 1 and that w; is iid with E|w,| < oo.

Then the latent-state process admits a unique stationary and ergodic solution.

Proof. For any z,y € R, the common intercept 0 cancels when f(z) — f(y) is formed. Since

the slopes on the two sides of the threshold are bounded in absolute value by p*,

[f(@) = f)| < p*le —yl.

Thus, f is globally Lipschitz with contraction coefficient p* < 1. Consider two realizations of
the process driven by the same innovation sequence but initialized at different values. Then
1 2 (1 2
) = 0P| < p* ity = ).

Iterating,

1 2 * 1 2
It = 0P < (o) s — 0.

Since p* < 1, the effect of the initial condition vanishes geometrically. Standard results
for contractive stochastic recurrence equations therefore imply existence, uniqueness, and

ergodicity of the stationary solution. [

The baseline parameter space in Section 2.2 imposes 0 < p; < 1 and 0 < p_ < 1, and is

therefore a special case of the stability condition above.

Appendix B. Residual-Based Regime Misclassification

For notational simplicity, the firm index is suppressed. The observed abnormal-investment

residual satisfies
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Uy = M + &4, (B.1)

where 7, is the persistent latent state and ¢; is the transitory disturbance. Define the latent

regime as

+7 ur Z 07
St =

- M < 07

and the conventional residual-based classification as

+, Ut Z 0,

St =
— U < 0.

Residual-based misclassification occurs whenever s; # s;.

Proposition B1 (Residual-sign misclassification). Suppose that ¢, ~ N(0,02), with
02 > 0, and that ¢; is independent of 7;. Then

O¢

PGt s |n)=o (—’””) , (B2)

where ®(-) denotes the standard normal distribution function. Consequently,

PGi#s)=FE lcp (—'””) > 0. (B.3)

Proof. 1f n; > 0, misclassification occurs when ¢; < —n;, so that

P # s | )= <—Zt> )

€

If n; < 0, misclassification occurs when ¢, > —n,, yielding
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P(§t;£st|m):<b(gt).

&€

Both expressions equal ®(—|n;|/o.). Integrating over the stationary distribution of n, gives
Equation (B.3). O

Equation (B.2) shows that residual-sign classification is particularly uncertain when the
persistent latent state lies close to the zero threshold. The probability of misclassification
declines as || increases, but remains positive for any finite || under Gaussian measurement

noise.

Appendix C. Probabilistic Regime Classification

For notational simplicity, the firm index is suppressed. Let
,)/ — (6/, 19/)/

denote the full parameter vector entering the filtering procedure, where § determines the
benchmark-investment residuals and ¢/ contains the state-space parameters. Let 7y denote

the true parameter vector and 7 its estimator.

Let F; denote the information set used by the filter through period t. Define the filtered

probability of a positive persistent abnormal-investment state as

pr() =Py (e >0]| F). (C1)

The feasible filtered probability is

P =p (7). (C.2)

The corresponding probability-based classification rule is
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P >1/2,
Si=9—, p <1/2, (C.3)
/\_'_

@, Py :1/27

where @ denotes an unclassified observation. The positive and negative regimes correspond,

respectively, to persistent positive and persistent negative abnormal investment.
Assumption C1. The following conditions hold:

1. The estimator of the full parameter vector is consistent:
gl L 7o-

2. For each t, the filtering probability p; () is continuous in 7 in a neighborhood of 7.

3. The latent-state process is stationary and ergodic, and the nonlinear filter is stable with

respect to its initialization.

4. The oracle posterior probability does not place positive probability exactly at the

classification threshold:

Pl =5} =0

Proposition C1 (Consistency of posterior probabilities and regime classification).

Under Assumption C1,

P =P (70) = 0p(1). (C.4)
Consequently, the feasible probability-based classification converges to the oracle classification:
P(s;=s7)—1, (C.5)

where
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+, p > 1/2,
S: _ Dt (’YO) / (C.G)

Proof. By consistency,

”AY£>’YO-

Continuity of the filtering probability in v and the continuous mapping theorem imply

p?(?) - p;L(%).

Hence,

i —pf (1) = 0,(1),

which establishes Equation (C.4).

A discrepancy between 5; and s; can occur only when estimation error moves the estimated

posterior probability across the one-half classification threshold. For any € > 0, define

Ae) = P (|p =i (0)| > )

and
Bi(e) = P<p:r(70) - ; < 6) -
Then
P (8 # s7) < Ai(e) + By(e). (C.7)

52



By Equation (C.4), A:(e) — 0 for every fixed € > 0. Assumption C1 implies that B;(e) — 0
as € | 0. Therefore,

P(§t7és:)—>0,

which establishes Equation (C.5). [

Classification uncertainty. Proposition C1 establishes convergence of the feasible classifi-
cation to the classification that would be obtained using the true model parameters. It does

not imply that every realized latent regime can be recovered without error.

