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Abstract

This paper studies forecasting in dynamic panel data models with fixed effects.
We compare the forecasting accuracy of conventional estimators— pooled OLS, fixed
effects, Anderson-Hsiao, and Arellano-Bond—against shrinkage and regularization
methods such as Ridge, LASSO, Elastic Net, empirical Bayes maximum likelihood and
the recent unbiased risk estimation of Kwon (2026). Monte Carlo evidence shows that
shrinkage methods substantially improve out-of-sample accuracy. An empirical appli-
cation to firm-level leverage dynamics using Compustat data confirms the relevance
of these findings for forecasting in corporate finance. Machine learning regularization
can improve forecasting performance in dynamic panel settings while preserving the

structural framework.
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1 Introduction

Fixed effects occupy a central place in the analysis of panel data. In static specifi-
cations, controlling for fixed effects eliminates biases from unobserved, time-invariant
heterogeneity, which explains their ubiquity in empirical research. However, in dy-
namic settings the presence of lagged dependent variables renders conventional strate-
gies, such as within or first-difference transformations, inconsistent, a result formally
established by Nickell (1981). This creates a fundamental tension: while fixed effects
are essential to capture persistent heterogeneity, their estimation becomes problem-
atic in dynamic environments, especially when the time dimension is limited. The
econometric literature has proposed several solutions to this problem. Anderson and
Hsiao (1981) introduced the use of valid instruments that arise naturally under first-
differencing, an approach subsequently exploited in the GMM framework by Arellano
and Bond (1991) and extended by Ahn and Schmidt (1995), Blundell and Bond (1998),
and Kiviet (1995); Baltagi (2021) provide a recent, comprehensive overview of these
ideas.

While these estimators address consistency, their small-sample performance has
been the subject of considerable scrutiny, for two reasons. First, the so-called Nickell
bias decreases as the time dimension T grows, but remains empirically relevant for
realistic sample sizes. Second, the large-sample properties of instrumental variable
estimators often fail to materialize in small samples, and in some cases may even
reverse. To the point, the well-known simulation study of Judson and Owen (1999)
reports substantial biases persisting even for T = 30, and that, in small samples,
strategies that use few instruments (like the Anderson-Hsiao estimator) perform better
than those that exploit multiple instruments, like the Arellano-Bond GMM estimator.

These limitations become particularly relevant when the objective is forecasting
rather than consistent estimation. In such cases, the variance inflation from IV-
based estimators can outweigh the benefits of bias reduction, making the optimal
bias—variance trade-off for prediction fundamentally different from that for estimation.

Hence, a natural concern is whether a purposely biased estimator can deliver gains
in predictive accuracy. A natural strategy consists of regularizing fixed effects in dy-
namic panel models. By bypassing instrumental variables, such approaches avoid the
variance inflation associated with IV-based methods. At the same time, by shrinking
unit-specific parameters toward a common structure, they introduce bias in a con-
trolled way that may lead to substantial reductions in variance and improved pre-
dictive performance. In this context, shrinkage methods provide a natural way to
address the bias—variance trade-off that arises in dynamic panel environments with
many unit-specific parameters. Unlike traditional econometric procedures that priori-

tize asymptotic consistency, machine learning regularization methods explicitly allow



for controlled bias in exchange for improved predictive accuracy and stability.

This paper examines how machine learning and shrinkage-based regularization
methods perform in forecasting dynamic panel models with fixed effects. We con-
sider both penalized machine learning estimators—such as LASSO, Ridge regression,
and Elastic Net—and model-based shrinkage procedures, including empirical Bayes
and unbiased risk estimation methods. These approaches differ in how the degree of
regularization is selected, but all aim to identify an intermediate degree of heterogeneity
between pooled and fully heterogeneous specifications. We evaluate their predictive ac-
curacy against both naive (OLS, FE) and consistent (Anderson—Hsiao, Arellano—Bond)
econometric benchmarks using out-of-sample mean squared forecast error as the main
performance criterion.

Our results indicate that shrinkage-based estimators can substantially improve pre-
dictive performance in dynamic panel settings. In particular, when the dynamic per-
sistence is high (autoregressive parameter v = 0.8), shrinkage methods consistently
achieve the lowest mean squared forecasting errors across different combinations of in-
dividual (N) and temporal (T") dimensions. When persistence is low (v = 0.2), the
fixed-effects estimator often remains the best-performing alternative, although shrink-
age estimators remain highly competitive, and frequently emerge as a clear second-best
alternative under a wide range of panel dimensions. Moreover, even in settings where
fixed effects are not sparse, the cost of ‘unnecessary shrinkage® is negligible, making
regularization a broadly applicable forecasting strategy. These findings highlight the
potential of modern shrinkage methods to complement—and in several predictive con-
texts, outperform—traditional methods for dynamic panel analysis.

To illustrate the empirical relevance of these ideas, we apply the proposed frame-
work to corporate capital structure dynamics using firm-level data from Compustat.
This setting provides a natural environment characterized by persistent dynamics and
substantial firm-specific heterogeneity, making it well suited to assess the predictive
gains from shrinkage in practice.

