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Abstract
The previous literature on capital structure has produced plenty of potential
determinants of leverage over the last decades. However, their research mod-
els usually cover only a restricted number of explanatory variables, and many
suffer from omitted variable bias. This study contributes to the literature by advo-
cating a sound approach to selecting the control variables for empirical capital
structure studies. We applied linear LASSO inference approaches to evaluate the
marginal contributions of three proposed determinants; cash holdings, non-debt
tax shield, and current ratio. While some studies did not use these variables in
their models, others obtained contradictory results. Our findings have revealed
that cash holdings, current ratio, and non-debt tax shield are crucial factors that
substantially affect the leverage decisions of firms and should be controlled in
empirical capital structure studies.
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1 INTRODUCTION

Factors affecting firms’ capital structure decisions have
attracted the attention of corporate finance researchers
over the last half-century. Early findings reveal that
the leverage ratio decreases with firm profitability and
growth potential and increases with firm size and tangi-
bility (Rajan & Zingales, 1995). More recently, researchers
focused on testing new variables’ role in capital structure
decisions. These efforts have revealed other potential firm,
industry- and country-specific determinants of leverage,
such as firm age, industrymunificence, inflation, financial
orientation, and bank concentration (Antoniou et al., 2008;
Baum et al., 2017; Bilgin & Dinc, 2019; De Jong et al., 2008;
Frank & Goyal, 2009; Gonzalez & Gonzalez, 2008; Kayo
& Kimura, 2011; Kieschnick & Moussawi, 2018; Lim et al.,
2020). However, the empirical studies are far from provid-

ing comparable results since there is no consensus on the
correct model specification, the estimation of the leverage
ratio, and the selection of control variables. Although the
previous literature discusses the first two issues to some
extent, it shows little interest in selecting control variables.
This study contributes to the literature by applying a sound
approach to this selection process.
When the number of explanatory variables is close to the

number of observations, conventional econometric mod-
els, such as OLS, overfit the noise (Nagel, 2021). As a result,
capital structure models usually cover only a restricted
number of explanatory variables and have limited predic-
tive power. Besides, the control variables of these models
are generally selected arbitrarily depending on data avail-
ability and p-hacking. Model misspecification problems
(i.e., omitting relevant variables or including irrelevant
ones) may cause biased and inefficient estimates and
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incorrect p-values when the control variables are chosen
based on the significance of their coefficients after trying
different combinations. The issue of p-hacking is not spe-
cific to the finance literature. Instead, it is prevalent in
almost all academic disciplines that rely on statistical infer-
ence (Head et al., 2015). Hypothesis testing is employed to
detect the significance of the model variables in these dis-
ciplines. The researchers determine the significance level
of these tests subjectively, and various combinations of
variables are tried to create a set with significant p-values
(Simmons et al., 2011).
Furthermore, capital structure researchmust enlarge its

toolkit with newmethods to overcome drawbacks and vali-
date previous studies’ findings. Even though theory-driven
econometric methods are indispensable in empirical stud-
ies, researchers can discover new perspectives with more
data-driven techniques. Machine Learning (ML) can be
a good option. It is the state-of-the-art approach for ana-
lyzing high-dimensional data sets in finance (Gogas &
Papadimitriou, 2021; Rundo et al., 2019). The data-driven
ML methods can solve the problem of selecting the best
control variables among a large set of possible ones and
improve the model specification process.
This study contributes to the literature by advocat-

ing a sound approach to deciding the control variables
for empirical capital structure studies. We employed the
double selection LASSO (Belloni et al., 2012), partialing-
out LASSO (Belloni et al., 2014; Chernozhukov et al.,
2015a, 2015b) and cross-fit partialling-out LASSO of Cher-
nozhukov et al. (2018) to evaluate the marginal contribu-
tions of cash holdings, non-debt tax shield, and current
ratio as determinants of capital structure. These variables
are selected because of the previous studies’ inconclu-
sive results on their role as capital structure determinants.
Some researchers used them in their model specifica-
tions and obtained contradictory results, while others
did not consider them as determinants of leverage (i.e.,
Chakrabarti & Chakrabarti, 2019;Czerwonka & Jaworski,
2022; Loncan & Caldeira, 2014; Panda et al., 2021; Pathak
et al., 2021; Poornima &Kumar, 2022; Zhu et al., 2021). Our
findings have revealed that cash holdings, current ratio,
and non-debt tax shield are crucial factors that substan-
tially affect the leverage decisions of firms and should be
controlled in empirical capital structure studies. To the
authors’ knowledge, the current study represents the first
application of the LASSO inference methods in capital
structure research.
The rest of the paper is organized as follows. The second