Define the realized latent regime as

+7 Mt 2 07
St —
- M < 0.

Conditional on Fj, the probability that the oracle classification differs from the realized latent

regime is

P (s # s | Fr) = min {p/ (70),1 = p{ (90) } (C8)

Consequently, the unconditional oracle classification error is

R'=F [miﬂ {pf(%)a 1 —p;r(%)}] : (C.9)

This quantity is generally strictly positive when the transitory disturbance has nonzero
variance. Parameter consistency therefore eliminates the additional discrepancy between the
feasible and oracle classification rules, but it does not eliminate the irreducible uncertainty

associated with recovering an unobserved latent state from noisy measurements.
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Appendix D. Identification of the state-space parameters

For notational simplicity, the firm index is suppressed. The observed abnormal-investment

measure satisfies

U = Tt + &;. (Dl)

The latent state evolves according to

N =0+ pam—11{n—1 > 0} 4+ p_n—1 1{ne—1 < 0} + wy. (D.2)

The loading of 7; in the measurement equation is normalized to one, fixing the scale of the

latent state, and the regime threshold is normalized at zero.
Assumption D1. The following conditions hold:

1. The persistence parameters satisfy

|p+’ < 17 ’p*‘ <L

2. The state innovation satisfies

E(w; | p—1) = 0, E(w?) < oo.

3. The measurement disturbances {e;} are iid over time, independent of the latent-state

process and the state innovations, with

E(g) =0, E(e?) < c0.

4. The distribution of ¢; is known or separately identified and its characteristic function

¢e(s) = Elexp(isey)]
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is nonzero for all s € R.

5. The stationary distribution of 7;_; assigns positive probability to both regimes and

exhibits nondegenerate variation within each regime:
P(ni—1 > 0) >0, P(ni—1 < 0) >0,

and
Var(n,_1 | -1 > 0) >0, Var(n,_1 | ;-1 < 0) > 0.

Proposition D1 (Identification of regime-dependent persistence). Under Assumption
D1, the parameters 4, p,, and p_ are identified from the joint distribution of the observ-
able abnormal-investment process {u;}, conditional on identification of the measurement-

disturbance distribution.

Proof. Consider the joint characteristic function of two consecutive observed outcomes:

Gup_yup (8,7) = E [exp{i(sus—1 + rus)}].

Using Equation (D.1) and the independence of the measurement disturbances,

Pup1,0(8:7) = Gy (55 7)Pe () e (1) (D.3)

Since ¢.(s) # 0 for all s,

N Duy_1u,(5,7)
¢77t—1777t(S7T) - (bs(s)(bs(r) : (D4)

Hence, the observable joint distribution of (u;_1, u;), together with the identified measurement-

disturbance distribution, uniquely determines the joint distribution of (17;_1, ;).

The identified joint distribution determines the conditional mean
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m(x) = E(n | i1 = ),

which, from Equation (D.2), satisfies

0+ prx, x>0,
m(z) = P (D.5)
0+ p_x, x<O.

Let Ry = {m—1 > 0} and R_ = {n;—1 < 0}. Because E(w; | n;—1) = 0, the regime-specific

slopes satisfy

Cov (e, -1 | Rs)
s = s S E —i—’ —r. D6
p Var(n | o) {+ -} (D.6)

The denominators are strictly positive under Assumption D1. Hence, p, and p_ are identified
from the identified joint distribution of the latent state. The common intercept is then
identified from

0=E(m | Rs) = psE(m-1 | Rs), s e{+ -} (D.7)

Under the maintained model, Equation (D.7) gives the same value of ¢ from either regime.

Therefore, 0, p,, and p_ are jointly identified. [J

Corollary D1 (Identification of persistence asymmetry). Because p, and p_ are

separately identified, their difference

d=p-—pt

is also identified. Consequently, the null hypothesis

Hy:py =p-
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is testable from the observable distribution of abnormal investment.

Joint identification of the innovation variances. In the Gaussian state-space specification

used in the empirical analysis, the complete parameter vector is

Y= (5,p+,p,,012u,052>/.

When the innovation variances are estimated jointly with the state parameters, local identifi-
cation of ¥ additionally requires the expected information matrix
0%0;(0
I(%) = —F 9 Llto)
ooy’

to be nonsingular at the true parameter value. This condition rules out local observational
equivalence among changes in the state intercept, regime-specific persistence, and the signal-

to-noise ratio.