More broadly, the paper contributes to the growing literature that integrates ma-
chine learning tools into econometric modeling while maintaining the interpretability
and structural discipline of conventional dynamic panel frameworks.

The paper is organized as follows. Section 2 discusses the problem of biases and
inconsistencies in dynamic panels, and the potential role of shrinkage procedures for
prediction. Section 3 describes the empirical strategy in detail. The results of an
extensive Monte Carlo exploration are presented and discussed in section 4. Section 5
illustrates the forecasting performance of each estimator in an empirical application.

Section 6 offers concluding remarks.



2 Forecasting with dynamic panel models

Recent advances in machine learning have reshaped forecasting methodologies for dy-
namic panel data models. Pick and Timmermann (2024) review how predictive gains in
panel settings depend on the time dimension 7', the cross-sectional dimension N, and
the degree of parameter heterogeneity. Babii et al. (2024) provide a comprehensive
overview of how machine learning methods can address high-dimensionality, nonlin-
earities, and structural instability in macroeconomic forecasting, including panel data
contexts. As part of an ongoing trend, recent studies show a clear shift from traditional
estimation-focused approaches —primarily concerned with bias— toward new methods
that prioritize out-of-sample predictive performance.

The panel forecasting literature broadly classifies estimators into homogeneous
(pooled), heterogeneous, and shrinkage-based approaches. Homogeneous estimators,
such as pooled OLS, assume common parameters across units and perform well when
N is large and T is small, as they exploit cross-sectional variation to reduce estimation
error. However, when slope or intercept heterogeneity is present, pooled models suffer
from specification bias (Pesaran and Smith, 1995), which can deteriorate forecasting
performance. On the other hand, fully heterogeneous models, such as unit-by-unit
regressions or mean-group estimators (Pesaran et al., 1999), account for heterogeneity
but often lead to high variance and overfitting when T is limited.

Shrinkage estimators offer a middle ground by introducing controlled bias to reduce
variance. These include Bayesian hierarchical models and penalized regression methods
such as LASSO, Ridge regression, and Elastic Net. By borrowing information across
units, shrinkage methods partially pool the data and can deliver superior predictive
accuracy, especially when the individual time dimension is short. For instance, Liu
et al. (2020) develop an Empirical Bayes predictor based on Tweedie’s formula, show-
ing significant gains in forecasting individual outcomes in short panels. Their method
leverages cross-sectional information to shrink fixed effects toward a common distribu-
tion, improving efficiency while retaining unit-level heterogeneity. More recently, Kwon
(2026) proposes an alternative shrinkage approach based on an unbiased risk estima-
tion (URE) criterion, which selects the degree of shrinkage by minimizing an estimate
of the mean squared error without relying on strong distributional assumptions as in
Empirical Bayes methods.

This study incorporates both model-based and machine learning shrinkage methods
within a dynamic panel framework, explicitly allowing for sparse heterogeneity, and
comparing their forecasting performance across a range of estimators in both short
and long panels.

The problem of bias in dynamic panels with small T is well-known since Nick-
ell (1981), and has traditionally been addressed through instrumental variables (IV)



and generalized method-of-moments (GMM) techniques, such as Anderson and Hsiao
(1982) and Arellano and Bond (1991). While these estimators are consistent as N —
o0, they often suffer from high variance in finite samples and are sensitive to instrument
proliferation and weak instruments. Simulation evidence in Judson and Owen (1999)
and theoretical developments by Bun and Carree (2005) and Hsiao et al. (2002) show
that bias-corrected least squares estimators can outperform GMM in terms of root
mean squared error (RMSE), particularly in forecasting contexts. These findings sug-
gest that consistency alone is not sufficient for good forecasting performance—variance
and overfitting are also critical concerns.

More recent approaches combine the IV logic with shrinkage tools. Chernozhukov
et al. (2024) propose an Arellano-Bond LASSO estimator that selects valid instruments
via Li-penalization, reducing overidentification bias and improving out-of-sample ac-
curacy. This reflects a broader trend: the use of regularization to improve traditional
estimators’ finite-sample performance under complex or high-dimensional settings.

A growing body of empirical evidence supports the superior forecasting performance
of shrinkage-based methods. Briicker and Siliverstovs (2006) find that fixed-effects
and hierarchical Bayes estimators outperform pooled OLS, IV, and standard GMM in
forecasting international migration flows. Similarly, Baltagi (2008) and Baltagi (2013)
advocate the use of best linear unbiased predictors (BLUP) for dynamic panels, which
are equivalent to Bayesian shrinkage with Gaussian priors on the individual effects. In
the context of spatial panel models, Baltagi et al. (2014) show that accounting for cross-
sectional dependence further improves forecast accuracy, emphasizing the importance
of modeling both heterogeneity and dependence.

Recent machine learning applications further extend this literature. Camehl (2023)
introduces a LASSO-based panel VAR estimator with structured penalties across equa-
tions, lags, and units, demonstrating substantial forecasting gains over standard VARs.
Yang et al. (2024) provide a general framework for machine learning in panel data mod-
els, showing that models accounting for fixed effects and heterogeneity consistently out-
perform naive pooled alternatives. To address structural change, Zhang et al. (2022)
propose shrinkage-based quantile regressions that detect common breakpoints while
allowing heterogeneous effects across units and quantiles. While these contributions
focus on high-dimensional systems, general-purpose frameworks, or structural change
detection, our approach instead concentrates on dynamic panel models with potentially
sparse fixed effects and a systematic comparison of shrinkage and traditional estimators
from a forecasting perspective.