section reviews the relevant literature; the third introduces
the data set and research methodology; and the fourth
presents the findings. Robustness tests are described in
section five. Lastly, section six concludes.

2 LITERATURE REVIEW

2.1 Capital structure

The empirical literature on capital structure shows exten-
sive diversity in the model specifications and research
methodologies. Some researchers employ linear regression
models to analyze cross-sectional data structures (e.g., De
Jong et al., 2008; Rajan & Zingales, 1995). Others prefer
OLS-based static panel estimators (e.g., Alves & Ferreira,
2011) or dynamic approaches like systemGMM (e.g., Anto-
niou et al., 2008) for longitudinal data analyses. In recent
years, multilevel modeling and fractional regressions have
also been employed as alternative research tools for the
empirical analysis of capital structure (Bilgin & Dinc,
2019; Bilgin, 2019; Kayo & Kimura, 2011; Kieschnick &
Moussawi, 2018; Ramalho et al., 2011).
This variety of research methods displays dissatisfac-

tion with current approaches and a desire to search for
better ones. Indeed, some criticisms are made for previ-
ous empirical corporate finance studies’ model designs
and estimation methods. The dynamic nature of cap-
ital structure restricts the explanatory power of static
panel estimators and invalidates static approaches (Stre-
bulaev, 2007; Strebulaev & Whited, 2013). Furthermore,
the GMM-type estimators are also unreliable in the pres-
ence of endogeneity, unobserved heterogeneity, residual
serial correlation, or changes in control parameters (Coles
& Li, 2019; Dang et al., 2015; Flannery & Hankins, 2013;
Grieser & Hadlock, 2019). Besides, nonlinearities should
be taken into account in themodel building since bounded
dependent variables also result in biased estimates for lin-
ear specifications (Ashrafi, 2019; Elsas & Florysiak, 2015;
Fattouh et al., 2005; Li et al., 2017; Ramalho et al., 2011).
Some researchers highlight econometric methods’

shortcomings in finance research and claim that Machine
Learning (ML) can be a better alternative to these meth-
ods, especially for high-dimensional data sets. As a
state-of-the-art tool for understanding corporate decision-
making, it recently gained popularity among researchers
for analyzing investment analysis, asset valuation, and
risk management decisions (Aziz et al., 2021). However,
only a few studies use ML to investigate the financing
choices of firms (Amini et al., 2021; Eliasy & Przychodzen,
2020; Sohrabi & Movaghari, 2020).
These techniques improve the model formation and

estimation process in multiple aspects. First, when it is
impossible to decide the correct functional form spec-
ification of the model, researchers have to base it on
their prior knowledge or theoretical arguments, which
are untestable (Belloni et al., 2014). Second, many econo-
metric models should include only a restricted number
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of control variables, or they may result in overfitting
when the number of explanatory variables is close to
the number of observations. Third, hypothesis testing is
used to detect the significance of the model variables in
econometrics, but the researchers arbitrarily determine the
significance levels of these tests. Besides, different combi-
nations of variables are tried to find a set with significant
p-values (Simmons et al., 2011). This p-hacking behav-
ior causes biased estimates due to the omitted variable
bias, which restricts the predictive power of econometric
models. On the other hand, OLS and other econometric
methods overfit the noise when the number of explana-
tory variables gets closer to the number of observations
(Nagel, 2021).
Econometric methods cannot solve the high-dimension

problem of specifying a model with all relevant explana-
tory variables (Nagel, 2021). Fortunately, ML can solve
these problems by reliably selecting the best control vari-
ables/instruments among a large set of possible ones by
learning from the data and making predictions based on
this training. Supervised learning methods of ML, which
are used to predict a dependent variable (output) using sev-
eral explanatory variables (features), are up-and-coming in
corporate finance research (Amini et al., 2021; Feng et al.,
2020; Rapach & Zhou, 2021; Sohrabi & Movaghari, 2020;
Yang et al., 2020).