Identification of the state-space parameters does not imply that every realized latent state is
recovered without error. Individual states remain subject to filtering uncertainty and should

therefore be summarized through their filtered or smoothed conditional distributions.

Appendix E. Generated Residuals and Two-Step Infer-

ence

The empirical procedure is implemented in two steps. In the first step, the benchmark
investment equation is estimated and the generated residuals u;; = I;; — X{tB are constructed.

In the second step, these residuals are used in the state-space likelihood to estimate 9.

Because u;; depends on the estimated first-stage parameter 5 , inference on 1 must in general
account for first-stage estimation uncertainty. We therefore treat the two stages jointly through
a stacked estimating-equation representation. Let g¢;(3) denote the firm-level estimating
equations for the benchmark investment equation and let s;(¢, 3) denote the firm-level score

of the state-space likelihood. Define
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_ gz(ﬁ) _ JARAY
\I'i('y)—(siw’ﬁ)» v =87

The two-step estimator satisfies the sample counterparts of these estimating equations.

Proposition E1 (Two-step asymptotic distribution). Suppose that firms are indepen-
dent across i, or satisfy an appropriate cluster-dependence condition, that T; is bounded
or suitably controlled, and that the estimating equations satisfy standard identification,

differentiability, and moment conditions. Then

VN —70) 5 N (0,G7'GE)

where

] ; Q= E¥;i(v)%i()]-

Proof. A first-order expansion of the stacked sample estimating equations around =, gives

sz\If 70) + GVN - 70) + 0,(1).

Therefore,
\/N(’AY—’YO) = -G~ \/—Z‘I’ Yo) + 0p(1).

The result follows from a central limit theorem for the firm-level estimating equations. [J

Because the first-stage estimating equations do not depend on 1, the Jacobian has the block

form
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G 0
G=|"" .
Gys Gy
Consequently, the influence representation for the second-stage estimator is

N

\/N({g—ﬁo) = —GQ;; [\/—ZSZ Yo, Bo) GﬂBGﬁﬁ\/—Zgz Bo)| + op(1).

The second term inside the brackets shows explicitly how uncertainty in the estimated
benchmark investment equation enters inference on the state-space parameters. It disappears

only under the special condition Gys = 0; it is not assumed to vanish in the baseline analysis.

The corresponding covariance matrix for J is obtained from the relevant block of the full
sandwich covariance matrix. In the empirical implementation, firm-level bootstrap inference
provides a direct numerical counterpart to this result: firms are resampled and both the
benchmark investment equation and the state-space model are re-estimated in every bootstrap

replication.

This result concerns consistency and inference for the finite-dimensional parameter vector. It
does not imply consistent pointwise recovery of each realized latent state as N increases. In
particular, when the measurement disturbance has nonzero variance and the time dimension
for each firm is bounded, filtering uncertainty generally remains even when the model
parameters are known. As shown in Appendix D, posterior regime classification therefore

remains subject to irreducible uncertainty.

Appendix F. Monte Carlo Analysis

This appendix evaluates the finite-sample performance of the proposed latent-state framework.
The simulations examine four questions. First, can the model recover regime-specific persis-
tence parameters when the persistent abnormal-investment state is observed only through
noisy regression residuals? Second, does latent-state filtering improve state recovery and

regime classification relative to the conventional residual-based approach? Third, does the
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Wald test of symmetric persistence exhibit reliable finite-sample size and power? Fourth, how
sensitive are these properties to the amount of within-firm time-series information available

to the estimator?

The data-generating process follows the structure of the model developed in Section 2. For
firmi=1,...,N and period t =1,...,T, let

Xit = (1, Sit-1, Siz—2)', Bo = (e, B, B2)".

The benchmark investment equation in Equation (1), together with the decomposition in

Equation (3), is specialized to

Ly = X[, Bo +uy = a + B1Si1-1 + B2Si1—2 + 0t + €, (F1)

where S;; denotes sales, 7;; is the persistent latent component of abnormal investment, and ¢,

is the transitory disturbance. Sales evolve according to the stationary autoregressive process

Sit = VSit—1 + &t (F2)

The latent state follows the asymmetric threshold process in Equation (4). Thus, persistence
depends on the sign of the lagged latent state. Consistent with the interpretation in
Section 2.2, positive values of 7;; define the overinvestment regime and negative values define
the underinvestment regime. Accordingly, p, measures persistence in the overinvestment

region, whereas p_ measures persistence in the underinvestment region.