Together, these contributions point toward a key insight: in forecasting dynamic
panel data, estimators that carefully balance bias and variance—often through regular-

ization or shrinkage—can outperform traditional unbiased methods. This is especially



true when the cross-sectional dimension is large, the time dimension is short, and the
underlying structure exhibits sparsity or heterogeneity. Our work builds on this lit-
erature by evaluating the forecasting performance of shrinkage methods that directly
regularize the individual fixed effects, comparing them to classical IV-based estimators

and demonstrating their advantages in terms of out-of-sample mean squared error.

3 The empirical setup

This section describes the data-generating process (DGP), simulation design, and the
estimators under evaluation. Our Monte Carlo simulations are designed to assess the
forecasting performance of both conventional and regularized estimators in dynamic
panel data models with sparse fixed effects.

The DGP follows closely those in Judson and Owen (1999); Kiviet (1995); Arel-
lano and Bond (1991), with modifications to incorporate sparsity in the fixed effects.

Specifically, we consider a linear dynamic panel model of the form:
yi,t:’Yyi,tfl'i'l‘;,tﬁ_‘_ni_'_gi,tv "7|<1, 1=1,....,N;t=1,..., T+ 10, (1)

where x;; is a (K — 1) x 1 vector of strictly exogenous regressors, ¢;; ~ ii.d. N(0,0?)
is the idiosyncratic error, and 7; denotes an individual-specific fixed effect.

To introduce structural sparsity in the fixed effects, we define a sparsity parameter
d € [0,1], which denotes the fraction of individuals whose fixed effects are set to zero

ex ante. Formally, we generate

0, with probability 6, iid
ni = N ~ N(ngrgl)v (2)
7;, with probability 1 — 6,

where 0727 > 0 is fixed in the simulation design. A value § = 0 corresponds to the case
of no sparsity (all individuals have non-zero fixed effects), whereas 6 = 1 corresponds
to full sparsity (all n; = 0). Intermediate values capture environments with limited or
structured heterogeneity across units, allowing us to assess whether shrinkage estima-
tors can exploit this structure to improve forecasting performance.

The covariates z;; follow an AR(1) process, a common assumption in the dynamic

panel data literature:

Tit = pTit—1 + &it, lp| <1, &g ~idd N(0,0%), (3)



with &;; independent of both n; and €;;. All other standard assumptions hold:

02 >0, o;>0,
Eleitejs) =0 fori#jort#s, (4)
E[l’i’t 6]"5] =0 Vi, j,t,s.

These assumptions rule out any cross-sectional or serial correlation in the errors and
enforce the strict exogeneity of the regressors. We generate data for 1"+ 10 periods
and discard the first 10 observations as burn-in (to mitigate initialization effects), so

that the effective sample length for analysis is 7.

2:
n

two values of the autoregressive parameter, v € {0.2, 0.8}, to represent low- and high-

In the simulation design, we fix 052 =0 1, ag =4, and p = 0.5. We consider
persistence scenarios. We examine panels with N € {20, 100} cross-sectional units and
time lengths T' € {5, 10, 20, 30}, covering a range from very short to moderately long
panels. For each combination of N, T, =, and ¢, we perform 1,000 independent Monte
Carlo replications. In each replication, a new dataset is drawn from the DGP specified
above (using fixed random seeds for reproducibility) and all candidate estimators are
applied. All results and the corresponding R code are available from the authors upon
request.

Our evaluation focuses on one-step-ahead forecasts over a fixed forecasting horizon
H. In each simulation replication, we split the T periods into an in-sample estimation
window and an out-of-sample forecast window. Specifically, the first 80% of the time
periods (T™*) are used for model estimation, while the remaining 20% (H) constitute
the forecast horizon reserved for out-of-sample evaluation. For example, in a panel
with T" = 30, we would estimate each model using T* = 24 periods and then generate
forecasts for the last H = 6 periods. We compute forecast accuracy measures for each
estimator, including the out-of-sample mean error (bias), variance, and mean squared
error (MSE). Our primary metric of interest is the out-of-sample MSE, averaged across
the H forecast periods and over all replications for a given design.

We compare a broad set of estimation methods. On the classical side, we include
pooled OLS (which ignores the fixed effects), the fixed-effects (within) estimator (FE),
the Anderson-Hsiao instrumental-variables estimator (AH; Anderson and Hsiao 1981),
and the one-step (GMM1) and two-step (GMM?2) Arellano-Bond GMM estimators
(Arellano and Bond, 1991).

On the regularization side, we consider two classes of shrinkage estimators that differ
in how the degree of shrinkage is determined. First, we include model-based shrinkage
estimators applied to the fixed effects, namely the canonical Empirical Bayes maxi-
mum likelihood estimator (EBMLE) and the unbiased risk estimator (URE) recently
proposed by Kwon (2026). These approaches shrink the estimated fixed effects toward



zero using data-driven rules: EBMLE selects the shrinkage intensity by maximizing a
marginal likelihood under a Gaussian prior on the fixed effects, while URE chooses the
shrinkage parameter by minimizing an unbiased estimate of the mean squared error
(risk).