3 DATA ANDMETHODOLOGY

3.1 Data

The sample data set comprises 32,401 firms from 58 coun-
tries. Firm-specific data are extracted from Compustat
Data Base. The number of sample firms for each country
differs due to data availability. Table 1 presents the number
of firms for sample countries. The sample period covers 18
years, from 2002 to 2019. Macroeconomic factors are col-
lected fromWorld BankData Base. In line with the general
practice in capital structure research, we exclude finan-
cial firms and firms with negative shareholder’s equity.
Variables are winsorized to 1% and 99% to eliminate
outliers.
The dependent variable of this study is the leverage ratio,

estimated as the division of total long-termdebt to the book
value of total assets. The variables of interest are cash hold-
ings, non-debt tax shield, and current ratio. Cash holdings
are estimated as the ratio of cash and cash equivalents
to the total assets and indicate the immediate liquidity of
the firm. The current ratio is the ratio of current assets
to current liabilities and is related to the firms’ working
capital management. Both cash holdings and current ratio
are considered negative proxies of financial distress prob-

ability. Investors tend to overvalue firms with more cash
holdings and higher current ratios since their liquidity suf-
fices to fulfill short-term liabilities. The perceived financial
soundness of these firms enables them to raise external
finance from the stock markets. However, too much liq-
uidity may indicate underinvestment in long-term assets
and causes lower return rates for investors. In a recent
study, Sun andXia (2022) show thatwhen firms expect debt
financing will be more expensive or risky, they can secure
their future debt financing by issuing long-term debt now
and holding the proceedings in cash. Consequently, firms’
liquidity and capital structure policies are interlinked.
Furthermore, the non-debt tax shield is expected to put

downward pressure on the leverage ratio by substituting
the tax-shield effect of debt financing (Zafar et al., 2019).
On the other hand, firms with high non-debt tax shields
indicate high amounts of fixed assets, which can be used
as collaterals in debt covenants and secure cheap bank
credits (Acedo-Ramírez & Ruiz-Cabestre, 2014; Jaworski &
Czerwonka, 2019).
The control variables of this study comprise both long-

established determinants of leverage in the literature
and some potential factors. Huenermund et al. (2022)
warn against using high dimensional settings with many
covariates. Following their suggestion of using a selected
set of variables with theoretical reasoning, this study
uses profitability, firm size, asset tangibility, and R&D as
the firm-specific control variables. In addition to these,
three industry-specific variables (i.e., uniqueness, regu-
lated industry, and high-tech industry) and four country-
specific variables (i.e., bank credit, GDP growth, NWC
financing, and institutional quality) are controlled in our
analysis. Time and country dummies are also included to
isolate time- and country-specific fixed effects. Variable
definitions are given in Table A1 in the Appendix.
Table 2 gives the descriptive statistics of the variables.

The average leverage ratio of the total sample is .13, which
moves within the 12%–14% range over the sample period.
This ratio increases to .30 for some countries and as low as
.09 for others. The sample distribution of the leverage ratio
is right-skewed and slightly peaked.While the overall aver-
age of cash holdings is .16, it varies within the .07–.26 range
at the country level and .13–.18 over time. This variable’s
distribution also has a fat tail, but its peak is higher than the
leverage ratio. Our second focus variable, the non-debt tax
shield, has a sample average of .04. Its country-level range
is .02–.06, and its time-based range is .03–.04. Its distri-
bution is almost symmetric but highly peaked. Lastly, the
current ratio has an almost time-invariant overall sample
mean of 2.62with a country-level range from 1.16 to 5.98. Its
distribution is both skewed and highly peaked. The pair-
wise correlations of variables are presented in Table A2 in
the Appendix.
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TABLE 1 Number of sample firms for each country.