The state intercept ¢ is calibrated separately in each design so that the invariant distribution
of the latent state satisfies E(n;;) = 0. Since E(e;;) = 0, this also implies E(u;;) = 0, aligning
the simulated abnormal-investment process with the centering induced by a benchmark
regression containing an intercept. As discussed in Section 2.2, under asymmetric persistence
0 = 0 would not in general imply a zero-mean invariant distribution. The innovations are

generated as
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git ~ N(O; O?)? Wit ~ N(O7 0-3))7 Eit ™~ N(O7 O'?), (FS)

and are mutually independent across firms and time. Sales are initialized from their stationary
Gaussian distribution. The latent state is initialized using a 750-period burn-in, providing a

numerical draw from the invariant distribution implied by Equation (4).

The simulations use N = 500 firms and R = 600 Monte Carlo replications. To examine
sensitivity to the within-firm time dimension, two panel lengths are considered: T'= 12 and
T = 25. Because the benchmark investment equation contains two lags of sales, the first
two periods are used to construct the regressors. The T'= 12 design therefore contains 10
usable observations per firm, or 5,000 usable firm-period observations per replication, whereas
the T' = 25 design contains 23 usable observations per firm, or 11,500 usable firm-period
observations. The cross-sectional dimension is held fixed at N = 500 so that the experiment
isolates the effect of shortening the within-firm history, which is the finite-sample dimension
of primary interest here. All remaining DGP parameters are identical across the two panel
lengths. The common DGP parameters are set to a = 0.20, 5; = 0.60, 8, = 0.20,~v = 0.50,
with o = 1.00, 0. = 0.80. Three persistence designs are considered. The first is a symmetric
benchmark,
p+ = p— = 0.90, oy = 0.40.

This design is used to evaluate parameter recovery under symmetric persistence and the

empirical size of the Wald test. The second design introduces moderate asymmetry,
py = 0.75, p— = 0.90, ow = 0.40.
The third design introduces stronger asymmetry,

pr =055 p_=090, o,=0.35.

In the two asymmetric designs, we set p_ > p, as a convenient normalization for organizing
the Monte Carlo experiment rather than as a maintained directional prediction. Holding

the persistence of one regime fixed while lowering that of the other generates moderate and
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strong degrees of asymmetry and allows us to evaluate parameter recovery and test power as
|p— — p+| increases. The objective of the experiment is therefore to assess the ability of the
estimator to recover regime-specific persistence and detect departures from symmetry, rather

than to privilege one particular ordering of p, and p_.

Under the symmetric Gaussian innovation structure used in the Monte Carlo design, reversing
the ordering of the two persistence coefficients and reflecting the latent state around zero
generates the corresponding mirror experiment in which overinvestment is more persistent
than underinvestment. With the centering intercept adjusted accordingly, the positive and
negative regime labels are interchanged, while the finite-sample implications for parameter
recovery, latent-state recovery, regime classification, and the two-sided test of persistence
symmetry are analogous. We therefore report one orientation of the asymmetric designs to

avoid duplicating essentially mirror-image simulation results.

Each simulated panel is estimated in two stages, following the procedure described in
Section 2.3. In the first stage, Equation (F1) is estimated by OLS using an intercept and
the first two lags of sales. The abnormal-investment residual is then constructed as in
Equation (2),

ﬁz‘t - Iz't - X&B - ]z't —a— BISi,t—l - BQSi,t—%

so that, up to first-stage estimation error,

Uit = Nix + €t

Three procedures are then used to estimate the latent state and classify the investment
regime. The first is the conventional residual-based procedure. An observation is classified as
overinvestment when 4; > 0 and as underinvestment when 4;; < 0. The residual u;; is also

treated directly as an estimate of the latent state.

The second procedure estimates a restricted latent-state model imposing p; = p_. This sym-
metric filter retains the dynamic signal-extraction structure but rules out regime-dependent
persistence. It therefore separates the gains arising from dynamic filtering from those

attributable specifically to allowing asymmetric persistence.
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The third procedure estimates the unrestricted asymmetric latent-state model in Equation (4).

The parameter vector
V= (67 P+ P— 0121;7 0—52)/

is estimated jointly by maximum likelihood using the first-stage residuals as the observed
measurement series. As in Section 2.3, the likelihood is evaluated using a nonlinear grid-based

filter. The Monte Carlo implementation uses 61 state points over the interval [—7,7].