Second, we consider machine learning shrinkage methods in which the regularization
penalty is imposed exclusively on the fixed effects, leaving the lagged dependent variable
and the observed regressors unpenalized: the Least Absolute Shrinkage and Selection
Operator (LASSO), Ridge regression, and the Elastic Net (EN). For each regularized
method, the penalty parameter is selected via a rolling-origin blocked cross-validation
scheme using five sequential time blocks. The optimal value is determined according
to the “one-standard error rule” applied to the mean squared validation loss.!

The motivation behind all shrinkage estimators is to manage the bias—variance
trade-off by effectively imposing an intermediate degree of heterogeneity. Whereas
pooled OLS assumes all ; = 0 and the FE estimator allows each unit to have a
distinct 7;, shrinkage approaches partially pool information across units by shrinking
the fixed-effect estimates toward zero. Model-based methods (EBMLE and URE)
achieve this through explicit assumptions on the distribution of the fixed effects and
risk-based criteria, while machine learning methods rely on penalization and cross-
validation. This introduces some bias but can substantially lower estimation variance.
Given the sparse fixed-effect structure of our DGP, we expect that such shrinkage will
yield lower out-of-sample MSE than both the naive estimators (OLS and FE) and the
conventional IV-based estimators (AH and GMM) that prioritize bias reduction over

variance control.

4 The predictive performance of shrinkage meth-
ods in dynamic panels

The simulation results align with the theoretical arguments, both in qualitative pat-
terns and in quantitative magnitudes. Table 3 begins by examining the performance of
standard and regularized strategies when the goal is to estimate the key parameter of
the dynamic model: the autoregressive coefficient, . Table 3 presents results organized
as follows: we evaluate the performance of alternative estimators for two cross-sectional
sample sizes (N = 20 and N = 100) and four time dimensions (7™ = 4, 8,16, 24), which
correspond to forecast horizons H = 1, 2,4, 6, respectively. We consider two values for
~: 0.2 and 0.8.

For each configuration, we report the bias, variance and the mean squared error
(MSE) of five ‘standard’ estimation strategies: ordinary least squares (OLS), OLS with
individual fixed effects (FE), the Anderson/Hsiao estimator (AH), and two variants of
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the Arellano-Bond estimator (GMM1 and GMM2). The last five columns report results
for shrinkage strategies: two model-based approaches, the empirical Bayes maximum
likelihood estimator (EBMLE) and the unbiased risk estimator (URE), and three pe-
nalized regression methods, LASSO, Ridge, and Elastic Net. Methods are implemented
as described in Section 3.

Table 3 focuses on the case of ‘0% sparsity’ —that is, when no fixed effects are set
to zero ex ante. A complete set of results covering a broader range of parameters is
available upon request; however, the configurations presented here are representative
of the qualitative and quantitative patterns observed throughout.

The first rows and columns of Table 3 reflect well-known empirical findings in this
literature, such as those in Judson and Owen (1999). For instance, when N = 20, T =
4, and v = 0.2, both OLS and FE estimators exhibit severe bias. The Anderson—Hsiao
estimator reduces this bias considerably. The bias—variance trade-off is clearly present:
the highly biased OLS estimator shows very low variance, whereas the bias correction
achieved by the AH estimator comes at the cost of a much larger variance relative to
OLS. For instance, the bias of the AH estimator is -0.00410, compared to -0.23014
of OLS. Variances are 0.01332 and 0.00302, respectively. In this particular case, the
AH dominates the OLS estimator in MSE (0.01334 and 0.05599). It is interesting to
remark that even when AH dominates both OLS and FE estimators in terms of bias,
and that OLS has smaller variance than AH and FE, though severely biased, the FE
is still a relevant competitor in terms of MSE (0.01703).

Interestingly, even though the regularized estimators are dominated by the AH
strategy in terms of bias, their performance is strong, especially when compared to
their non-regularized counterparts, such as OLS or FE. In particular, EBMLE and URE
display higher bias than AH, but remain less biased than LASSO, Ridge, and Elastic
Net. A similar pattern holds for variance: while OLS exhibits the lowest variance, the
regularized alternatives -especially EBMLE and URE- achieve a substantial reduction
in variance relative to IV-based competitors (AH, GMM1 and GMM2), which translates
into a clear MSE advantage.

Even at this stage of the analysis an early pattern emerges: as studied in the context
of parameter estimation (e.g. Judson and Owen, 1999), the Anderson—-Hsiao estimator
effectively reduces bias, but at a substantial cost in terms of variance. At the other
extreme, naive OLS (which ignores fixed effects) is severely biased but highly precise,
while Arellano-Bond-type estimators perform poorly across the board. A first result
of this paper is that regularized strategies dominate in terms of MSE —an outcome
that, as expected, arises from their ability to produce relatively small biases alongside
substantial reductions in variance. The rest of Table 3 reflects this discussion: AH

dominates in terms of bias, OLS in terms of variance, while regularized estimators



perform relatively well in terms of MSE in several configurations.