Country Firms Percent Country Firms Percent
Argentina 76 .23 Korea Rep. 1944 6.00
Australia 2362 7.29 Kuwait 89 .27
Austria 94 .29 Luxembourg 60 .19
Bangladesh 196 .60 Malaysia 1036 3.20
Belgium 137 .42 Mexico 123 .38
Brazil 352 1.09 Netherlands 221 .68
Bulgaria 58 .18 New Zealand 189 .58
Cayman Islands 1175 3.63 Nigeria 105 .32
Chile 175 .54 Norway 309 .95
China 3709 11.45 Oman 70 .22
Colombia 37 .11 Pakistan 343 1.06
Croatia 83 .26 Philippines 181 .56
Cyprus 75 .23 Poland 742 2.29
Denmark 179 .55 Portugal 53 .16
Egypt 142 .44 Russia 286 .88
Finland 182 .56 Saudi Arabia 130 .40
France 893 2.76 Singapore 736 2.27
Germany 889 2.74 Slovenia 30 .09
Greece 242 .75 Spain 178 .55
Hong Kong 271 .84 Sri Lanka 196 .60
Hungary 37 .11 Sweden 815 2.52
India 3502 10.81 Switzerland 267 .82
Indonesia 459 1.42 Thailand 629 1.94
Ireland 97 .30 Tunisia 49 .15
Israel 419 1.29 Turkiye 321 .99
Italy 409 1.26 United Arab Emirates 48 .15
Japan 4054 12.51 United Kingdom 2312 7.14
Jordan 115 .35 Vietnam 482 1.49
Kenya 38 .12 Total 32401 100.00

Source: Author’s computation.

3.2 Methodology

The following partially linear regression model is esti-
mated in this study:

𝑦 = 𝛿𝑔 + 𝑓0 (𝐻) + 𝜀 𝐸(𝜀|𝑔,𝐻) = 0

𝑔 = 𝑚0 (𝐻) + 𝜗 𝐸 (𝜗|𝐻) = 0

(1)

where 𝑦 is the dependent variable, 𝑔 the variable of inter-
est, 𝐻 is the matrix of the control variables, and 𝛿 is the
treatment effect. The functional forms with respect to 𝐻,
(𝑓0,𝑚0) are unknown.
Partialing-out and double selection are the two solutions

to obtain an estimate of 𝛿 in Equation (1) when the models
are linear and sparse (Belloni et al., 2012, 2014). The dou-
ble selection procedure of Belloni et al. (2014) provides a

reliable inference on the coefficient of 𝑔 guarding against
the omitted variable bias due to model misspecification by
selecting the control variables with a two-pass estimation
process. Firstly, a LASSO regression of 𝑦 is run on𝐻. Next,
a LASSO regression of 𝑔 is run on 𝐻. This second LASSO
regression reveals the factors not selected the first step but
may cause omitted variable bias due to their correlation
with 𝑔. Once the LASSO estimator selects the factors in the
previous two steps, a cross-sectional OLS regression of 𝑦 is
run on the covariances selected in these two steps.
On the other hand, the partialing-out procedure of Bel-

loni et al. (2012) can be used which requires multiple
estimation steps. First, a LASSO regression of 𝑦 is run on
𝐻 and 𝐻̃𝑦 , which is the set of selected covariates of this ini-
tial LASSO, is obtained. Second, a LASSO of 𝑦 on 𝐻̃𝑦 is run
and the residuals (𝑦̃) are saved. Similarly, a LASSO regres-
sion of 𝑔 on 𝐻 is run and the selected covariates (𝐻̃𝑔) are
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TABLE 2 Descriptive statistics of variables.

Mean Median St.Dev. Skew. Kurt. Min. Max. N
Dependent variable
Leverage ratio .13 .08 .16 1.42 4.89 .00 1.00 354,961
Variables of interest
Cash holdings .16 .11 .17 1.83 6.81 .00 1.00 354,961
Non-debt tax shield .04 .03 .04 5.84 83.42 .00 .99 354,961
Current ratio 2.62 1.52 4.85 9.25 122.06 .00 99.80 354,961
Control variables
Profitability .07 .08 .14 −2.07 15.04 −1.00 1.00 354,961
Firm size 7.50 7.32 3.17 .28 2.84 −3.82 23.40 354,961
Asset tangibility .31 .27 .23 .68 2.72 .00 1.00 354,961
Bank credit 2.95 2.27 3.28 .01 4.45 −15.15 24.00 354,961
NWC financing 3.05 2.14 4.20 2.60 21.43 −25.96 50.92 354,961
GDP growth 3.00 2.14 3.99 2.09 17.17 −25.96 50.92 354,961
Institutional quality 3.53 4.67 5.08 −.20 1.51 −7.59 11.82 354,961

