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Introduction

Capital structure choice is probably one of the most studied issues in Corporate Finance.

However, the existing empirical literature has yet to offer a way to explain majority of the

variation in the observed leverage ratios of large US corporations. As Lemmon, Roberts,

and Zender (2008) show, a list of the most commonly used leverage factors only captures

at best one third of the total variation. This raises a natural question of how to explain

the remaining variation. Perhaps more importantly, it casts doubt on the existing findings

concerning the standard leverage factors. Unexplained heterogeneity can lead to biases if, for

example, it is correlated with the error term in a standard linear setting. Lemmon, Roberts,

and Zender (2008) in particular show that the error term obtained from a standard linear

specification has a strong persistence component, and accounting for persistence with either

fixed effects or lagged leverage drastically changes the estimated factor impacts. Thus, better

capturing heterogeneity among firms, as well as the variations in leverage ratios over time

within firms, is important both for understanding the validity of the existing theories and

testing the explanatory potential of the new ones.

Large unexplained variation in the data may be due to important factors missing from the

existing analysis. However, as recent research has shown, finding a new set factors that would

deliver significant improvements in the explanatory power is rather difficult. Intuitively, given

the large overall variation in leverage ratios, it is difficult to find a firm characteristic with

matching amount of variability and the ability to explain leverage. Indeed, recent attempts

at adding new factors, while statistically and economically significant, have resulted in only

modest increases in the overall explanatory power.1

In this paper, we follow an alternative rout. Instead of searching for new factors, we

investigate whether it is differences in sensitivities to the existing factors that are responsible

for a large part of unexplained heterogeneity, and ask to what extent these differences in

sensitivities can be explained with the observed firm characteristics. Our analysis retains a

1Shivdasani and Stefanescu (2009) is probably one of the most successful ones, showing an increase in R2

of approximately 5%
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linear model specification used in the existing literature, whose major benefit is ease of inter-

pretation. In contrast to the existing literature, it identifies clusters of firms with different

sensitivities to leverage factors, and separates cross-sectional and time-series factor impacts.

We find that the data strongly suggests that the Compustat universe of firms consists of

two subgroups with very different leverage patterns. Accounting for this group heterogeneity

drastically improves the explanatory power while leaving most of the standard results on

leverage factors intact. More importantly, the group heterogeneity is robust and can be well

explained by two standard observed firm characteristics: firm size and dividend payments.

Our new results not only provide support for some of the existing findings that were ques-

tioned based on the low explanatory power, but also offer new insights about firm capital

structure policies, as discussed in more detail below.

In order to show the existence and the significance of group heterogeneity, we start by

allowing our model to separate firms into two groups based on the statistical properties of

the data, and estimate factor impacts separately for each group.2 Such a structure is both

consistent with the bimodal distribution of leverage data and flexible in accommodating het-

erogeneous responses to leverage factors while improving explanatory power. If the grouping

is a result of optimal choices made by firms, firm characteristics should help to understand

the separation of firms into their groups. Based on the standard leverage factors, we are able

to sort firms into two groups fairly accurately. In particular, t he factor-based sorting of each

firm nearly matches the explanatory power of the model using the estimated grouping of each

firm based on a pure statistical procedure.

Previous research has also suggested that short-term impacts of changes in leverage fac-

tors may differ from the long-term ones. In the data, this would lead to differences in cross-

sectional and time-series impacts of leverage factors (see, for example, Strebulaev (2007) for a

theoretical argument, and Lemmon, Roberts, and Zender (2008) for empirical illustrations).

A consistent estimation of the time-series impact can be done using a time-series regression.

2Separation of firms into two groups is also supported by the recent work of Chang and Yu (2010). In
their theoretical model, firms self-select into two groups based on investors’ liquidity needs and informational
advantages when choosing firms’ capital structure.
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Given relatively short time series available for leverage data, one can pool observations on

multiple firms and estimate a fixed effects regression to control for cross-sectional hetero-

geneity that may otherwise bias the estimates. This approach, however, does not allow to

simultaneously investigate the cross-sectional differences among firms, since fixed effects ef-

fectively remove all such differences. A standard pooled regression is also not suitable for

estimating cross-sectional impacts when time-series impacts can be reasonably expected to

differ from the cross-sectional ones, as is the case for leverage factors. In this paper, we

propose a simple solution for estimating both cross-sectional and time-series impacts in one

setting. In particular, we separate each factor into a factor mean and a demeaned factor

(time-series deviations from the mean) for each firm, and interpret the coefficient on the

mean factor as capturing the cross-sectional impact, and the coefficient on the demeaned

factor as capturing the time-series impact.

Separation of cross-sectional and time-series impacts generates a positive cross-sectional

impact and a negative time-series impact of firm profitability on leverage. This is in contrast

to most existing studies finding a positive overall impact of profitability. This finding offers

support both for the tradeoff hypothesis itself and for the arguments in, for example, Hennessy

andWhited (2005), that reconcile the commonly reported positive coefficient with the tradeoff

hypothesis.

The most striking difference between the groups is their average sensitivity to temporal

deviations of capital expenditures. Our analysis suggests that firms in the first group tend

to finance most of their abnormal capital expenditures with debt, while firms in the second

group use both debt and equity, resulting only a modest increase in leverage ratio. At the

same time, in response to higher capital expenditure requirements in the long term, both

groups reduce their long-term debt levels.

The separation of firms into groups appears to be driven mostly by firm size and the

firm’s dividend decision. For example, firms in group one tend to be larger and are paying

dividends. It does not appear that pecking order theory helps explain the sorting of firms
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into the two groups, as we discuss in detail in section 3. Although firms in group one are

older on average and hold more cash, these additional characteristics do not significantly

improve our ability to capture group identity. Overall the results are consistent with firms

in group one pursuing a more cautious leverage policy, perhaps in expectation of large costs

of restructuring associated with bankruptcy. This, however, is just a conjecture, and further

analysis is beyond the scope of this paper. We hope that future research will be able to verify

its validity.

It is also interesting to see that group one includes almost all of the zero-leverage firms

in the data. Thus, our analysis may be able to offer important insights into this puzzling

category of firms. For example, our results suggest that, to understand the behavior of zero-

leverage firms, one should not compare them to the rest of the Compustat firms, but rather

to a subsample of larger firms that pay dividends. Further taking cash reserves into account

shows that, in fact, there is a large heterogeneity within zero-leverage firms in the way they

use cash.

In this study, we take a parsimonious approach in grouping firms. From a statistical

perspective, one can always further improve performance when allowing for more groups.

There are two issues with that approach. First, we may be unable to predict group association

with the existing factors, although we cannot rule out that additional factors will help identify

more distinct firm groups. Second, the gain in performance may not justify the complication

in model structure. In fact, we find that increasing the number of groups to three offers no

further improvement in the model explanatory power based on the standard factors alone.

Thus, while there is a leap in the explanatory power for existing capital structure provided

our model, additional variables are likely needed to understand the remaining unexplained

variation in leverage.

Heterogeneity among firms and specification errors in standard linear regressions have

been stressed in several recent studies. For example, Hennessy and Whited (2005) discuss

the implications in heterogeneity in external financing need for testing pecking order theory;
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Cook, Kieschnick, and McCullough (2008) show that a nonlinear model can dramatically

improve statistical fit; Lemmon, Roberts, and Zender (2008) and Arce, Cook, and Kieschnick

(2011) show that including non-linear terms can improve explanatory power; and Faulkender,

Flannery, Hankins, Smith (2011) show that there is a large heterogeneity in leverage persis-

tence, majority of which can be explained by a closer look at transaction costs and the need

for external financing. Numerous studies also attempt to address heterogeneity by splitting

the sample according to some firm characteristics. For example, Almazan and Molina (2005)

split firms based on industry affiliation, Chen and Zhao (2006) split firms based on profitabil-

ity level and market to book ratio, Strebulaev and Yang (2006) split firms into (near) zero

and positive leverage firms. In this paper, we propose a different, complementary, approach

to capturing heterogeneity, which, among other things, allows us to investigate robustness

of the existing results on leverage factors. The support in the data for our model leads us

to take the model implications seriously and offer new insights into firms’ capital structure

choices.

The rest of the paper is organized as follows. Section 1 develops our statistical model,

section 2 describes our sample, and section 3 reports the results of estimating our base model.

Section 5 provides concluding comments.

1 Capturing Heterogeneity in Leverage Ratios

If firms differ in how they respond to changes in leverage factors, our ability to understand

these differences would be enhanced if firms could be grouped according to their sensitivities.

That such grouping may be meaningful for our sample of firms can be seen, for example, in a

scatter plot of Book Leverage versus Collateral, shown in Figure 1. Reflecting the substantial

heterogeneity in leverage, the plot shows that, for any given level of collateral, one can find

a firm with virtually any leverage level. The plot also suggests that most firms tend to sort

themselves into two groups based on their leverage and collateral: the first group has both

fairly low leverage and low collateral, with an unclear relationship between the two variables,
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while the second group, with larger leverage and collateral ratios, exhibits a clear positive

relationship between the two variables. Many similar plots can be built using other leverage

factors, some showing separation in the mean, others in slope. Our analysis (presented

in detail later) in fact shows that the best predictors of group identity are Firm Size and

Dividends. Figure 2 shows a clear separation into two groups based on a combination of

these two variables suggested by our analysis. Overall this evidence suggests a clear group

heterogeneity in leverage related to firm characteristics. From the figures alone, however, one

cannot tell which, if any, of the observed differences between groups remain significant in a

multivariate setting.