Tables 4 and 5 are more closely aligned with the central goal of this paper: assessing
the predictive performance of dynamic panel models. Specifically, Table 4 presents in-
sample forecasting results and Table 5 focuses on the main empirical question of the
paper: the out-of-sample forecasting performance. Consequently, we discuss Table 5
in more detail.

The most important result of this paper is that the regularized alternatives tend
to dominate in terms of MSE, and remain highly competitive —often emerging as
the second-best alternative after FE across many configurations. Quantitatively, the
differences are substantial. Consider, for example, the case with N = 20 and T = 4,
and v = 0.2. In this setting, although the Nickell bias remains substantial given the
short time dimension of the panel, it is effectively handled by the IV estimators, but
it does not seem to affect the performance of regularized methods.

The key point is that the combined bias—variance profile of the regularized esti-
mators leads to a drastic reduction in MSE. For instance, standard estimators such as
GMM2—the least biased estimator in this specification- yield an MSE of approximately
2.27, whereas the URE estimator achieves an MSE of 1.38 —only 61% of that of the
GMM estimator, and LASSO, Ridge and Elastic Net achieve an MSE of about 1.77.
This result offers an early insight: when the objective is out-of-sample forecasting in
dynamic panel settings, the ‘price’ paid to correct for biases using standard IV-based
methods is high, while regularized strategies deliver a dramatically better performance
due to their explicit ability to negotiate the bias—variance trade-off.

A relevant dimension to explore is the role of the degree of sparsity. Additional
tables report results for alternative levels of sparsity. To preserve space, we present
and discuss the results related to sparsity graphically; detailed numerical outputs are
available upon request.

Figures 1 and 2 present four diagrams summarizing the out-of-sample MSE for the
eight forecasting strategies. In each graph the horizontal axis represents the degree of
sparsity in the structure of individual fixed effects, while the vertical axis reports the
corresponding MSE values. As detailed in the previous section, zero sparsity means
that all individual specific fixed effects are non-zero and different across individual
units, and 1 means that all fixed effects are set equal to zero. Intermediate cases
correspond to a situation where a proportion (from 0 to 1) of the fixed effects are set
to 0.

Figure 1 corresponds to the moderately short-panel case with T'= 10 (i.e., T* = 8,
H = 2), whereas Figure 2 shows results for a longer time dimension, T' = 30 (i.e.,
T* =24, H = 6). Each diagram presents different combinations of the cross-sectional

dimension N and the autoregressive parameter .

10



y=0.2,N=100, T*=8 ,H=2

OLS-type (dashed)
oLs

IV-type (dotted)
AH

3.0

25

v=0.8,N=100,T*=8,H=2

OLS-type (dashed)
oLs

IV-type (dotted)
AH

=~ GMM1 d GMM1
7] 1.50 RN Wagl Tt
= S S L e
* ~ Shrinkage-type (solid) | L ,er? Shrinkage-type (solid)
~ o LEBMLE i aeaastt .. EBMLE
1.25 — AN ..URE 1.5 .. URE
A\ .LASSO .LASSO
~
- — T —
1.00 ~ 1.0 ~
0 01 02 03 04 05 06 07 08 08 1 0 01 02 03 04 05 06 07 08 09 1
Sparsity fraction of y Sparsity fraction of y
y=0.2,N=20, T*=8 , H=2 vy=0.8,N=20, T*=8 ,H=2
"""""""""""""""""" OLS-type (dashed) OLS-type (dashed)
oLs oLs
25
1.8
IV-type (dotted) | Treeer IV-type (dotted)
\ CAHC e . AH
w N GMM1 W oo GMM1
g 15 RS g
=TT~ Shrinkage-type (solid) Shrinkage-type (solid)
~
N N .. EBMLE .. EBMLE
S =N URE 15 URE
12 N .LASSO | LASSO
\ O
. I S S PO BOR R — - ——
1.0 =

0

02 03 04 05 06 07 08 09 1
Sparsity fraction of y

01 02 03 04 05 06 07 08 08 1 0 o1
Sparsity fraction of y

Figure 1: Out-of-sample mean squared error for 7" = 10

Figure 1 presents the out-of-sample predictive performance of the different estima-
tors across varying degrees of fixed-effect sparsity, for both low persistence (v = 0.2)
and high persistence (7 = 0.8). Across all configurations, the estimators can be nat-
urally grouped into three categories according to their predictive behavior: OLS-type
estimators (OLS and FE), IV-type estimators (AH, GMM1, and GMM2), and regular-
ized estimators (EBMLE, URE, LASSO, Ridge, and Elastic Net).

We begin with the OLS-type estimators, namely pooled OLS and the fixed-effects
(LSDV) estimator. A notable result is the relatively stable performance of LSDV across
the entire range of sparsity levels. Even when the true fixed effects become increasingly
sparse, FE remains competitive in terms of out-of-sample MSE, particularly when
sparsity is moderate or low. By contrast, the behavior of pooled OLS depends strongly
on the degree of sparsity. When sparsity is low, OLS performs relatively poorly due
to the presence of omitted-variable bias arising from unobserved heterogeneity. When
sparsity becomes very high—above roughly 80%—the MSE of pooled OLS approaches
that of the best-performing estimators.