Source: Author’s computation.

obtained. Then, a LASSO of 𝑔 on 𝐻̃𝑔 is run and the residu-
als (𝑔) are saved. Lastly, an OLS regression of 𝑦̃ on 𝑔 is run.
The slope coefficient of this last regression is the coefficient
estimate (𝛿).
An increasingly popular alternative is the cross-fit

partialing-out LASSO framework of Chernozhukov et al.
(2018), which splits the data into k sub-samples and
employs a version of the partialing-out algorithm. This
approach is also known as the DML and enables the use
of other machine learning algorithms.
In this study, we employ the double selection LASSO

(Belloni et al., 2012), partialing-out LASSO (Belloni et al.,
2014; Chernozhukov et al., 2015a; 2015b), and cross-fit
partialing-out LASSO (Chernozhukov et al., 2018) proce-
dures for the estimation of 𝛿’s assuming linear functional
forms for (𝑓0,𝑚0). All these inference procedures account
for the omitted variable bias and systematically evaluate
the contribution of a new factor to the explanatory power
of an existing model.

4 FINDINGS

Tables 3 and 4 present the estimation results for the roles
of cash holdings, non-debt tax shield, and current ratio
as determinants of capital structure controlling the vari-
ables listed in Panel C of Table A1 in the Appendix and
the country and year effects. Initially, the within trans-
formation is used to eliminate the panel fixed effects of
the data set, as the built-in commands of STATA 17 soft-
ware for LASSO inference cannot be applied to panel
models. The double-selection LASSO method of Belloni

et al. (2014), the partialing-out LASSO method of Bel-
loni et al. (2012) and Chernozhukov et al. (2015a, 2015b),
and the cross-fit partialing-out LASSO estimator (DML)
of Chernozhukov et al. (2018) are employed to analyze
the transformed dataset using the STATA 17 commands;
dsregress, poregress, and xporegress, respectively. Plugin
and adaptive methods are used to select the tuning param-
eters. The estimated coefficients, standard errors, and the
t-statistics of focus variables are given in Table 3. All three
methods detect the significant and negative impact of cash
holdings on the leverage ratio, which is robust to the tun-
ing parameter selection method. Cash holdings have a
downward pressure on the indebtedness of a firm.
The non-debt tax shield is found to have a positive

effect on the leverage ratio. However, the effect becomes
insignificantwhen the pluginmethod is usedwith the dou-
ble selection or partialing-out estimators. Similarly, these
two estimators fail to detect any significant relationship
between the current ratio and firm leverage for both plugin
and adaptive lambda selection procedures. However, the
cross-fit partialing-out reveals that the current ratio has a
downward pressure on the indebtedness.
For panel data analysis, pdslasso, a STATA command

of Ahrens et al. (2018), enables the double-selection,
partialing-out and cross-fit partialing-out methods for
panel data structures used to estimate the coefficients
for the variables of interest. The results are presented in
Table 4. The findings align with the ones presented in
Table 3, but the significant results are more prevalent
than the pooled estimations. Both cash holdings and cur-
rent ratio are found to have a highly significant positive
effect on the leverage ratio, while the non-debt tax shield
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TABLE 3 The estimation results based on LASSO inference methods with pooled data.