For both latent-state models, state estimation and regime classification follow the definitions

in Section 2.3. The filtered posterior mean,
Nit = Eg (nz‘t | ]:it) )

is used as the point estimate of the latent state, while classification is based on the posterior
probability
b = Py(mie 2 0| Far) .

An observation is classified as overinvesting when p;; > 1/2 and as underinvesting when
Py < 1/2. Thus, consistent with Section 2.3, classification is based on posterior regime

probabilities rather than on the sign of the filtered posterior mean.

Finite-sample performance is evaluated along four dimensions. First, parameter recovery
is assessed using the Monte Carlo mean, bias, and root mean squared error of p, and p_.

Second, latent-state recovery is evaluated using the mean squared error

T

]\7(111_2) Z Z 772t nzt : (F4)

i=1t=3

MSE(7) =

The MSE of the raw regression residual is compared with those of the symmetric and
asymmetric filtered-state estimates. Third, classification accuracy is defined as the proportion
of usable firm-period observations for which the probability-based estimated regime agrees
with the true sign of ;. Accuracy is reported for the complete sample and for observations
satisfying |n;;| > 0.10, thereby separating overall classification performance from performance

near the zero threshold. Because the true latent state is observed by construction in the Monte
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Carlo experiment, this comparison is a finite-sample diagnostic of classification performance;

it does not imply error-free recovery of individual latent states in the empirical application.

Finally, inference on asymmetric persistence is evaluated using the Wald test in Equation (8),

Hy:py = p-,

with
d(9) = p- — ps-.

The Monte Carlo analysis focuses on the two-sided alternative

Hy:py #p-,

or equivalently,
H, :d(v) # 0.

The empirical size of the Wald procedure is evaluated under the symmetric design, whereas its
power is evaluated under the moderate- and strong-asymmetry designs. These two asymmetric

designs correspond to different magnitudes of

[d()] = |p- = p+l,

and therefore allow us to assess how the power of the symmetry test changes as the degree
of persistence asymmetry increases. As discussed above, the reported simulations use the
normalization p_ > p,, but the test itself is two-sided and does not impose a particular
direction of asymmetry. Together, the experiments assess whether the proposed framework
can recover regime-specific persistence, improve signal extraction and regime classification
relative to raw regression residuals, provide reliable finite-sample inference on asymmetric
adjustment, and remain effective when the available within-firm history is substantially

shorter.

Table F1 reports regime-classification accuracy under the symmetric-persistence design, in
which
p+ = p— = 0.90.
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Because the data-generating process imposes common persistence across positive and negative
latent states, this design provides a useful benchmark for evaluating the gains from dynamic

signal extraction independently of persistence asymmetry.

Both latent-state filters improve classification relative to the conventional residual-sign
procedure at both panel lengths. With 7" = 12, average classification accuracy increases from
77.1% for the first-stage residual to 81.4% under either latent-state filter. With 7" = 25, the
corresponding increase is from 77.2% to 81.9%. The gain is also present away from the regime
boundary. For observations satisfying |n;;| > 0.10, classification accuracy rises from 79.5% to
84.0% when T = 12, and from 79.5% to 84.6% when T = 25.

Table F1: Monte Carlo Classification Accuracy under Symmetric Persistence

Method Classification accuracy Accuracy away from threshold
Panel A. T = 12 (10 usable observations)
Residual-sign classification 0.771 0.795
Symmetric filter 0.814 0.840
Asymmetric filter 0.814 0.840
Panel B. T' = 25 (23 usable observations)
Residual-sign classification 0.772 0.795
Symmetric filter 0.819 0.846
Asymmetric filter 0.819 0.846

Note: This table reports average regime-classification accuracy across 600 Monte Carlo replications
under the symmetric-persistence design, py = p— = 0.90, with N = 500 firms. Panel A uses T' = 12,
providing 10 usable observations per firm after constructing the two sales lags. Panel B uses 7' = 25,
providing 23 usable observations per firm. Classification accuracy is the fraction of observations for
which the estimated regime agrees with the true sign of the simulated latent state 7;;. “Away from
threshold” restricts the calculation to observations satisfying |n;:| > 0.10. Residual-sign classification
assigns an observation to the overinvestment regime when u;; > 0 and to the underinvestment regime
when U;; < 0. The symmetric and asymmetric filters use the posterior regime probability f);';, with an
observation classified as overinvesting when p}; > 1/2 and as underinvesting when p; < 1/2.