Researchers have recognized group heterogeneity in a coarse way using rules of thumb

such as ‘high profitability firms’ vs. ‘low profitability firms.’ However, such an oversimplified

approach might in fact lead to more, not less, biased results. A good illustration is pro-

vided by the plot of Book Leverage against Market/Book ratio in Figure 3. This plot shows

that, not only there are potentially several groups of firms, all with a negative sensitivity

to Market/Book, but also that the relationship between the two variables is censored, with

the censoring likely caused by the technical definitions of the two variables.3 The censoring

implies that splitting the data into high and low Market/Book values may generate a false

positive relationship within the lower Market/Book ratio group. Thus, instead of imposing

group definitions on the data, we let the data determine whether and how it should be split

into subgroups, as we describe below in detail.

Another form of heterogeneity in leverage policies is present in leverage persistence. Nu-

merous studies, including Lemmon, Roberts, and Zender (2008), Kayahan and Titman (2007),

Flannary and Rangan (2006), note that leverage is highly persistent, with persistence esti-

mates varying roughly from 0.5 to 0.9 depending on the sample and estimation procedure

used. A recent study by Faulkender, Flannery, Hankins, Smith (2011), however, also shows

3We can roughly express Book Leverage as (Market/Book)*(book value of debt)/(market value of eq-
uity+book value of debt). If market value of equity is positive, the ratio (book value of debt)/(market value
of equity+book value of debt) is less than one, and therefore Book Leverage is less or equal to Market/Book.
This appears to hold in the scatter plot.
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that persistence varies significantly across firms. They also find persistence to be systemati-

cally related to with firm-specific adjustment costs and market timing strategies.

Significant leverage persistence found by many existing papers suggests a third type of

heterogeneity in leverage: a difference between time-series and cross-sectional responses to

changes in leverage factors. Theoretically, this point is developed in several recent studies,

such as Hennessy and Whited (2005), Strebulaev (2007), Gorbenko and Strebulaev (2010).

Intuitively, persistence is hypothesized to be caused by transaction costs, perhaps combined

with a time-varying persistent target leverage level. Under such assumptions, if the firm

expects a temporary shock to one of its leverage factors that may be reversed in the near

future, the firm may find it too costly to make an immediate corresponding adjustment to

leverage. This suggests that the time-series relationships between leverage and its factors

are likely to be weaker than the cross-sectional ones. However, the papers also show that,

when transaction costs for debt differ from those for equity, time-series relationships between

leverage and its factors may be stronger, and may have an opposite direction from those in

the cross-section.

In the data, despite high persistence, time-series variation in leverage is quite substantial,

as illustrated in Figure 4. This figure shows that most firms in our sample change their

leverage by more than 0.127, or 50% of the sample mean, over a 10 year period.

This large size of time-series variation implies that leverage persistence fails to explain

a substantial part of leverage dynamics, and there is room for leverage factors to play an

important role.

In this paper, we intend to capture the three forms of heterogeneity discussed above in a

unified framework. To capture the first form of heterogeneity, we allow our model to separate

the set of firms into two groups, and estimate group-specific factor sensitivities. To capture

the second form of heterogeneity, we allow for a group-specific leverage persistence. Finally,

we capture the last form of heterogeneity by separating factors in their mean values and

deviations from the mean. The coefficient estimates on the mean values will then capture
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the cross-sectional impact, while the coefficients in the deviations from the mean will capture

the time-series impact (a formal presentation of the assumptions behind this separation is

offered in Appendix A). Formally, we model leverage li,t for firm i at time t as following a

mean-reverting process with a time-varying target αi,t:
4

i,t = αi,t + ρ(li,t−1 − αi,t−1) + ui,t,

where ui,t ∼ N(0, σ).

The target αi,t is not observed and thus has to be inferred from the available data. Past

theoretical and empirical studies of capital structure have identified a number of factors xi,t

that can help determine these target levels. We borrow the variables from the existing lit-

erature (see for example, Rajan and Zingales (1995), Frank and Goyal (2009)) including the

following nine commonly used factors: Firm Size, Market/Book, ROA, Expend, Collateral,

Tangible Assets, CF volatility, Z-score, and Dividends indicator.5 Our earlier discussion

in this section suggests that the factors may have a different explanatory power for cross-

sectional and time-series differences in leverage targets. To allow for this possibility, we

deviate from the existing literature and separate each factor into time-series mean x̄i calcu-

lated for each individual firm, and deviations from the mean x̃i,t ≡ xi,t− x̄i,t. Thus, we model

the target leverage as

αi,t = x̄iβ0 + x̃i,tβ1 + ei,

where ei ∼ N(0, D) does not vary over time due to parameter identification restrictions.

Thus the only time variation in leverage target αi,t comes from time variation in factors x̃i,t.

The estimated variances of ei and uit can be used to separate the remaining unexplained

cross-sectional and time-series variation, not captured by the included factors.

As discussed above, we capture cross-sectional group heterogeneity by letting the data

determine whether and how the sample should be separated into two clusters, and allow both

4Although we find it convenient to refer to αi,t as the target leverage in this paper, several studies (Chang
and Dasgupta (2009) and Shyam-Sunder and Myers (1999)) argue that such a statistical model cannot be used
to prove or disprove the existence of a target leverage level.

5See Appendix C for the precise definitions.
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intercept terms and slope coefficients to be different for each cluster. In order to be consistent

with the existing literature, we maintain a linear model structure. Specifically, we estimate

the following model:6

li,t =

{
αi,t + ρ(1)(li,t−1 − αi,t) + ui,t, αi,t = x̄iβ

(1)
0 + x̃iβ

(1)
1 + ei, if i is in group 1;

αi,t + ρ(2)(li,t−1 − αi,t) + ui,t, αi,t = x̄iβ
(2)
0 + x̃iβ

(2)
1 + ei, if i is in group 2;

Pr(i ∈ group 1) = p.

(1)

This model specification has features of a dynamic panel, and thus produces a likelihood

function that does not have a convenient closed-form expression. A unbiased estimation of

such a model is typically done using a GMM approach.7 However, we opt for a Bayesian

approach (described briefly in the next section and in Appendix D) because it produces

similar unbiased estimates but with a smaller efficiency loss. For consistency, we also use

Bayesian approach for the alternative models used in the literature that we estimate for

comparison purposes, as described below. For these models, estimation method has virtually

no impact on either coefficient estimates or estimates of the explanatory power.

1.1 Measuring Explanatory Power of Leverage Factors

For evaluating the explanatory power of all our regressions, we use the following definition of

the adjusted coefficient of determination:

R2
adj = 1− (1− E(û′û)/E(l′l))(n− 1)/(n− k), (2)

where n is the total number of observations, k is the total number of estimated parame-

ters, boldface denotes vectors created by stacking observations across firms (for example,

l ≡ (l1,1, .., l1,T , l2,1, .., l2,T , .., lN,1, .., lN,T )
′), and ûit is defined as the difference between the

observed and the predicted value of leverage: ûit ≡ li,t − l̂i,t.

6We have also estimated a Tobit version of this model where the response variables is censored at zero. This
model results in a lower explanatory power, has no effect on coefficient signs, but produces smaller coefficient
sizes. The results are omitted for brevity.

7Including lagged leverage imposes estimation challenges in particular because the lagged leverage is cor-
related with the unobserved leverage heterogeneity. While fixed effect estimation proposed by Flannery and
Rangan (2006) produces unbiased estimates, it does so at a relatively high cost of losing cross-sectional infor-
mation, especially when the available time series is short.
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When forming predicted leverage levels, it is important to recognize that the unobserved

firm-specific factors that affect the current leverage are likely to be correlated with the lagged

leverage. Thus, if our goal is to evaluate the explanatory power of the observed factors, we

should not use lagged leverage li,t−1 to form predicted leverage value l̂i,t. Ignoring lagged

leverage term when forming predicted leverage is also not desirable because part of the in-

formation contained in lagged leverage can be viewed as a valid predictor. Specifically, past

deviations (li,t−1−αi,t) of leverage from the target level are not likely to contain information

about the current target level, but are still likely to affect the current leverage realization.

Thus, when we evaluate R2
adj , we form predicted leverage values as

l̂i = x̄i,tβ̂
(s)
0 + x̃i,tβ̂

(s)
1 + ρ̂(s)(li,t−1 − α̂i,t),

where α̂i,t = x̄i,tβ̂
(s)
0 + x̃i,tβ̂

(s)
1 + êi is the estimate of the leverage target level,8 and s is the

group to which firm i belongs.

We measure cross-sectional explanatory power as

R2
adj = 1− (n− 1)E(e′e)

(n− kcs)E((e+ x̄iβ0)′(e+ x̄iβ0))
, (3)

explanatory power of lagged leverage as

R2
adj = 1−

E(y′ρyρ)

E(y′tyt)
, (4)

and time series explanatory power as

R2
adj = 1− (n− 1)E(u′u)

(n− kts)E(y′ρyρ)
, (5)

where

yt =x̃i,tβ1 + ρ(li,t−1 − αi,t) + ui,t,

yρ =x̃i,tβ1 + ui,t.

The above measures are adopted (in a straightforward manner) to all regression specifications

reported in the paper.