Dependent variable: Leverage ratio
Plugin Adaptive

Selection method for
Lambda: estimate s.e. t-ratio estimate s.e. t-ratio
Cash holdings
Double-selection −.1003 .0082 −12.2600 −.0927 .0091 −10.1600
Partialing-out −.1013 .0075 −13.4300 −.0925 .0092 −10.0900
The cross-fit partialing-out −.1012 .0031 −32.7000 −.0927 .0036 −25.8200
Non-debt tax shield
Double-selection .0151 .0092 1.6400 .0258 .0083 3.0900
Partialing-out .0151 .0090 1.6800 .0257 .0081 3.1700
The cross-fit partialing-out .0151 .0040 3.8000 .0255 .0035 7.2900
Current ratio
Double-selection −.0094 .0107 −.8800 −.0079 .0110 −.7100
Partialing-out −.0090 .0107 −.8500 −.0079 .0110 −.7200
The cross-fit partialing-out −.0091 .0037 −2.4700 −.0079 .0039 −2.0200

Notes: The table reports the results of the LASSO inference methods for the roles of cash holdings, non-debt tax shield, and current ratio as determinants of capital
structure controlling the variables listed in Panel C in the Appendix and the country effects. The data set is split into k = 10 folds for the cross-fit partialing-out
estimations. Plugin and adaptivemethods are used for the selection of the tuning parameter. The standard errors are clustered by company and year. The estimates
are obtained using three built-in commands of STATA 17 software (i.e., dsregress, poregress, and xporegress) after within transformation of the data set.
Source: Author’s computation.

TABLE 4 The estimation results based on LASSO inference
methods for panel data.

Dependent variable: Leverage
ratio
Plugin

Selection method for
Lambda: Estimate s.e. t-ratio
Cash holdings
Double-selection −.0862 .0031 −28.0100
Partialing-out −.0852 .0031 −27.5000
Cross-fit Partialing-out −.1493 .0076 −19.5700
Non-debt tax shield
Double-selection .0990 .0143 6.9200
Partialing-out .0966 .0144 6.7200
Cross-fit Partialing-out .0578 .0119 4.8520
Current Ratio
Double-selection −.0002 .0001 −3.2300
Partialing-out −.0002 .0001 −3.1000
Cross-fit Partialing-out −.0503 .0067 −7.5460

Notes: The table reports the results of the LASSO inference methods for the
roles of cash holdings, non-debt tax shield, and current ratio as determinants
of capital structure controlling the variables listed in Panel C in the Appendix
and the country effects. The data set is split into k = 6 folds for the cross-fit
partialing-out estimations. Plugin and adaptivemethods are used for the selec-
tion of the tuning parameter. The standard errors are clustered by company
and year. The results are obtained using PDSLASSO, a user-written STATA
command (Ahrens et al., 2018). Standard errors are adjusted for 32,401 clusters
in firms.
Source: Author’s computation.

decreases it. All three methods detect high significance for
these relationships.
Our findings align with Sohrabi and Movaghari (2020),

who also use the LASSO method and report that liquidity
measures and non-debt tax shields are stable determi-
nants of book-based leverage. In another recent study
using the LASSO and non-linear machine learning algo-
rithms, Amini et al. (2021) also suggest liquidity as a valid
determinant of firm leverage.

5 ROBUSTNESS TESTS

We have run several additional tests to check the robust-
ness of the results against the possible effects of the Great
Financial Crisis on the results. The sample is divided into
two sub-samples covering 2002–2008 and 2009–2019, and
models are re-estimated for each sub-sample separately.
The pooled data results are presented in Table 5.
The sub-sample results for the pooled data are found

to be very similar to the total sample results for cash
holdings. Cash holdings’ significant and negative impact
on the leverage ratio is persistent in both sub-samples.
In line with the total sample results, the non-debt tax

shield is also found to positively affect the leverage ratio
during the 2009–2019 period. However, the same effect
can be detected only when the cross-fit partialing-out
estimator is employed with the adaptive method for the
2002–2008 period.
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TABLE 5 The sub-sample results based on LASSO inference methods with pooled data.

Subsample 2002–2008 Subsample 2009–2019
Dependent variable: Leverage ratio
Plugin Adaptive Plugin AdaptiveSelection

method for
Lambda: Estimates.e. t-ratio Estimates.e. t-ratio estimates.e. t-ratio Estimates.e. t-ratio

Cash holdings
Double-selection −.0904 .0097 −9.3500 −.0862 .0113 −7.6000 −.0761 .0074 −10.3500 −.0767 .0072 −10.6200
Partialing−out −.0904 .0097 −9.3700 −.0861 .0109 −7.9000 −.0757 .0075 −1.1400 −.0766 .0073 −1.4900
The cross−fit
partialing−out