The comparison across panels shows that classification performance is highly stable when
the available firm history is shortened. Moving from 23 to 10 usable observations reduces
filtered classification accuracy by only about 0.5 percentage points in the full sample and by
about 0.6 percentage points away from the threshold. The symmetric and asymmetric filters

remain virtually identical under the symmetric DGP, as they should. Thus, the unrestricted
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filter does not generate spurious classification gains when persistence is common, and the
classification advantage of dynamic filtering does not depend on the relatively longer T = 25

design.

Having established the classification performance of the estimators under the symmetric
benchmark, Table F2 evaluates their ability to approximate the magnitude of the simulated
latent state. This is a more demanding criterion than regime classification because it evaluates
the distance between the estimated and realized latent states rather than only whether their

regime classifications agree.

Table F2 reports the mean squared error between the estimated and true latent states under
the symmetric, moderate-asymmetry, and strong-asymmetry designs. For the residual-based
procedure, the first-stage abnormal-investment residual u;; is treated directly as an estimate
of n;. For the symmetric and asymmetric latent-state models, the state estimate is the

filtered posterior mean defined in Section 2.3,
Nt = E@ (Th‘t ‘ ]:it) .

The asymmetric designs in Table F2 are reported under the normalization p_ > p.; analogous

finite-sample conclusions obtain under the opposite ordering.

The results show that dynamic filtering produces large improvements in state-estimation
accuracy at both panel lengths. In the T = 12 design, the asymmetric filter reduces MSE
relative to the raw residual by approximately 62% under symmetric persistence, 66% under
moderate asymmetry, and 74% under strong asymmetry. The corresponding reductions for
T = 25 are approximately 64%, 67%, and 75%. Thus, even with only 10 usable observations

per firm, most of the signal-extraction gain obtained in the longer panel is preserved.

As expected, the shorter panel produces somewhat larger filtered-state MSEs because less
within-firm information is available to the filter. The increase, however, is modest: the
asymmetric-filter MSE rises from 0.2320 to 0.2445 under symmetric persistence, from 0.2094
to 0.2171 under moderate asymmetry, and from 0.1600 to 0.1648 under strong asymmetry.
The incremental gain from allowing regime-dependent persistence rather than imposing a

symmetric filter remains comparatively small in both panel lengths. It is 0.16%, 1.07%, and
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Table F2: Monte Carlo Latent-State Recovery

Design Residual Symmetric Asymmetric Gain
MSE MSE MSE (%)

Panel A. T =12 (10 usable observations)
Symmetric: (0.90,0.90)  0.6420 0.2449 0.2445 0.16
Moderate: (0.75,0.90) 0.6409 0.2194 0.2171 1.07
Strong: (0.55,0.90) 0.6396 0.1674 0.1648 1.56

Panel B. T = 25 (23 usable observations)
Symmetric: (0.90,0.90)  0.6405 0.2325 0.2320 0.18
Moderate: (0.75,0.90) 0.6402 0.2112 0.2094 0.85
Strong: (0.55,0.90) 0.6401 0.1633 0.1600 2.00

Note: The table reports mean squared errors (MSEs) for latent-state recovery, averaged across 600 Monte
Carlo replications with N = 500. Panel A uses T = 12 and Panel B uses T' = 25. The persistence
parameters in parentheses are (py, p—). “Residual” treats the first-stage abnormal-investment residual
U as the state estimate. “Symmetric” uses the filtered posterior mean 7);; from the latent-state model
imposing py = p_, whereas “Asymmetric” uses the filtered posterior mean from the unrestricted model
in Equation (4). “Gain” is the percentage reduction in MSE of the asymmetric filter relative to the
symmetric filter.

1.56% in Panel A and 0.18%, 0.85%, and 2.00% in Panel B. The main finite-sample gain
therefore continues to come from dynamic signal extraction itself, while the asymmetric

specification additionally permits the two persistence parameters to be estimated separately.

Table F3 compares classification accuracy across all three persistence designs. Both latent-
state filters outperform residual-sign classification in every design and at both panel lengths.
Under moderate asymmetry, the 7' = 12 classification rates are 73.2%, 77.0%, and 76.7%
for the residual-sign procedure, symmetric filter, and asymmetric filter, respectively. The
corresponding T' = 25 rates are 73.2%, 77.5%, and 77.1%. Under strong asymmetry, the
T = 12 rates are 68.4%, 71.2%, and 70.5%, compared with 68.4%, 71.6%, and 70.8% when
T = 25.