8Intuitively, êi captures firm i’s fixed effect.
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1.2 Estimation Method

According to Bayesian approach, the parameters are treated as random variables, and given

a prior distribution. The observed data is then used to form a posterior distribution of the

parameters, which is proportional to the prior distribution times the likelihood function as

dictated by Bayes’ theorem. A detailed description of Bayesian methods can be found in such

standard reference texts as Zellner (1971) and Bernardo and Smith (1994). For calculating the

posterior distribution, we enlarge the parameter space with suitable latent variables according

to the prescription outlined in Chib (1992), and use Markov Chain Monte Carlo (MCMC)

methods. We also use non-informative prior for the robustness of our estimates. The iterative

procedures used to sample the parameters are described in the Appendix D (it can be shown

that these procedures produce draws from the true joint posterior distribution).

2 Data

We obtain our data from the monthly CRSP and quarterly and annual Compustat databases

for the sample period from 1962 to 2006.9 Our main variables of interest are book leverage

and market leverage, measured as ratios of (Total Debt) to the book value and the market

value of total assets, respectively. Arguably, one weakness of these measures is that they

ignore the company’s cash holdings, which can be viewed as reverse debt. Thus, we also

construct an alternative leverage measure that takes into account cash holdings of the firm,

defined as (Total Debt-Cash)/(Total Assets), (see Appendix C for a detailed definition). An

interesting and convenient feature of this leverage measure that accounts for cash is that it no

longer has a mass of zero observations. The drawback of using this measure is that it assumes

that cash can be thought of as negative leverage, an assumption that has been questioned in,

for example, Acharya, Almeida, and Campello (2007) and Fresard (2011).

We use annual Compustat data to construct our capital structure determinants since

9There is little effect on the results no matter shorter or longer time series are used. The explanatory power
tends to increase with the size of the sample.
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quarterly data contains a large amount of missing observations. These determinants are

adapted from the existing literature (Frank and Goyal (2009), Rajan and Zingales (2004),

Lemmon, Roberts and Zender (2008)) (see Appendix C for the definitions). The variable

list includes initial leverage, sales, book-to-market, ROA, tangible assets, total assets, cash

flow volatility, and a dividend indicator. To avoid possible skewed distribution and extreme

value, we apply natural log transformation to all variables except for leverage and dividend

indicator. We treat as missing observations whenever our basic measure of book or market

leverage lies outside the unit interval, or where the alternative measure of leverage is larger

than 1 in absolute value.10 In addition, we require firms to have at least 5 consecutive years

of data. Our remaining sample of observations contains 234887 firm-year observations and

17273 firms. The summary statistics, reported in Table 1, suggest that our sample selection

criteria do not have a substantial effect on the sample characteristics. We therefore expect

the selection bias to be small.

The mean values and standard deviations of the variables closely resemble those in the

existing studies (see, for example, Frank and Goyal (2009)). Because market leverage tends

to be more volatile than book leverage, our empirical tests using market leverage generally

produce more significant coefficients and better regression fit than those using book leverage.

Thus, in the interest of brevity, we report only the results using the book leverage.

3 Results

Columns 3 - 6 of Table 2 present the estimation results for our main model given by equa-

tion (1), which we will refer to as ‘Two-Group Model’. This model separates our sample of

firms into two groups, and produces group-specific factor sensitivities and leverage persistence

estimates. The model also splits each factor into its time-series mean (Mean Factor) and devi-

ations from the mean (Demeaned Factor). The coefficient estimates on the Mean Factors are

in columns 3 and 4 for group one and two respectively, while the estimates on the Demeaned

Factors are in columns 5 and 6 for group one and two respectively. To better understand the

10Such observations represent less than one percent of the sample.
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economic implications of our analysis, we compare our results to the Pooled and FE specifica-

tions, reported in columns 2 and 7 of Table 2 respectively.11 As we discussed earlier, pooled

regression specification (Pooled) can loosely be interpreted as capturing the cross-sectional

factor impact due to the relatively larger cross-sectional variation in both leverage itself and

leverage factors. Fixed effect (FE) regression, on the other hand, by design, captures the

time-series factor impact. By comparison, our model separates factors into time-series means

and demeaned values. Thus, we compare the coefficients on the mean factors to those ob-

tained from the Pooled model, and on the demeaned factors to those obtained from the FE

model.

3.1 Significance and Impact of Clustering

We find that the separation of firms into two groups is statistically very significant. This con-

clusion of statistical significance is not based on the model fit as measured by the coefficient of

determination, or the values and significance of coefficient estimates. Generally, a significant

split may result in either higher or lower R2, and higher or lower significance of coefficient

estimates. For example, it may be that separating the data into subgroups uncovers that

some of the factor impacts are estimated as significant in the pooled sample due to group

heterogeneity in long-term leverage levels, and become insignificant once this heterogeneity

is accounted for by cluster-specific intercepts. Rather, it is the data likelihood function that

determines whether the clustering within the sample is significant. The significance is further

underlined by the strength of the posterior estimates of the firm’s group identity. As Figure

5 shows, for most firms, the posterior probability of belonging to group one is very close to

either one or zero, with only 16% of the estimates being more than five percent away from

the boundaries. This finding of a significant separation into two groups in particular provides

further support to the conclusion of Lemmon, Roberts, and Zender (2008) that the estimates

11For consistency, all models are estimated using Bayesian techniques. The estimates of the coefficients on
the leverage factors, as well as leverage persistence are virtually the same as those produced by robust classical
estimates with corrections for clustering. Bayesian estimation of the Pooled regression is similar to a random
effect estimation in that it produces a firm-specific intercept which is assumed to have a Gaussian distribution
across firms. We use this estimate in evaluation of R2

adj as described below.
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obtained using standard pooled or fixed effect estimates are biased.

To gauge the impact of our model on the explanatory power of the leverage factors, we

compare the R2
adj produced by the model to those produced by the pooled and fixed effect

models. A standard approach to evaluating R2
adj is likely to overestimate the true explanatory

power because of the Lagged Leverage term included in all three models. This term captures a

lot of cross-sectional variation in leverage, but cannot be easily interpreted it as an exogenous

factor in the cross-section. On the other hand, it is reasonable to treat Lagged Leverage as

a factor in a time-series analysis because it can reflect transaction costs that lead to leverage

persistence. Thus, in our evaluation of R2
adj , we only include the contribution of Lagged

Leverage net of firm random effects, as described in section 1.2.

Another issue in evaluating explanatory power for the Two-Group model is the group

assignment generated by it. Similar to fixed effects, the group assignment in the Two-Group

Model is a statistical estimate, with no immediate economic interpretation. Thus, an increase

in the amount of explained variation that the group assignment may generate (which happens

to be dramatic in case of fixed effects) does little to advance our understanding of leverage,

and therefore should be excluded. To address this issue, we first analyze whether the group

identity can be predicted based on the observed firm characteristics. Specifically, we regress

the estimated probability of firm i to be in group one on the nine leverage factors. As the

results reported in Table 3 show, all of the nine factors have significant coefficients, and thus

help predict group identity. We then evaluate R2
adj by forming predicted leverage using the

predicted group identity based on the regression reported in Table 3. For the fixed effects

model, by construction, fixed effects are linearly independent of the included leverage factors.

Thus, to evaluate R2
adj for the fixed effects model, we simply omit fixed effects when forming

predicted leverage.

We find that separating our sample of firms into two groups dramatically improves the

explanatory power of the nine leverage factors. As Table 2 shows, the Pooled Model produces

R2
adj of 34%, of which 23% can be attributed to Lagged Leverage, and the remaining 11%
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can be attributed to the nine leverage factors. The Two-Group Model, on the other hand,

produces the R2
adj of 59% for group one, 42% for group two, and 51% for the full sample.

Out of 51%, 26% can be attributed to Lagged Leverage, and 25% can be attributed to the

leverage factors. Thus, the Two Group Model increases the explanatory power nearly twofold,

with the increase being driven largely by leverage factors, and more pronounced for group

one.12 As expected, cross-sectional explanatory power of leverage factors is relatively larger

than that for the time series. In particular, fixed effect model, which, by construction, has

no explanatory power for cross-section, produces R2
adj of only 14.0%.13 In the Two-Group

model, mean factors capture 53% of the cross-sectional variation, while 46% of the time series

variation is captured by Lagged Leverage and 17.8% is explained by the demeaned factors.

Interestingly, including Lagged Leverage has a dramatic effect on both the time-series

and the cross-sectional explanatory power of the nine leverage factors. If we re-estimate the

Two-Group model excluding the Lagged Leverage term (i.e., setting ρ(j) = o, j = 1, 2), it

produces R2
adj of only 16% (which is below the 20% cross-sectional explanatory power of the

leverage factors in the presence of Lagged Leverage). This is largely because separation of

firms into two groups becomes weaker, although it remains significant.

3.2 Economic Implications

Accounting for group heterogeneity has a dramatic effect on some of the coefficients, as can

be seen by comparing the results for Pooled and FE models to those for the Two-Group

model for the mean and demeaned factors respectively, all reported in Table 2. However,

different from Lemmon, Roberts, and Zender (2008), who cast doubt on all of the existing

findings, our results suggest that some of the existing findings are quite robust and have

a significant explanatory power. Furthermore, our Two-Group model, that separates firms

12It might seem that the improvement in the explanatory power is mechanical and would obtain even when
the true error terms are Gaussian. This, however, is not the case. For simulated data with Gaussian error
terms, our estimation procedure produces only one cluster of firms. Intuitively, this is because the likelihood
function in this case is maximized when all errors are estimated to come from the same normal distribution.