The second group consists of the IV-type estimators: Anderson-Hsiao (AH), GMM1,
and GMM2. Across all configurations in the figure, these estimators systematically dis-

play higher out-of-sample MSE than the OLS-type and regularized alternatives. While
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these methods are designed to mitigate the dynamic panel bias through instrumen-
tation, their forecasting performance appears to be limited by their relatively high
variance. As a result, the potential gains from bias reduction are more than offset by
the associated increase in variance, leading to weaker predictive accuracy.

Finally, consider the regularized estimators— EBMLE, URE, LASSO, Ridge, and
Elastic Net. Their performance differs somewhat across persistence regimes but re-
mains consistently strong throughout the figure. In the low-persistence case (y = 0.2),
the fixed-effects estimator typically delivers the lowest MSE when sparsity is limited.
Nevertheless, the regularized estimators emerge as a very close second-best alternative
in this region, with EBMLE and URE often leading the group due to their substan-
tial variance reduction. As sparsity increases, their performance improves steadily,
eventually overtaking FE and becoming the best-performing estimators when sparsity
becomes sufficiently high.

The advantage of regularized methods becomes even more pronounced in the high-
persistence case (y = 0.8). In this setting, LASSO, Ridge, and Elastic Net con-
sistently deliver the lowest MSE across the entire range of sparsity levels, clearly
dominating both OLS-type and IV-type estimators. EBMLE and URE also perform
strongly—typically outperforming standard estimators—but do not match the MSE
gains achieved by machine learning—based regularization. This pattern suggests that

shrinkage is particularly effective in environments where dynamic persistence is high.
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Figure 2: Out-of-sample mean squared error for 7' = 30
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Figure 2 repeats the same exercise for a longer time dimension (7 = 24), which
allows us to assess how the results change when the dynamic panel bias becomes less se-
vere. Overall, the qualitative patterns observed in Figure 1 remain largely unchanged,
although the performance differences across estimators become smaller as the time
dimension increases. In particular, the FE estimator becomes even more competi-
tive, reflecting the well-known attenuation of the Nickell bias when T' grows. As a
consequence, the gap between FE and the regularized estimators narrows in the low-
persistence case (y = 0.2), where FE tends to deliver the lowest MSE for most sparsity
levels, although EBMLE and URE remain very close competitors.

At the same time, the main conclusions regarding the other estimator groups re-
main broadly unchanged. IV-type estimators continue to display relatively large MSE
across configurations, indicating that the variance cost associated with instrumenta-
tion remains substantial even when T increases. By contrast, the regularized estimators
remain highly competitive. In particular, in the high-persistence case (7 = 0.8), the rel-
ative performance of regularized estimators depends on the degree of sparsity. LASSO,
Ridge, and Elastic Net deliver the lowest MSE at high levels of sparsity, while EBMLE
and URE tend to outperform them across the remaining configurations. Overall, these
results reinforce the conclusion that shrinkage methods provide an effective forecasting
strategy in highly persistent dynamic panel environments.

To further disentangle the performance within the class of shrinkage estimators, Fig-
ures Al to A4 in the Appendix isolate the behavior of EBMLE, URE, LASSO, Ridge,
and Elastic Net across different levels of sparsity and persistence. This representa-
tion highlights a clear pattern that is less visible in the full comparison: model-based
shrinkage methods (EBMLE and URE) tend to dominate in low-to-moderate spar-
sity environments, while machine learning—based methods (LASSO, Ridge, and Elastic
Net) deliver superior performance when sparsity is high.

To summarize, from the perspective of out-of-sample prediction, the results reveal
a clear ranking across estimator groups. IV-based estimators are systematically dom-
inated in terms of MSE, as the potential gains from bias reduction are consistently
outweighed by their higher variance. By contrast, OLS-type and regularized estima-
tors display substantially stronger predictive performance. The fixed-effects estimator
performs particularly well when persistence is low and the time dimension increases,
reflecting the attenuation of the Nickell bias as T' grows.

At the same time, shrinkage-based estimators remain highly competitive across all
configurations of the model. In the low-persistence case, EBMLE and URE typically
emerge as the best-performing regularized alternatives—often close to FE—and be-
come dominant as sparsity increases, while in the high-persistence case machine learn-

ing-based shrinkage methods (LASSO, Ridge, and Elastic Net) consistently deliver the
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lowest MSE.

A useful way to interpret these results is to view regularization as an adaptive es-
timator that lies between two extremes: pooled OLS, which imposes the restriction
that all fixed effects are zero, and the fixed-effects estimator, which allows unrestricted
heterogeneity across units. By shrinking individual effects toward zero, regularized
estimators effectively select an intermediate degree of heterogeneity based on the data.
This adaptive behavior helps explain their robust forecasting performance across envi-

ronments with different levels of persistence and sparsity in the fixed effects.