The comparison across panels again indicates that classification is only mildly affected by
the shorter within-firm history. The reduction in filtered classification accuracy is generally
between 0.3 and 0.5 percentage points. Dynamic filtering therefore continues to improve
regime classification by several percentage points relative to the raw residual even in the

T = 12 design. The symmetric filter produces slightly higher classification rates than
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Table F3: Monte Carlo Regime-Classification Accuracy

Design T Residual Symmetric Asymmetric
sign filter filter
Symmetric 12 0.771 0.814 0.814
Moderate 12 0.732 0.770 0.767
Strong 12 0.684 0.712 0.705
Symmetric 25  0.772 0.819 0.819
Moderate 25  0.732 0.775 0.771
Strong 25  0.684 0.716 0.708

Note: The table reports average regime-classification accuracy across 600 Monte Carlo replications
with N = 500. For T'= 12 and T = 25, there are 10 and 23 usable observations per firm, respectively.
The symmetric, moderate-, and strong-asymmetry designs use (p4, p—) = (0.90,0.90), (0.75,0.90), and
(0.55,0.90). “Residual sign” classifies observations using sign(u;;). The latent-state filters classify an
observation as positive when p; > 1/2 and negative when p; < 1/2.

the asymmetric filter in the asymmetric designs. This does not imply that the symmetric
model estimates the latent state or regime-specific persistence more accurately: classification
accuracy records only whether the estimated regime agrees with the true sign of 7;;, not the

accuracy of the state magnitude or of the persistence parameters.

Table F4 examines recovery of the regime-specific persistence parameters and the finite-
sample performance of the Wald test of symmetric persistence. Under the symmetric design,
persistence recovery is essentially unchanged when the panel is shortened. With T" = 12,
the Monte Carlo mean estimates are p; = 0.900 and p_ = 0.899, and the Wald test rejects
in 5.3% of replications. With T = 25, the corresponding estimates are again 0.900 and
0.899, with a rejection frequency of 5.5%. Thus, the unrestricted estimator does not generate
spurious persistence asymmetry, and the Wald test remains close to its nominal 5% size even

with only 10 usable observations per firm.

Under moderate asymmetry, the T'= 12 mean estimates are 0.749 and 0.897, compared with
true values of 0.75 and 0.90, while the T = 25 estimates are 0.749 and 0.899. Under strong
asymmetry, shortening the panel has a more visible effect: the T' = 12 mean estimates are
0.546 and 0.886, compared with true values of 0.55 and 0.90, whereas the T" = 25 estimates
are 0.552 and 0.897. The shorter panel therefore produces somewhat greater finite-sample
attenuation in the more demanding strong-asymmetry design, but the average estimates

remain close to their population values.
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Table F4: Monte Carlo Recovery of Persistence Parameters and Wald-Test Performance

Design True p+ Mean py True p— Mean p—  Wald rejection
Panel A. T = 12 (10 usable observations)

Symmetric persistence 0.900 0.900 0.900 0.899 0.053

Moderate asymmetry 0.750 0.749 0.900 0.897 0.957

Strong asymmetry 0.550 0.546 0.900 0.886 0.956
Panel B. T = 25 (23 usable observations)

Symmetric persistence  0.900 0.900 0.900 0.899 0.055

Moderate asymmetry 0.750 0.749 0.900 0.899 1.000

Strong asymmetry 0.550 0.552 0.900 0.897 1.000

Note: This table reports true and Monte Carlo mean estimates of the regime-specific persistence
parameters across 600 replications with N = 500. Panel A uses T' = 12, corresponding to 10 usable
observations per firm, and Panel B uses T = 25, corresponding to 23 usable observations per firm.
The final column reports rejection frequencies for the two-sided Wald test of Hy : p = p_ at the 5%
significance level. The rejection frequency under the symmetric design measures empirical size, whereas
those under the moderate- and strong-asymmetry designs measure statistical power.

The loss of power from shortening the panel is small. The rejection frequency falls from
100% in the T = 25 design to 95.7% under moderate asymmetry and 95.6% under strong
asymmetry when 7" = 12. Thus, even with a short within-firm history, the Wald test retains
high power against both degrees of persistence asymmetry while maintaining accurate size

under the null.

Overall, the Monte Carlo results indicate that the finite-sample performance of the proposed
latent-state framework is not dependent on a relatively long within-firm time dimension.
Reducing the simulated panel from 7" = 25 to T' = 12, corresponding to a decline from
23 to 10 usable observations per firm, produces only small changes in regime-classification
accuracy and modest increases in latent-state MSE. The largest gains continue to arise from
dynamic signal extraction: even in the shorter panel, filtering substantially improves latent-
state recovery relative to the conventional investment residual. Regime-specific persistence
is estimated accurately under the symmetric and moderate-asymmetry designs, while the
strong-asymmetry design exhibits somewhat greater finite-sample attenuation when 7' = 12,
as expected from the more limited within-firm information. Importantly, the Wald test
remains well sized under the null and retains power of approximately 96% against both

asymmetric designs considered. Overall, the simulations show that the main finite-sample
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conclusions are robust to a substantially shorter panel dimension while preserving the central

advantages of the latent-state approach.