13Including fixed effects into evaluation of the coefficient of determination produces R2
adj of 73.3. However,

as discussed above, this number overstates the true economic explanatory power of the model.
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into two groups, and separates factors in their mean and demeaned values, provides a new

set of implications related to the determinants of clustering, differences in capital structure

policies between the two groups, and differences between dynamic and long-term impacts of

leverage factors. The most notable departures from standard results produced by the Two

Group model are in the coefficient estimates for Expend, ROA, and Tangible Assets. Given

the high correlation between Tangible Assets and both Collateral and Expend (0.78 and 0.53

correspondingly14), we focus on Expend and ROA in our following discussion.

The estimates produced by the Two-Group model for Expend differ significantly from

their counterparts produced by the Pooled and FE specifications. According to the Two-

Group model, firms treat temporary deviations in capital expenditures differently from long-

term changes in expenditure requirements. While, in response to long-term changes, firms

tend to decrease leverage, they tend to increase leverage in response to temporary shocks to

expenditure needs. The large differences between cross-sectional and time series responses,

combined with the pronounced differences in time series responses between the two groups, are

responsible for the differences in the results produced by the Two-Group, Pooled, and Fixed

Effect models. Our results suggest that most firms draw on their debt capacity to finance

these expenses. Moreover, this debt capacity is significantly more important for group one:

the coefficient estimate on the demeaned variable for group one is 0.9, while for group two it

is only 0.1.

The negative coefficient on ROA typically reported in the literature (and confirmed by

the Pooled regression estimate in Table 2) has traditionally been viewed as contradicting the

static tradeoff theory, and lending support to the pecking order hypothesis (Fama and French

(2002)). This is because, according to the tradeoff theory, more profitable firms are generally

expected to have lower bankruptcy cost and higher marginal tax rate. Thus, these firms

should be able to benefit more from higher debt levels. More recently, dynamic models have

been used to argue that the negative relationship obtained in the pooled regression setting is

14The rest of the correlations are below 0.5, with the exception of the correlation between ROA and Z-score,
which is 0.69.
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also consistent with tradeoff theories in the presence of transaction costs (e.g., Hennessy and

Whited (2005), Strebulaev (2007)). Intuitively, one can expect firms enjoying higher-than-

normal profits to use the opportunity to pay off some of their outstanding debt if the current

debt is above the desired level, or if raising debt is expected to be particularly beneficial for

financing future investment opportunities. This leads to a negative time-series association

between profitability and leverage, which, if sufficiently strong, can be reflected in pooled

regression estimates as well. Our approach of separating factors into mean and demeaned

values allows us to test whether this explanation is supported by the data. Indeed, we find

that the Two-Group model produces a cross-sectional estimate for ROA that is positive and

significant, while the time series impact is negative and significant in both groups.

The two groups of firms generated by the Two-Group model also differ significantly in

their leverage persistence. Specifically, group one has a significantly higher persistence, with

the corresponding half life of 4.0 years, as compared to that half life of only 1.7 years for

group two, or a half life of 1.9 implied by the Pooled model. Zero leverage firms are not solely

responsible for the higher persistence of group one. As we show in the next section, removing

zero leverage firms still produces high persistence for group one with half life of 2.9 years.

The high persistence and low leverage levels maintained despite relatively larger firm sizes

observed within group one suggest that these firms maintain a high slack debt capacity. That

firms in group one have more slack debt capacity, is also reflected in their large sensitivity

of leverage to new capital expenditures, and tendency to change leverage less in response to

temporary changes in other firm characteristics such as firm size, profitability, and availability

of collateral. Finally, desire for more slack debt capacity is also evidenced in the group one’s

higher cash holdings: the average value of cash (cash holdings of the firm normalizes by total

assets) is 0.14 for group one and 0.05 for group two. It is an open question at this point why

these firms maintain high slack debt capacity: is it to deal with asymmetric information, or

reduce other types of transaction costs, or for any other reasons, such as behavioral biases of

the management or agency tensions between the management and different types of investors.

It is interesting to analyze to what extent the existing capital structure theories are able
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to explain the group separation implied by the Two-Group model. While we find that all of

the nine factors have statistically significant explanatory power for group identity, using only

Firm Size and Dividends to predict group identity results in virtually the same predictive

power od the model, with R2
adj decreasing by less than one percent. Thus, group identity is

mainly driven by size and dividend policies, with firms in group one being generally larger

and more likely to pay dividends. This intuition is further supported by the group sample

statistics reported in Table 4. Interestingly, group one is also characterized by a lower average

leverage, which can be surprising given the generally positive relationship between firm size

and leverage ratio. This result is partly due to zero leverage firms being largely allocated

to group one, as illustrated in Figure 6. However, the remaining firms in group one still, on

average, have lower leverage ratios but larger firm sizes than the firms in group two.

It does not appear that the differences in the two groups’ leverage policies can be consis-

tently explained by the differences in the role of asymmetric information (which in particular

gives rise to pecking order theory) between the two groups. According to both the classi-

cal pecking order theory, and a dynamic model of financing in the presence of asymmetric

information developed in Hennessy, Livdan, and Miranda (2010), firms that face more asym-

metric information should pay less dividends (reserve the cash for investment). Thus, our

finding that most firms in group one are paying dividends, while most firms in group two are

not paying dividends suggests that asymmetric information is more important for group two.

However, this theory also implies that firms should finance new investment opportunities with

debt, especially when they have favorable private information. Thus, our finding that the

leverage of firms in group two is less sensitive to deviations in capital expenditures suggests

that asymmetric information is less important for group two. Moreover, firms in group one

are larger, and thus have likely accumulated more positive signals over time than firms in

group two. Thus, pecking order theory would suggest that these firms should have a higher

leverage. Yet, we find that the average level of leverage in this group is significantly lower.

Our separation of firms into groups provides some support to the model of Chang and Yu

(2010). In their model, firms can choose to maintain lower levels of leverage and thus have
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more liquid stock when there is no reason for shareholders to invest in information gathering.

Increased bankruptcy risk that accompanies higher leverage encourages shareholders to pro-

duce more information about firms. Thus, maintaining higher leverage allows managers to

access this additional information. We find that firms with lower leverage tend to be larger.

Arguably, larger firms tend to be more closely followed and have better analyst coverage

without additional incentives for information collection provided by capital structure. Thus,

our finding that larger firms are more likely to belong to group one with lower leverage is

consistent with this model.

The behavior and the characteristics of firms in group one also appear to be consistent with

the view of these firms as financially conservative. Intuitively, if these firms have a relatively

strong preference for avoiding bankruptcy (perhaps due to large expected costs associated

with restructuring in bankruptcy), all else equal, they would choose lower leverage ratios and

would prefer to distribute extra cash as dividends rather than interest payments. Cosistently,

Davydenko, Strebulaev, and Zhao (2011) find that distress costs tend to be surprisingly high

for low-levered firms, which tend to belong to group one according to our model. It is also

possible that firms in group one have more cyclical assets. As Hackbarth, Miao, and Morellec

(2006) and Chen and Manso (2010) argue using theoretical models, asset cyclicality may

lead to low and countercyclical leverage levels and higher leverage persistence, both of which

characterize group one. Additionally, Korajczyk and Levy (2003) find empirically that less

financially constrained firms (which arguably describes group one) have more countercyclical

leverage. Both of these conjectures, however, require further testing that is beyond the scope

of this paper.

The clustering of firms identified by our model does not support the commonly suggested

separation of firms into groups based on industry affiliation. In particular, we find that, for

almost every industry, approximately half of the firms in the industry belong to group one.

The separation of firms into groups also does not support the methods that split the sample

based on ROA or Market/Book. There is no statistical difference between the Market/Book

ratios for the two groups. The ROA is significantly larger in group one, but there is a large
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number of firms in group one with small ROA, which makes ROA a poor predictor of the

group identity. Firm age also does not appear to be a major factor. The two groups do differ

somewhat in terms of firm age. The average number of observations per firm, which can be

though of as a proxy for firm age, is 15 for group one and 13 for group two. Moreover, group

one has both more young firms (with only five observations), and old firms (with 35 or more

observations). However, adding this proxy as both a linear and a quadratic term in the group

prediction equation adds no significant improvement to the model’s explanatory power. In

particular, these two terms alone explain only 2% of variation in the probability of belonging

to group one.

The Two-Group model estimation results can also be used to gain some insight into

the zero-leverage firms puzzle. One of the difficulties of addressing this puzzle is the lack

of variation in the variable of interest: Book Leverage, by definition, equals zero (or near

zero) for zero-leverage firms. In our data, however, the number of firms that maintain zero

leverage is small, and comprises only 2% of the total number of firms. The number of zero

leverage observations, on the other hand, is 11%. Thus, there are many firms that change

their leverage from a zero to a positive level. Moreover, some additional identification power

comes from comparing the values of the leverage factors for zero leverage firms to those for

positive leverage firms.

Our results suggest that zero leverage firms are not in the class of their own, and appear

to be similar to some firms that have fairly high leverage, as can be seen from Table 4. Still,

our model groups zero leverage firms with those firms that, based on their leverage factor

values, choose leverage that is lower than that chosen by their counterparts in group two.