−.0904 .0048 −18.7000 −.0862 .0052 −16.7300 −.0757 .0035 −21.4900 −.0761 .0035 −22.0000

Non−debt tax shield
Double-selection .0023 .0119 .2000 .0131 .0126 1.0400 .0419 .0084 4.9800 .0418 .0078 5.3300
Partialing−out .0023 .0108 .2100 .0131 .0108 1.2100 .0419 .0085 4.9600 .0417 .0078 5.3900
The cross-fit
partialing-out

.0023 .0053 .4400 .0132 .0057 2.3300 .0419 .0040 1.5000 .0422 .0039 1.7100

Current ratio
Double-selection .0100 .0070 1.4300 .0105 .0081 1.3000 −.0099 .0100 −.9800 −.0099 .0103 −.9600
Partialing−out .0100 .0067 1.4900 .0105 .0081 1.3000 −.0098 .0101 −.9700 −.0099 .0103 −.9600
The cross-fit
partialing-out

.0100 .0039 2.5900 .0107 .0044 2.4300 −.0098 .0040 −2.4300 −.0102 .0039 −2.6000

Notes: The table reports the results of the LASSO inference methods for the roles of cash holdings, non-debt tax shield, and current ratio as determinants of capital
structure controlling the variables listed in Panel C in the Appendix and the country effects. The data set is split into k = 10 folds for the cross-fit partialing-out
estimations. Plugin and adaptive methods are used for the selection of the tuning parameter. The standard errors are clustered by company and year. The entire
sample is divided into two sub-samples to cover the periods of 2002–2008 and 2009–2019. Then,models are estimated for each sub-sample separately. The estimates
are obtained using three built-in commands of STATA 17 software (i.e., dsregress, poregress, and xporegress) after within transformation of the data set.
Source: Author’s computation.

Similar to the total sample results, only the cross-fit
partialing-out estimator detects the significant effect of
the current ratio—however, the sign of the coefficient
changes between the sub-samples. The current ratio
has a downward pressure on the leverage ratio during
2002–2008. This finding is different from the total sample
results. However, the relationship turns to be positive for
the 2009–2019 period.
Table 6 gives the panel data estimation results for the

sub-samples. Once again, the cash holdings preserve
the previously detected significant and positive effect
on the leverage ratios for both sub-sample periods.
The positive and significant coefficient estimates of
the non-debt tax shield also align with the total sam-
ple results for both sub-sample periods. The cross-fit
partialling-out results for the current ratio are the same
as this study’s preliminary results and indicate a signif-
icant negative impact for both sub-periods. However,
the two other methods detect a positive relationship
between the current ratio and the leverage for the 2002–
2008 period.
In sum, the robustness tests’ findings support this

study’s main findings to a great extent. The most crucial
difference is the sign of the effect of the current ratio for
the pre-crisis period. However, this unexpected positive

impact returns to negativewhen the cross-fit partialing-out
estimator is employed in Table 6.

6 CONCLUSION

Empirical capital structure literature recognizes a large
set of firm-specific and macroeconomic factors as deter-
minants of leverage. However, there is no consensus on
the relative importance of these determinants since the
empirical tests of any new factor rely on a randomly
selected subset of the existing factors as control variables.
The resulting models usually suffer from the omitted vari-
able bias and have low explanatory powers. Besides, the
prevalence of non-linear relationships and interactions
between determinants of capital structure shadow the cur-
rent research results and highlights the need for new
methodological approaches to verify the existing knowl-
edge and illuminate the unknown. Even though empirical
studies on leverage have recently becomemore reliable due
to advanced econometric methods, there is still a need to
improve the robustness of their findings.
ML methods have recently become a popular analysis

tool in finance research, which can help investigate
firms’ financing choices. This study contributes to the
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TABLE 6 The estimation results based on LASSO inference methods for panel data.