5 An application to corporate capital structure

Capital structure decisions have long been modeled within a partial-adjustment frame-
work in which firms adjust gradually toward target leverage ratios (e.g. Leary and
Roberts, 2005; Flannery and Rangan, 2006; Lemmon et al., 2008). Empirically, this
framework implies substantial persistence in firm leverage and motivates dynamic panel
specifications that include lagged leverage as a predictor. Following this literature, we

consider dynamic panel regressions of firm-level leverage,

levyy = oy + ylev; g1 + Bisizey + Poprofir + Patang; + ug, (5)

lev;; denotes the book leverage ratio of firm ¢ in year ¢, «; captures firm-specific het-
erogeneity, and the remaining variables correspond to standard determinants of capital
structure such as firm size, profitability, and asset tangibility (Rajan and Zingales,
1995).

Our empirical analysis uses firm-level data from the Compustat North America
Fundamentals Annual database over the period 1991-2024. Following standard practice
in the corporate finance literature, we exclude financial firms (SIC 6000-6999) and
regulated utilities (SIC 4900-4999), whose capital structure decisions are shaped by
industry-specific regulatory frameworks. The main variables are constructed using
standard definitions: leverage is measured as the ratio of total debt (long-term debt
plus debt in current liabilities) to total assets, profitability is defined as operating
income over total assets, firm size as the logarithm of total assets, and asset tangibility
as the ratio of property, plant and equipment to total assets.?

To ensure comparability across estimators that include firm-specific effects, we focus
on a balanced panel of firms observed throughout the sample period. The final dataset
contains 23,086 firm-year observations for 679 firms from 1991 to 2024 (34 years).

We evaluate the out-of-sample forecasting performance of the alternative estima-
tors. The estimation period spans 1991-2010 (7" = 20), while the remaining observa-
tions (2011-2024, H = 14) are reserved for out-of-sample evaluation. This split allows
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us to estimate the models using a moderately long time dimension while retaining a
sufficiently long forecasting window to evaluate predictive accuracy.

For each estimator we generate one-step-ahead predictions of firm leverage and
evaluate forecast performance using the same metrics employed in the Monte Carlo
experiments: forecast bias, the variance of the predictions, and the root mean squared
forecast error (RMSE). These metrics allow us to assess the bias—variance trade-off
across estimators and to determine which methods deliver the best predictive perfor-
mance in practice.

Table 1 reports the in-sample forecasting performance of the alternative estimators.
Consistent with the Monte Carlo results, the fixed-effects estimator delivers the lowest
in-sample RMSE, reflecting its ability to fully absorb persistent firm-specific hetero-
geneity. The URE estimator yields virtually identical performance, while EBMLE also
performs very closely, achieving a noticeable reduction in variance relative to FE at
the cost of a small increase in bias.

Pooled OLS and the machine learning shrinkage estimators (LASSO, Ridge, and
Elastic Net) exhibit very similar in-sample performance, all lying slightly above FE in
terms of RMSE. In contrast, the instrumental-variable estimators (AH and GMM) dis-
play substantially higher variance and correspondingly larger RMSE, despite exhibiting

only modest bias.

Table 1: In-sample forecasting performance

Estimator Bias Variance RMSE MAE

POLS 0.000000  0.0267 0.0859  0.0516
FE 0.000000  0.0275 0.0808 0.0491
AH -0.003275  0.0439 0.1136  0.0649
GMM1 -0.001098  0.0442 0.1144  0.0653
GMM?2 -0.001221  0.0442  0.114243  0.0653
EBMLE -0.000278  0.0256 0.0814  0.0503
URE 0.000002  0.0275 0.0808 0.0491
LASSO 0.000402  0.0269 0.0859  0.0513
Ridge 0.000407  0.0269 0.0859  0.0513

Elastic Net  0.000402  0.0269 0.0859  0.0513

Table 2 reports the corresponding out-of-sample results. Several patterns emerge.
First, the machine learning shrinkage estimators perform very similarly to pooled OLS
in terms of RMSE, while outperforming the alternative estimators in terms of out-of-
sample MAE
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Second, the fixed-effects estimator performs worse out-of-sample than in-sample,
reflecting the well-known bias—variance trade-off when estimating a large number of
firm-specific parameters. The URE estimator closely tracks the performance of FE,
while EBMLE exhibits a modest improvement in RMSE driven by its lower variance,
although it remains dominated by the regularized estimators.

Third, the IV-based estimators (AH and GMM) display substantially larger pre-
diction variance and higher RMSE than the alternative estimators, despite exhibiting

relatively small forecast bias.

Table 2: Out-of-sample forecasting performance

Estimator Bias Variance RMSE MAE

POLS 0.011695  0.0300  0.0749  0.0465
FE 0.014174  0.0283  0.0821  0.0547
AH -0.000193  0.0460  0.0960  0.0565
GMM1 0.000961  0.0462  0.0968  0.0569
GMM2 0.000849  0.0462  0.0967  0.0568
EBMLE 0.013896  0.0267  0.0809  0.0539
URE 0.014176  0.0283  0.0821  0.0547
LASSO 0.011735  0.0302  0.0749 0.0462
Ridge 0.011752  0.0302 0.0749 0.0462

Elastic Net 0.011735  0.0302  0.0749 0.0462

Figure 3 complements these results by reporting relative differences in out-of-sample
RMSE with respect to the fixed-effects estimator (as the natural benchmark). The
figure makes clear that all machine learning shrinkage estimators achieve lower RMSE
than FE, with Ridge delivering the largest improvement. EBMLE yields a modest
gain relative to FE, while URE performs nearly identically. In contrast, IV-based
estimators exhibit substantially worse predictive performance, with sizable increases in