For example, larger firms in group two choose larger leverage, but firms in group one that are

larger than the average firm in group two still choose leverage below that of group two. This

in particular implies that, if we were, for example, to follow the methodology of Strebulaev

and Yang (2006), and separated firms into two groups based on leverage levels alone, we

would find zero leverage firms to have similar sizes and similar dividend policies to those of

the remaining firms, but very different leverage levels. This finding would then suggest that
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firm size and dividends do not help explain zero-leverage firm puzzle. Our analysis shows,

however, that such group separation is not supported by the data. Instead, it suggests that

zero leverage policies would be better understood by focusing on firms in group one, and

studying responses to leverage factors within this group.

4 Robustness

To further test the validity of the two-group separation, we analyze the ability of our model

to predict group identity for out-of-sample firms. Intuitively, if our separation of firms into

groups is akin to a Fixed Effects approach, where majority of the explanatory power comes

from fixed effects, which are unknown for out-of-sample firms, then the out-of-sample predic-

tive power for group identity will be negligible.

Our out-of-sample prediction procedure involves the following steps. We first randomly

select and remove a subsample of 1,706 firms (10% of the total sample). We then re-estimate

our Two-Group model on the remaining firms (replicate the regression reported in columns 3 -

6 in Table 2), to obtain firm-specific estimates of posterior probabilities of belonging to group

one. We next regress these probability estimates on the nine factors (replicate the regression

reported in Table 3) and use the estimation results to predict the group identity for the 1,706

firms that were removed from the sample, using only the data on the nine factors available

for these firms. We find that the correlation between the posterior probability of belonging

to group one obtained from the base model estimated on the full sample and the predicted

probability obtained from this out-of-sample forecasting procedure is statistically significant,

with a fairly large size of 0.38. This correlation, however, is somewhat misleading because,

to evaluate the explanatory power of the Two-Group model, we use the probability prediced

based on the leverage factors, and not the posterior probability produced by the model. Thus,

we next evaluate the correlation between predicted probabilities of belonging to group one

obtained from the original estimation of the Two-Group model on the full sample and that

obtained from the out-of-sample prediction procedure. We find the two probability estimates
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to be virtually identical, with correlation of 0.99.

As we have shown in the previous section, the Two-Group model classifies virtually all

zero-leverage firms into group one. Thus, it is interesting to check to what extent zero leverage

firms drive group identity and coefficient estimates. Thus, we re-estimate the Two-Group

model on a subsample of firms that have positive leverage for at least half of the observation

years. The results reported in columns 2 and 3 of Tables 5 and 6 show that removing

zero-leverage firms has little impact on the estimates of leverage factor impact. Although

persistence for group one drops from 0.84 to 0.79, it remains well above the persistence

estimate for group two. Moreover, as reported in Table 7 (first line), the sorting of firms

into two groups remains virtually the same as for the full sample. Overall, the results show

that zero leverage firms do not drive our conclusions. Rather, positive leverage firms grouped

together with zero leverage firms help identify capital structure policies of zero leverage firms.

An alternative way to evaluate the policies of zero-leverage firms is to treat cash holdings

as negative debt when evaluating a firm’s leverage ratio. We refer to the resulting variable

as Cash Leverage. This variable turns zero leverage firms into negative leverage firms, and

introduces additional variability into the leverage ratio of positive leverage firms, which typ-

ically helps statistical identification. However, the interpretation of cash as negative debt is

questioned in recent studies (e.g., Acharya, Almeida, and Campello (2006)). Thus, combin-

ing the two items into one measure of Cash Leverage may potentially be confounding two

different questions, making results interpretation difficult.

An indication that our model may produce different results for Cash Leverage is provided

by the univariate analysis of correlation between Cash (firm cash holdings normalized by

total assets) and leverage factors. While correlations among the nine leverage factors assessed

within each group are largely similar across the two groups, the groups differ significantly

in within-group correlation between Cash and five of our leverage factors: Firm Size, ROA,

Market/Book, and CF Volatility, as reported in Table 8. These correlations seem to suggest

that firms in group one rely more heavily on cash for growth. In particular, larger firms in
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group one tend to have significantly less cash, as compared to firms in group two that exhibit

a positive association between Cash and Firm Size. More profitable firms in group one also

appear to save less cash out of their profits than firms in group two. Finally, while for both

groups, cash holdings are larger when cash flaw volatility is large, the association is much

stronger for group one. Given that high cash flaw volatility can make external financing costly,

the strong positive association between the two variables within group one suggests that cash

may be an important source of financing for group one. A strong positive association between

Market/Book ratio and Cash within group one but not group two suggests that market views

cash holdings more positively for firms in group one. These observations should be interpreted

with caution, however, because they are based on univariate analysis only; we present the

results of a multivariate analysis next.

The estimation results for the Two-Group model using Cash Leverage are reported in

columns 4 and 5 of Tables 5 and 6). Despite the added variability of the new measure,

the overall explanatory power of the model is virtually the same. Not surprisingly, Cash

Leverage is a lot less persistent for both group one and group two, with the corresponding

half lives of 1.09 and 0.61. Additionally, most coefficient estimates increase in size, but

retain the same sing. One notable exception is the estimate of the cross-sectional impact

of capital expenditures: while it is negative for Book Leverage, we find it to be positive for

Cash Leverage. This is consistent with firms using their internal cash resources to finance

expenditures before accessing the outside market. The sign on mean ROA also changes

to negative, although insignificant for group one, as can be expected due to the positive

correlation between Cash and ROA reported in Table 8. Collectively, these results suggest

that firms do not treat cash as negative debt, and thus the two variables should probably be

studied separately. Nevertheless, separation of firms into groups produced by the Two-Group

model based on Cash Leverage is very similar to that based on Book Leverage: as reported

in Table 7, approximately three quarters of the firms receive the same group classification in

both cases. A more detailed analysis shows that the classification is more robust for positive-

leverage firms, and very non-robust for zero-leverage firms: a vast majority of the zero-
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leverage firms in our sample are classified into group two based on Cash Leverage, while almost

all of them are classified into group one based on Book Leverage. Thus, different comparison

groups are necessary to understand both capital structure and cash holding policies of zero

leverage firms.

As we have shown in the previous section, separating firms into two groups nearly doubles

the explanatory power of our nine leverage factors. By comparison, it appears to be diffi-

cult to identify additional factors that would produce a substantial increase in the model’s

explanatory power. To illustrate we add to new factors suggested in the recent literature:

Amihud illiquidity measure (motivated by Chang and Yu (2010)) and Kurtosis of stock re-

turns (motivated by John et al. (2011)). Both of these variables require stock return data,

which we obtain from CRSP. As a result, our sample size is reduced to 11,109 firms with

147,608 firm-year observations. The remaining firms are larger, have higher Market/Book

ratios, and have a somewhat lower average leverage, as reported in Table 9. The results

reported in columns 6 and 7 of Tables 5 and 6) show that the overall explanatory power

increases little when the new variables are added: R2
adj is 54% with the new leverage factors,

as compared to 52% realized on this smaller subsample using the original factors only.

5 Conclusion

Given the low explanatory power of the existing capital structure factors, Lemmon, Roberts,

and Zender (2008) have stressed the importance of finding new factors with larger explanatory

power. Given the substantial heterogeneity inherent in the leverage data, this is a difficult

task because, generally, heterogeneity is difficult to capture with common factors in a linear

regression. In this study, we recognize that both group heterogeneity and individual het-

erogeneity contribute to the overall unexplained variation. We show that explaining group

heterogeneity can significantly improve our understanding of capital structure using just the

known factors because differences between groups in factor sensitivities can be captured well

using few known firm characteristics.
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We adopt a simple but unique statistical approach in this paper to group firms. Without

imposing existence of clustering on the data, we find that firms are sorting themselves into

two groups based on their leverage policies. The two group structure is robust, and the group-

ings are associated with firms’ responses to changes in firm characteristics that are commonly

argued to be important for leverage choice. For example, we find that the two groups differ in

their size, dividend policy, leverage persistence, and sensitivity to temporary changes in capi-

tal expenditures. It does not appear that pecking order theory can explain the sorting of firms

into two groups. The sorting, however, seems consistent with the theoretical model of Chang

and Yu (2010) where the sorting is driven by the tradeoff between bankruptcy costs and the

need to induce information gathering by equityholders. Consistently, firms in group one tend

to behave more conservatively, maintaining lower leverage levels, and responding relatively

weakly to temporary changes in profitability, market value, or availability of collateral.

Our paper contributes in three important ways. First, we make some progress in im-

proving our understanding of the capital structure by recognizing the group heterogeneity.

Second, we separate the task of understanding capital structure determinants from that of

identifying group heterogeneity. Factors that identify group association may be very different

from those that determine the capital structure within groups. Third, we offer a simple mod-

elling approach for addressing these issues. Our empirical results underline the importance

of understanding why firms separate themselves into different groups with respect to capital

structure decision. Although we have made some preliminary efforts, we hope our findings

will motivate a fuller analysis in the future research.
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tures,’ Journal of Financial Economics, 83, pp. 1-Ű32.
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Appendix A: Consistent Estimation of Time-Series and Cross-
Sectional Impacts

Suppose individual firm’s leverage at time t lt is generated according to the following process,

lt = α+ βxt + ρlt−1 + ϵt, (6)

where xt are leverage factors, and leverage is assumed to be persistent, with persistence

coefficient ρ. In the above equation, coefficient β measures the time series impact of factors on

leverage. Efficient estimation of β requires long time series which are typically not available.