Appendix G. Generalized Additive Model for the Bench-

mark Investment Equation

This appendix provides additional details on the generalized additive model (GAM) used
to construct the preferred benchmark-investment residual. The GAM retains an additive
specification in economically motivated covariates while allowing the conditional effect of
each continuous firm-level fundamental to depart from global linearity. It also includes
Mundlak-type firm-level means and industry-by-year fixed effects to account for persistent

firm heterogeneity and industry-specific time variation.

Specification

Consistent with equation (11) in the main text, the GAM investment benchmark is

Iit =+ 81(SR1'¢_1) + SQ(SRZ"t_Q) -+ 83<Qi,t—1) + 84(SIZE1~¢_1) + 85(PROFZ'¢_1)
+ 56(PROF; 1—2) 4+ s7(LEV;4_1) + ss(CF; 1—1) + so(CASH; 1)

where X; contains the firm-specific means of the seven distinct investment determinants,
two of which enter with two lags, and A;;), denotes SIC2-by-year fixed effects. The nine
time-varying determinants enter through smooth functions, while the Mundlak controls and

industry-by-year effects enter additively without smoothing penalties.

The GAM is estimated once on the common first-stage sample of 143,145 firm-year observations
from 15,207 firms. Its fitted values and abnormal-investment residuals are carried unchanged
into the T; > 10 and T; > 20 consecutive-history samples, within which the nonlinear latent-
state model is estimated separately. Hence, differences in persistence estimates across the

two samples do not reflect re-estimation of the benchmark equation.
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Let
m (X, Xi, 5 (i), 1) = E(Ly | Xi0, X3, 5 (0), 1)

denote the conditional benchmark, where X;; collects the nine time-varying regressors. The

abnormal-investment measurement series is

ag = Iit - mG<Xit7 Xm](l)at)

If the conditional mean is nonlinear but a globally linear benchmark is imposed, systematic
nonlinear components may remain in the estimated residual. Likewise, omitted persistent
firm heterogeneity or industry-specific time variation may contaminate the residual. Because
this residual is subsequently decomposed into persistent and transitory components, such
misspecification could be attributed incorrectly to the latent abnormal-investment state. The
GAM reduces this risk by flexibly estimating the conditional mean while accounting for these

additional sources of heterogeneity before applying the latent-state decomposition.

Basis representation and penalization
Each smooth term has the finite-basis representation

K;
sj(@) = > bjn(®)0ji, (G2)

k=1
where b;x(z) is a basis function and 6 its coefficient. Following the standard penalized-
regression-spline formulation of GAMs (see Wood (2017)), excessive curvature is penalized to

limit overfitting.

For the Gaussian identity-link model, estimation can be represented schematically as

2
9 9
min Z ]it - — Z Sj(int> — X;’y - /\j(i),t + Z /@0;.5]«9]» s (GB)
a0} | (e j=1 j=1

where C denotes the common first-stage sample, S; is the penalty matrix for smooth j, and «;

its smoothing parameter. The Mundlak controls and SIC2-by-year fixed effects are estimated
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jointly with the smooth coefficients but are not penalized. Larger x; values impose stronger
curvature penalties and produce smoother fitted relationships, whereas smaller values allow

greater local flexibility.

The smoothing parameters are selected by restricted maximum likelihood (REML), following
Wood (2011). The resulting effective complexity of each smooth is summarized by its effective
degrees of freedom, allowing the fitted relationships to adapt to the data while limiting

excessive flexibility.

Effective degrees of freedom and approximate F-tests

The effective degrees of freedom (EDF) summarize the complexity of each fitted smooth after
penalization. An EDF close to one corresponds approximately to a linear fitted relationship,
whereas values materially above one indicate additional nonlinear flexibility. EDF need not

be integers.

The GAM output also reports reference degrees of freedom, Ref.df, used in the approximate
significance test for each smooth. The reported F-statistic tests whether the smooth con-
tributes to explaining investment and should not be interpreted as a direct test of linearity
against nonlinearity. Evidence supporting the GAM as a useful nonlinear benchmark there-
fore comes jointly from the EDF, the estimated smooth shapes and uncertainty bands, the
improvement in evaluation-sample fit, and the firm-level out-of-sample predictive performance

reported in Table 4.
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