RMSE driven by their higher variance.
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Relative MAE Relative RMSE

RIDGE .6 3.8
LASSO i.5 3.8
ELASTIC_NET i.5 3.8
POLS 5.1 H S.Sq
EBMLE -1.5 -1.5
URE -0.0 -0.0
FE 0.0 0.0
AH 3.2 16.9
GMMA1 3. 17
GMM2 3.8 17
-15 -10 5 0 -10 0 10

Relative difference with respect to FE (%)

. FE benchmark . IV-type ML shrinkage . Model-based shrinkage . OLS-type
Figure 3: Relative Out-of-Sample Performance (Benchmark: Fixed Effects)

Overall, the empirical evidence closely mirrors the patterns documented in the
Monte Carlo experiments. Estimators that rely on instrumental variables tend to
produce highly variable forecasts, which deteriorates their predictive performance. In
contrast, shrinkage-based approaches —including both model-based (EBMLE, URE)
and machine learning methods— achieve competitive forecasting accuracy by reducing
variance at the cost of introducing only limited bias. The gains relative to the fixed-
effects estimator, summarized in Figure 3, highlight the benefits of regularization in
high-dimensional dynamic panel settings. Among these approaches, machine learning
estimators deliver the strongest out-of-sample performance, reflecting the advantages

of more aggressive shrinkage.

6 Conclusion

This paper explores the performance of regularization methods in dynamic panel mod-
els when the goal is to predict the dependent variable rather than to obtain consistent
estimates of structural parameters. The empirical evidence presented throughout the
paper leads to two main conclusions.

First, conventional estimators exhibit a clear bias—variance trade-off. Naive estima-

tors such as pooled OLS may suffer from bias in dynamic panels, whereas bias-corrected
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alternatives such as Anderson—Hsiao or Arellano-Bond mitigate this problem at the
cost of substantially increased variance. As a result, while consistent in principle,
IV- and GMM-based methods often perform poorly from a forecasting perspective in
samples of realistic dimensions, with prediction variance that remains large even for
moderate time horizons. Regularized estimators—EBMLE, URE, LASSO, Ridge, and
Elastic Net—offer an attractive alternative when the goal is forecasting. By construc-
tion, these methods introduce shrinkage that trades a certain amount of bias for a
reduction in variance. The Monte Carlo results show that this strategy often leads to
lower mean squared forecast errors. In particular, EBMLE and URE remain highly
competitive across a wide range of configurations, while LASSO, Ridge, and Elastic Net
deliver the largest gains in high-persistence and high-sparsity environments. In many
configurations, shrinkage estimators match or outperform conventional estimators in
terms of predictive accuracy.

Second, regularized estimators can be interpreted as adaptive procedures that
bridge the gap between pooled and fully heterogeneous panel specifications. Pooled
OLS implicitly assumes that all fixed effects are zero, whereas the fixed-effects es-
timator allows unrestricted heterogeneity across units. Regularization introduces an
intermediate approach by shrinking individual effects toward zero, allowing the data
to determine the effective degree of heterogeneity. From this perspective, shrinkage
methods provide a flexible compromise between the two extremes, delivering robust
predictive performance across environments where the true degree of heterogeneity is
unknown.

The empirical application to firm-level leverage using Compustat illustrates the
empirical relevance of these conclusions. In this setting, shrinkage estimators deliver
forecasting performance comparable to the best-performing conventional estimators
and slightly outperform them in terms of out-of-sample RMSE. At the same time, IV-
based estimators produce substantially more variable predictions, resulting in poorer
forecasting performance despite their desirable large-sample properties.

Overall, these results highlight the value of incorporating modern machine learn-
ing regularization tools into the econometric analysis of dynamic panels. Rather than
replacing structural econometric frameworks, shrinkage methods complement them by
improving predictive performance while preserving interpretability and economic struc-
ture. From this perspective, machine learning methods such as LASSO, Ridge, and
Elastic Net can be viewed as practical forecasting tools for high-dimensional dynamic
panel environments commonly encountered in financial econometrics.

More broadly, the evidence suggests that forecasting-oriented applications may ben-
efit from moving beyond the traditional emphasis on asymptotic consistency toward

approaches that explicitly balance bias and variance. In this setting, shrinkage-based
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methods provide a simple, transparent, and computationally tractable way to improve

predictive accuracy in realistic samples.
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Notes

"'When the training time dimension is very small (i.e., T* = 4), the five-block temporal
partition necessarily implies short validation windows. Although the rolling-origin procedure
remains well defined, the validation loss is computed over a limited number of periods in this
design.

2Because leverage ratios can become extremely large when book assets are close to zero, we

cap leverage at one (e.g. Lemmon et al., 2008; Frank and Goyal, 2009).
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A Additional results: shrinkage estimators

Figure Al: Out-of-sample MSE for shrinkage estimators (7" = 5)
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Figure A2: Out-of-sample MSE for shrinkage estimators (7" = 10)
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Figure A4: Out-of-sample MSE for shrinkage estimators (7' = 30)
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