In order to increase estimation efficiency, and to evaluate the aggregate impact of leverage

factors x, individual firms are pooled together. In this process, it is often implicitly assumed

that both the time-series factor changes x̃i,t and cross-sectional differences in factor values

x̄i have the same impact (β) on leverage. However, the heterogeneity across firms usually

suggests that the impacts will differ. Using our notation, this observation can be expressed

as follows:

αi = α+ γx̄i + ui, (7)

and substituting for αi, equation (6) can be rewritten as,

li,t = α+ (β + γ)x̄i + βx̃i,t + ρli,t−1 + (ui + ϵi,t) (8)

=
α

1− ρ
+

β + γ

1− ρ
x̄i + βx̃i,t + ρ

(
li,t−1 − α− β + γ

1− ρ
x̄i

)
+ ϵi,t. (9)

In this case, the true cross-sectional impact (β+γ
1−ρ ) is different from the time-series impact

(β) of x. Because a fixed effect specification can only estimate the time-series impact β

consistently, we use equation (9) to identify both time-series and cross-sectional impacts.

To see why the estimates obtained from equation (9) also differ from pooled regression

estimates, observe that pooled regression estimates can be expressed as,

E(β̂) = (β + γ)− γσ2
x̃

Tσ2
x̄ + σ2

x̃

= β +
γTσ2

x̄

Tσ2
x̄ + σ2

x̃

. (10)
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When the time dimension is moderate or cross-sectional variation (σ2
x̄) is much larger than

the time-series variation (σ2
x̃), the pooled regression estimate is close to the cross-sectional

impact of x (scaled by (1− ρ). When γ is close to zero, or majority of variation in x comes

from time-series, i.e., σ2
x̃ >> σ2

x̄, the pooled regression estimate is close to the time-series

impact of x. The difference between the fixed effect estimates (measuring time-series impact

of x) and the pooled estimates obtained for leverage data (see LRZ) suggests that the pooled

estimates mostly reflect the cross-sectional impact of x.

Appendix B: Variable Definitions

Below is the list of variable definitions used in our analysis. Most of the variable definitions

are taken from Lemmon, Roberts, and Zender (2008). All numbers in parentheses refer to

the annual Compustat item number.

Total Debt = short term debt (34) + long term debt (9).

Book Leverage = total debt / book assets (6).

Firm Size = log(book assets).

ROA = operating income before depreciation (13) / book assets.

CF Volatility = the standard deviation of historical operating income normalized by total

assets, requiring at least three years of data.

Market Equity = Stock Price (199) * Shares Outstanding (54).

Market/Book = (market equity + total debt + preferred stock liquidating value (10) - deferred

taxes and investment tax credits (35)) / book assets.

Collateral = Inventory (3) + net PPE (8) / book assets.

Expend = capital expenditures (128) / book assets.

Z-Score = 3.3 * Pre-Tax Income (170) + Sales (12) + 1.4 * Retained Earnings (36) + 1.2 *

(Current Assets (4) - Current Liabilities (5)) / book assets.

Tangibility = net PPE / book assets.

Dividends = binary variable that equals 1 if the firm payed dividends during the year.

Cash = Data1 in the annual Compustat; Data36 in the quarterly Compustat.
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Appendix C: Estimation Procedure

We first describe the estimation procedure for the simplified version of model (1) that does

not allow for two possible states. It is convenient to start by rewriting the model as follows:

l∗i,t = Xi,tβ + eibi + σεi,t,

where Xi,t = (xi,., x̃i,t, li,t−1wi,.), ei is a ti-dimensional vector of ones, ti is the number of

observations on firm i, bi ∼ N(0, D), and l∗i,t ≡ li,t when leverage measure includes cash

holdings.

The parameters of interest are β, D, and σ, where β ≡ {β0, β1, ρ0}. We enlarge the

parameter space to include {bi} and {l∗i,t}, and place the following prior density π(β,D, σ)

on the parameters of interest:

β ∼ Nk(b0, B0),

D ∼ IG (d0/2, ν0/2)

σ2 ∼ IG (r0/2, R0/2) ; (11)

where k is the number of columns in Xi,t, b0 is a k× 1 vector of zeros, B0 is a k-dimensional

diagonal matrix with 10 on the diagonal, r0 = k + 4, ν0 = R0 = 10, and d0 = 5. Given the

prior, the posterior distribution can be summarized as

π(β,D, σ, l∗i,t|li,t) ∝ π(β, σ)

n∏
i=1

Nti(li,t|Xiβ, Vi)
∏
t∈Ci

I(l∗i,t < 0)


where n is the number of firms, Vi = eiDe′i + σ2Iti , Iti is a ti-dimensional identity matrix,

N is the normal density function, I(·) is the indicator function and Ci is an empty set for

Model I(a), and is the index of censored observations on firm i for Model I(b).

Our MCMC algorithm consists of the following steps.
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1. Sample

β|li,t, σ2
1, {l∗i,t} ∼ N

(
β̂, B

)
where

β̂ = B(B−1
0 b0 +

n∑
i=1

ti∑
t=1

X ′
i,tV

−1
i l∗i,t)

B = (B−1
0 +

n∑
i=1

ti∑
t=1

X ′
i,tV

−1
i Xi,t)

−1

2. If estimating Model I(a), set l∗i,t ≡ li,t; if estimating model I(b), sample

{l∗i,t}|l∗i,−t, β,D, σ ∼ TN(−∞,0])(E[l∗i,t|l∗i,−t], var(l
∗
i,t|l∗i,−t)) if li,t = 0

3. Sample

{bi}|{l∗i,t}, β,D, σ ∼ N
(
b̂i, Di

)
where

b̂i = Die
′
i(l

∗
i −Xiβ)

Di = (D−1 + e′iσ
−2ei)

−1

4. Sample

D|{l∗i,t}, β, {bi}, σ ∼ IG
{
d0 + n

2
,
ν0 +

∑n
i=1 b

2
i

2

}
5. Sample

σ2|li,t, β, {l∗i,t}, {bi}, D ∼ IG
{
ρ0 +

∑
ti

2
,
R0 + δn

2

}
where

δn =

n∑
i=1

ti∑
t=1

(
l∗i,t −Xi,tβ − bi

)′ (
l∗i,t −Xi,t − biβ

)
6. Goto 1

Estimation of the full model 1 is largely similar. The parameters of interest in Models

I(c) and I(d) are β ≡ (β1, β2), where βj ≡ (β0,j , β1,j , ρ0,j), D = (D1, D2), σ ≡ (σ1, σ2), and p.

As before, we enlarge the parameter space to include bi and l∗i,t. Additionally, we include an
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indicator variable si,t which equals j if li,t ∼ N(Xi,tβj , σ
2
j ). We place the same prior densities

as before on the parameters β, D, and σ. Additionally, we place a uniform prior density on

the probability parameter: p ∼ U [0, 1]. Given the prior, the posterior distribution can be

summarized as

π(β,D, σ, p, l∗i,t|li,t)

∝ π(β, σ, p)

n∏
i=1

 ti∏
t=1

 ∑
j=1,2

(p2−j(1− p)j−1N(li,t|Xi,tβj , V
2
j )

 ∏
t∈Ci

I(l∗i,t < 0)


where, if si = j, Vi = eiDje

′
i + σ2

j Iti , and Ci is an empty set for Model I(d), while it is the

index of censored observations on firm i for Model I(c).

Our MCMC algorithm consists of the following steps.

1. Sample

βj |li,t, D, σ, {l∗i,t}, {si} ∼ N
(
β̂j , Bj

)
where

β̂j = B(B−1
0 b0 +

n∑
i=1

ti∑
t=1

X ′
i,tV

−1
i l∗i,t)

B = (B−1
0 +

n∑
i=1

ti∑
t=1

X ′
i,tV

−1
i Xi,t)

−1

2. If estimating Model I(d), set l∗i,t ≡ li,t; if estimating model I(c), sample

{l∗i,t}|l∗i,−t, β,D, σ ∼ TN(−∞,0])(E[l∗i,t|l∗i,−t], var(l
∗
i,t|l∗i,−t)) if li,t = 0

3. Sample p from the posterior likelihood π(β,D, σ, p, l∗i,t|li,t) using an MH step; see Chib

and Greenberg (1995) for a detailed description of the procedure.

4. Sample {si}|li,t, β, p, σ2, {l∗i,t} by setting si = j with probability

p2−j(1− p)j−1N(li,t|Xi,tβj , V
2
i )

pN(li,t|Xi,tβ1, V 2
i ) + (1− p)N(li,t|Xi,tβ2, V 2

i )
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5. Sample

{bi}|{l∗i,t}, β,D, {si}σ ∼ N
(
b̂i, Di

)
where, if si = j,

b̂i = Die
′
i(l

∗
i −Xiβj)

Di = (D−1
j + e′iei)

−1

6. Sample

Dj |{l∗i,t}, β, {bi}, {si}σ ∼ IG
{
d0 + nj

2
,
ν0 +

∑n
i=1 b

2
i I(si = j)

2

}
where nj =

∑n
i=1 tiI(si = j)

7. Sample

σ2
j |li,t, β, {l∗i,t}, {si} ∼ IG

{
ρ0 + nj

2
,
R0 + δnj

2

}
where

δnj =

n∑
i=1

ti∑
t=1

(
l∗i,t −Xi,tβ

)′ (
l∗i,t −Xi,tβ

)
I(si = j)

8. Goto 1
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Appendix D: Figures and Tables

Table 1: Descriptive Statistics.
This table reports the descriptive statistics for Book Leverage and our nine leverage factors. The data set is

yearly and covers firms from 1965 to 2008 reported in Compustat. Under “All Firms,” we include firms with

non-missing data for both leverage and determinants in a year. The “Survived firms” are in the subsample of

firms required to have at least 5 years of consecutive records. Variable definitions can be found in Appendix

C.