Subsample 2002–2008 Subsample 2009–2019
Dependent variable: Leverage ratio
Selection method for Lambda: Plugin

Estimate s.e. t-ratio Estimate s.e. t-ratio
Cash Holdings

Double-selection −.0860 .0052 −16.7000 −.0669 .0035 −19.0400
Partialing-out −.0841 .0052 −16.2400 −.0665 .0035 −18.8100
Cross-fit Partialing-out −.1490 .0064 −23.2050 −.1490 .0064 −23.2050

Non-debt Tax Shield
Double-selection .0396 .0201 1.9800 .1678 .0185 9.0800
Partialing-out .0403 .0202 1.9900 .1682 .0184 9.1200
Cross-fit Partialing-out .0573 .0104 5.5000 .0573 .0104 5.5000

Current Ratio
Double-selection .0002 .0001 2.0600 −.0003 .0001 −3.6500
Partialing-out .0003 .0001 2.3400 −.0002 .0001 −3.3100
Cross-fit Partialing-out −.0503 .0052 −9.6570 −.0504 .0052 −9.6570

Notes: The table reports the results of the LASSO inference methods for the roles of cash holdings, non-debt tax shield, and current ratio as determinants of capital
structure controlling the variables listed in Panel C in the Appendix and the country effects. The data set is split into k = 6 folds for the cross-fit partialing-out
estimations. Plugin and adaptive methods are used for the selection of the tuning parameter. The standard errors are clustered by company and year. The entire
sample is divided into two sub-samples to cover the periods of 2002–2008 and 2009–2019. Then, models are estimated for each sub-sample separately. The results
are obtained using PDSLASSO, a user-written STATA command (Ahrens et al., 2018). Standard errors are adjusted clusters in firms.
Source: Author’s computation.

literature by advocating LASSO-based ML methods to
decide the control variables for empirical capital structure
studies. We to evaluate the marginal contributions of cash
holdings, non-debt tax shield, and current ratio as deter-
minants of capital structure. Our findings have revealed
that they are crucial factors that substantially affect the
leverage decisions of firms and should be controlled in
empirical capital structure studies. To the authors’ knowl-
edge, the current study represents the first application
of the LASSO inference methods in capital structure
research.
Our approach is reliable for selecting the control vari-

ables for further empirical capital structure research by
overcoming the omitted variable bias prevalent in the lit-
erature. It suggests a reliable method for investigating the
effect of any new factor on the capital structure. Our find-
ings provide a fresh perspective for future research on
capital structure and corporate decision-making.
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Appendix

TABLE A1 Variable definitions and data sources.

Variables Definition Source
Panel A: The dependent variable
Leverage ratio The ratio of total long and short interest-bearing debt to total assets Compustat
Panel B: Variables of interest
Current ratio The ratio of current assets to current liabilities Compustat
Cash holdings The ratio of cash and cash equivalents to total assets
Non-debt tax shield The ratio of depreciation expense to total assets
Panel C: Control variables
Profitability The ratio of EBITDA to total assets Compustat
Firm sze Natural logarithm of total assets
Asset tangibility The ratio of plant, property and equipment to total assets ppent/at
R&D A dummy variable equals one if the firm reports a positive research and development

expense, zero otherwise.
Uniqueness A dummy variable equals one if the firm’s industry is producing sensitive products, zero

otherwise. The classification is based on 4-digit SIC codes adopted by Amini et al. (2021).
Regulated industry A dummy variable equals one if the firm operates in regulated industries, zero otherwise.

The classification is based on 4-digit SIC codes adopted by Amini et al. (2021).
High-tech industry A dummy variable equals one if the firm offers technology products and services, zero

otherwise. The classification is based on 4-digit SIC codes adopted by Amini et al. (2021).
Bank credit Domestic Credit to Private Sector by Banks (%of GDP)—includes all credit to various

sectors by deposit money banks, finance and leasing companies, money lenders,
insurance corporations, pension funds, foreign exchange companies and other financial
corporations.

World
Development
Indicators
(World Bank)

GDP growth GDP Growth Rate—Annual percentage growth rate of GDP at market prices based on
constant local currency.

NWC financing Firms using banks to finance working capital- The percentage of firms using bank loans to
finance working capital

Institutional quality The aggregate of six governance indicators (i.e., Control of Corruption, Government
Effectiveness, Political Stability and Absence of Violence/Terrorism, Regulatory Quality,
Rule of Law and Voice and Accountability.

World
Governance
Indicators
(World Bank)
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