All Firms Firms with more than 5 obs
Variable Mean Std Dev Median Mean Std Dev Median

Book Leverage 0.253 0.213 0.226 0.254 0.211 0.228
Book&Cash Leverage 0.128 0.355 0.143 0.125 0.349 0.142
Firm Size 4.391 2.275 4.234 4.422 2.267 4.263
ROA 0.068 0.202 0.109 0.074 0.192 0.111
Market/Book 1.259 1.296 0.873 1.248 1.270 0.872
Collateral 0.466 0.261 0.506 0.470 0.258 0.511
Expend 0.066 0.069 0.045 0.065 0.068 0.045
Z-score 1.735 2.840 2.228 1.807 2.776 2.284
Tangible Assets 0.306 0.243 0.250 0.308 0.241 0.253
Dividends 0.480 0.500 0 0.489 0.500 0
CF Volatility 0.191 0.155 0.142 0.189 0.151 0.142

Observations 246881 234887
Firms 20983 17273
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Table 2: Main Results.
Columns 2 and 7 show the results of a Bayesian estimation of a pooled and a fixed effect regressions respectively

and serve as benchmarks. Columns 3 through 6 show the results of a Bayesian estimation of the Two-Group

model given by (1). The The response variable in all regressions is Book Leverage. Columns 2 and 7 use

raw explanatory variables, while columns 3 through 6 use variable means (columns 3 and 4) and demeaned

variables (columns 5 and 6). Variable definitions are in Appendix C. The data set contains 17273 firms with

234887 firm-year observations from 1965 to 2008. Standard deviation of the posterior marginal distribution

for each coefficient is in parentheses; star denotes significance at 95% level.

Pooled Two-Group Model FE
group 1 group 2 group 1 group 2

Constant 0.161∗ 0.128∗ 0.383∗

(0.004) (0.008) (0.008)
Lagged Leverage 0.696 0.841 0.659∗ 0.580∗

(0.002) (0.003) (0.005) (0.002)
Probability 0.492∗ 0.508∗

(0.015) (0.015)
Raw Factors Factor Means Demeaned Factors

Firm Size 0.016∗ 0.011∗ 0.003∗ 0.020∗ 0.039∗ 0.024∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
ROA -0.174∗ 0.047∗ 0.042∗ -0.191∗ -0.224∗ -0.152∗

(0.005) (0.022) (0.018) (0.010) (0.009) (0.004)
Market/Book -0.016∗ -0.018∗ -0.022∗ -0.014∗ -0.019∗ -0.012∗

(0.001) (0.002) (0.002) (0.001) (0.001) (0.001)
Collateral 0.319∗ 0.259∗ 0.060∗ 0.324∗ 0.432∗ 0.321∗

(0.007) (0.013) (0.013) (0.015) (0.015) (0.007)
Expend 0.176∗ -0.445∗ -0.361∗ 0.884∗ 0.070∗ 0.136∗

(0.012) (0.050) (0.048) (0.021) (0.020) (0.009)
Z-Score -0.015∗ -0.010∗ -0.013∗ -0.022∗ -0.017∗ -0.014∗

(0.000) (0.001) (0.001) (0.001) (0.001) (0.000)
Tangible Assets -0.008 0.067∗ 0.115∗ -0.102∗ 0.067∗ 0.047∗

(0.007) (0.016) (0.017) (0.018) (0.018) (0.008)
Dividends -0.020∗ -0.020∗ 0.015∗ -0.001 -0.015∗ -0.012∗

(0.002) (0.004) (0.005) (0.003) (0.004) (0.002)
CF Volatility -0.297∗ -0.250∗ -0.300∗

(0.009) (0.014) (0.013)

R2
adj 0.336 0.593 0.421 0.140

0.509

35



Table 3: Regression of Group Identity on Leverage Factors
The response variable is the estimated probability that firm i is in group 1, obtained by fitting the Two Group

model given by 1. The rest of the parameter estimates are in columns 3 through 6 in Table 2. The data

set contains 17273 firms. Standard deviation of the posterior marginal distribution for each coefficient is in

parentheses; star denotes significance at 95% level.

Prob(group 1)

Constant 0.280∗

(0.014)
Firm Size 0.029∗

(0.002)
ROA -0.218∗

(0.037)
Market/Book -0.021∗

(0.004)
Collateral -0.177∗

(0.026)
Expend -0.812∗

(0.097)
Z-Score 0.036∗

(0.002)
Tangible Assets 0.274∗

(0.032)
Dividends 0.260∗

(0.010)
CF Volatility 0.111∗

(0.028)

R2
adj 0.132
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Table 4: Group Summary Statistics.
The table reports mean levels and standard deviations (in parentheses) of the nine leverage factors for group

one (column 4) and group two (column 3). Columns 1 and 2 report the statistics on a subsamples of zero

leverage and positive leverage firms respectively identified as belonging to group one. A firm is judged to be

in group one if the estimated probability of belonging to group one is larger than 0.5. A firm is called ‘zero

leverage’ if its leverage is less than 1% in at least half of the available observations. The probability estimates

are obtained by fitting the Two Group model given by 1. The rest of the parameter estimates are in columns

3 through 6 in Table 2. Variable definitions are in Appendix C. The data set contains 17273 firms with 234887

firm-year observations from 1965 to 2008.

Group 1 Group 1 Group 2 Group 1
Zero Lev. Pos. Lev. All

Book Leverage 0.016 0.234 0.314 0.191
(0.021) (0.156) (0.172) (0.165)

Firm Size 3.532 4.946 3.661 4.663
(1.734) (2.219) (1.912) (2.204)

ROA -0.014 0.096 0.019 0.074
(0.215) (0.121) (0.183) (0.151)

Market/Book 1.889 0.983 1.422 1.164
(1.267) (0.734) (0.961) (0.939)

Collateral 0.258 0.487 0.428 0.441
(0.225) (0.258) (0.231) (0.268)

Expend 0.053 0.063 0.068 0.061
(0.052) (0.047) (0.055) (0.048)

Z-Score 0.652 2.149 0.968 1.850
(3.165) (1.917) (2.654) (2.302)

Tangible Assets 0.181 0.324 0.282 0.296
(0.200) (0.240) (0.218) (0.239)

Dividends 0.265 0.603 0.297 0.535
(0.366) (0.419) (0.340) (0.431)

CF Volatility 0.312 0.134 0.214 0.169
(0.187) (0.120) (0.164) (0.154)

Cash 0.063 0.158 0.052 0.139
(0.216) (0.437) (0.201) (0.405)
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Table 5: Robustness tests: Factor Means
The table reports estimates of persistence, average probablity of belonging to group one, and coefficients on

the mean factors, obtained by fitting the following three models. Columns 2 and 3 show the results of a fitting

the Two-Group model given by (1) with Book Leverage as the response variable on a subsample of positive

leverage firms. A firm is called ‘zero leverage’ if its leverage is less than 1% in at least half of the available

observations. A firm is called ‘positive leverage’ otherwise. The subsample contains 14968 firms with 209333

firm-year observations. Columns 4 and 5 show the results of a fitting the Two-Group model with Cash Leverage

as the response variable on the full sample of 17273 firms with 234887 firm-year observations. Columns 6 and

7 show the results of a fitting the Two-Group model with Book Leverage as the response variable and two

additional leverage factors, Illiquidity and Kurtosis. The subsample with no missing observations on these two

variables contains 11109 firms with 147608 firm-year observations. All variable definitions are in Appendix C.

Standard deviation of the posterior marginal distribution for each coefficient is in parentheses; star denotes

significance at 95% level.

Book Leverage>0 Cash Leverage Book Leverage
Group 1 Group 2 Group 1 Group 2 Group 1 Group 2

Constant 0.292 0.361∗ 0.242∗ 0.102∗ 0.022 0.156∗

(0.008) (0.008) (0.010) (0.010) (0.016) (0.023)
Lagged Leverage 0.790∗ 0.649∗ 0.528∗ 0.320∗ 0.845∗ 0.659∗

(0.002) (0.003) (0.031) (0.002) (0.003) (0.003)
Probability 0.488∗ 0.512∗ 0.478∗ 0.522∗ 0.495∗ 0.505∗

(0.006) (0.006) (0.004) (0.004) (0.006) (0.006)
Firm Size -0.001 0.003∗ 0.005 -0.017 0.016∗ 0.029∗

(0.001) (0.001) (0.001) (0.002) (0.002) (0.002)
ROA 0.247∗ 0.053∗ -0.190 -0.662∗ -0.085∗ 0.078∗

(0.033) (0.016) (0.048) (0.023) (0.021) (0.024)
Market/Book -0.004∗ -0.019∗ -0.033∗ -0.030∗ -0.009∗ -0.012∗

(0.003) (0.002) (0.005) (0.003) (0.002) (0.003)
Collateral 0.249∗ 0.057∗ 0.466∗ 0.592∗ 0.238∗ 0.046∗

(0.016) (0.014) (0.016) (0.021) (0.013) (0.015)
Expend -0.464∗ -0.353∗ 0.684∗ 0.383∗ -0.477∗ -0.217∗

(0.060) (0.049) (0.077) (0.074) (0.058) (0.062)
Z-Score -0.034∗ -0.010∗ -0.054∗ -0.011∗ -0.006∗ -0.025∗

(0.002) (0.001) (0.002) (0.002) (0.001) (0.002)
Tangible Assets 0.019∗ 0.130∗ -0.184∗ 0.008 0.121∗ 0.074∗

(0.019) (0.017) (0.020) (0.029) (0.016) (0.020)
Dividends -0.045∗ 0.019∗ -0.052∗ 0.125∗ -0.001 -0.009

(0.005) (0.006) (0.007) (0.009) (0.004) (0.006)
CF Volatility -0.367∗ -0.248∗ -0.968∗ -0.633∗ -0.147∗ -0.240∗

(0.022) (0.014) (0.031) (0.018) (0.014) (0.015)
Illiquidity (Amihud) 0.006∗ 0.026∗

(0.001) (0.002)
Kurtosis -0.002∗ -0.007∗

0.000 0.000

R2
adj 0.485 0.407 0.539 0.506 0.647 0.441

R2
adj 0.447 0.519 0.545
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Table 6: Robustness tests: Demeaned Factors
The table reports estimates of coefficients on the demeaned factors, obtained by fitting the following three

models. Columns 2 and 3 show the results of a fitting the Two-Group model given by (1) with Book Leverage

as the response variable on a subsample of positive leverage firms. A firm is called ‘zero leverage’ if its leverage

is less than 1% in at least half of the available observations. A firm is called ‘positive leverage’ otherwise.

The subsample contains 14968 firms with 209333 firm-year observations. Columns 4 and 5 show the results

of a fitting the Two-Group model with Cash Leverage as the response variable on the full sample of 17273

firms with 234887 firm-year observations. Columns 6 and 7 show the results of a fitting the Two-Group model

with Book Leverage as the response variable and two additional leverage factors, Illiquidity and Kurtosis.

The subsample with no missing observations on these two variables contains 11109 firms with 147608 firm-

year observations. All variable definitions are in Appendix C. Standard deviation of the posterior marginal

distribution for each coefficient is in parentheses; star denotes significance at 95% level.

Book Leverage>0 Cash Leverage Book Leverage
Group 1 Group 2 Group 1 Group 2 Group 1 Group 2

Firm Size 0.011∗ 0.040∗ 0.015∗ 0.050∗ 0.032∗ 0.091∗

(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)
ROA -0.308∗ -0.198∗ -1.226∗ -1.222∗ -0.190∗ -0.191∗

(0.016) (0.009) (0.012) (0.006) (0.013) (0.012)
Market/Book -0.006∗ -0.018∗ -0.004∗ -0.022∗ -0.003∗ -0.004∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Collateral 0.501∗ 0.407∗ 0.888∗ 1.105∗ 0.217∗ 0.357∗

(0.015) (0.016) (0.011) (0.013) (0.019) (0.018)
Expend 1.010∗ 0.034∗ 2.485∗ 1.373∗ 0.781∗ 0.207∗

(0.022) (0.023) (0.016) (0.019) (0.029) (0.025)
Z-Score -0.100∗ -0.015∗ -0.114∗ -0.012∗ -0.021∗ -0.034∗

(0.002) (0.001) (0.001) (0.001) (0.001) (0.001)
Tangible Assets -0.329∗ 0.084 -0.686∗ -0.223∗ -0.031 -0.022

(0.017) (0.019) (0.013) (0.017) (0.023) (0.021)
Dividends 0.011∗ -0.016∗ 0.003 -0.006 0.001 -0.026∗

(0.003) (0.003) (0.002) (0.003) (0.004) (0.004)
Illiquidity (Amihud) 0.011∗ 0.030∗

(0.001) (0.001)
Kurtosis -0.001∗ -0.003∗

(0.000) (0.000)
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Table 7: Robustness of Group Identity.
The tables is based on the estimates of the probabilities of belonging to group one for each firm obtained by

fitting the Two Group model given by 1 (a) with Book Leverage as a response on full sample of firms (BLM)

(b) with Book Leverage as a response on a subsample of positive leverage firms (Positive BLM) (c) with Cash

Leverage as a response on full sample of firms (CLM) (d) with Book Leverage as response on full sample of

firms with two additional factors, Illiquidity and Kurtosis. (BLM with Illiq. and Kurt). Column 1 reports the

correlation between the estimate obtained from BLM with the estimates obtained from the remaining models.

Columns 2 and 3 report the percentage of firms classified as belonging to group one and group two respectively

by both BLM and one of the other models. Rows 5 and 6 separate the set of estimated probabilities obtained

from CLM into those for zero and positive leverage firms, where zero leverage firms are defined as those with

Book Leverage of less than 0.01 in at least half of the observations. The estimation results for all of these

models are reported in Tables 2, 5, and 6.

Pr(group 1) group 1 overlap (%) group 2 overlap (%)

Positive BLM 0.899 0.949 0.931
CLM 0.535 0.730 0.756
CLM, Pos. Book Lev. firms 0.619 0.821 0.741
CLM, Zero Book Lev. firms 0.282 0.284 0
BLM with Illiq. and Kurt. 0.779 0.857 0.865

Table 8: Correlation between Cash and Leverage Factors.
Columns 2 and 3 report correlation between time-series mean levels of Cash and five lverage factors observed

for firms in group one and group two respectively. A firm is judged to be in group one if the estimated

probability of belonging to group one is larger than 0.5. The probability estimates are obtained by fitting the

Two Group model given by 1. The rest of the parameter estimates are in columns 3 through 6 in Table 2.

Group 1 Group 2

Firm Size -0.089 0.173
ROA 0.267 0.564
Market/Book 0.252 0.014
Dividends -0.142 0.031
CF Volatility 0.385 0.068
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Table 9: Descriptive Statistics for Subsamples with and without CRSP match.
This table reports the descriptive statistics for Book Leverage and nine leverage factors for the subset of firms

with no missing data on the new factors (‘With CRSP match’) as well as the remaining firms in the sample (‘No

CRSP match’). The data set is yearly and covers firms from 1965 to 2008 reported in Compustat. Under “All

Firms,” we include firms with non-missing data for both leverage and determinants in a year. The “Survived

firms” are in the subsample of firms required to have at least 5 years of consecutive records. The full sample

contains 17273 firms with 234887 firm-year observations. Variable definition can be found in Appendix C.

No CRSP match With CRSP match
Variable Mean Std Dev Median Mean Std Dev Median

Book Leverage 0.283 0.229 0.255 0.239 0.198 0.216
Cash Leverage 0.181 0.366 0.187 0.093 0.331 0.119
Firm Size 3.298 2.182 3.044 5.052 2.075 4.888
ROA 0.064 0.211 0.106 0.085 0.173 0.115
Market/Book 0.924 1.129 0.638 1.402 1.288 0.988
Collateral 0.495 0.261 0.546 0.462 0.254 0.497
Expend 0.069 0.076 0.045 0.063 0.062 0.046
Z-score 1.578 3.323 2.204 1.989 2.391 2.366
Tangible Assets 0.323 0.251 0.270 0.302 0.234 0.248
Dividends 0.450 0.498 0.000 0.520 0.500 1.000
CF Volatility 0.184 0.151 0.136 0.190 0.148 0.144

Observations 79064 147608
Firms 10016 11109
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Figure 1: Scatter Plot of Book Leverage vs. Collateral.
The plot shows time-series mean values of Book Leverage and Collateral for our sample of 17273 firms observed

over years 1965-2008. The number of observations per firm varies, with the minimum of 5 and the maximum

of 44.
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Figure 2: Scatter Plot of Book Leverage vs. Firm Size.
The plot shows time-series mean values of Book Leverage and Collateral for our sample of 17273 firms observed

over years 1965-2008. The number of observations per firm varies, with the minimum of 5 and the maximum

of 44.
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Figure 3: Scatter Plot of Book Leverage vs. Firm Size.
The plot shows time-series mean values of Book Leverage and Collateral for our sample of 17273 firms observed

over years 1965-2008. The number of observations per firm varies, with the minimum of 5 and the maximum

of 44.
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Figure 4: Absolute Change in Book Leverage in 10 Years.
For each firm i, we calculate the absolute change in book leverage as |li,t − li,t−10| for each t. The final sample

contains 87018 observations on the absolute change in book leverage.

0 0.2 0.4 0.6 0.8 1
0

1000

2000

3000

4000

5000

6000

7000

8000

(Book Leverage)t – (Book Leverage)t−10

45



Figure 5: Posterior Probability of Belonging to Group One.
The histogram shows the estimated probabilities that the firm belongs to group one for 17273 firms in our

sample. The probability is obtained by fitting the Two Group model given by 1. The rest of the parameter

estimates are in columns 3 through 6 in Table 2.
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Figure 6: Group Separation in Leverage.
The histograms show the time-series mean levels of Book Leverage. The top histogram is based on the total

sample of 17273 firms, while the bottom two histograms on Group one firms (left) and Group two firms (right).

A firm is judged to be in group one if the estimated probability of belonging to group one is larger than 0.5.

The probability estimates are obtained by fitting the Two Group model given by 1. The rest of the parameter

estimates are in columns 3 through 6 in Table 2.
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