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Keeping it Within Bounds: Regression Analysis of Proportions in International Business  

 

Abstract 

International business researchers commonly estimate proportions, percentages, rates, or fractions—

so-called “proportional dependent variables.” In this paper, we posit that two regression strategies are 

particularly pertinent to the international business field: Tobit and fractional regression. Reviewing 

recent international business research, we find that, while fractional regression is rarely used, analyses 

from Tobit regression are often incomplete or erroneously interpreted with consequences for the 

validity of the reported results. Accordingly, we clarify how researchers should choose between Tobit 

and fractional regression and interpret their results. We present insights based on simple simulations 

and data examples with associated Stata code and a decision tree for choosing between types of 

models for use with proportional dependent variables. 

 

Keywords: Econometrics < Research Methods, Tobit, Fractional Regression, Proportional dependent 

variable, Multiple Regression Analysis < Research Methods 
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INTRODUCTION 

In international business (IB) research, scholars are often interested in outcomes in the form of 

proportions, percentages, rates, or fractions—so-called “proportional dependent variables” (PDVs). 

For example, researchers have investigated exports as a proportion of total sales (Laursen, Masciarelli, 

& Prencipe, 2012), foreign assets as a proportion of total assets (Estrin, Meyer, Nielsen, & Nielsen, 

2016), the percentage of foreign directors on a board (Oxelheim, Gregorič, Randøy, & Thomsen, 

2013), and the percentage of equity owned (Liou, Chao, & Yang, 2016). Such operationalizations of 

the dependent variable are popular in IB as they lay the foundation for meaningful, accessible 

interpretations that are comparable across international firms and contexts.  

Accordingly, it is crucial that proper methodological choices are made when analyzing data in 

order to obtain valid results. To investigate how IB scholars analyze PDVs, we reviewed 10 years of 

research from nine top journals that publish IB research, and identified two important takeaways. First, 

PDVs appear to be very prevalent. In our review, we identified 91 papers in which the dependent 

variable was fractional, which, in JIBS alone, amounts to 7% of all research papers using a 

quantitative methodology. Second, we discovered that the statistical practices currently used to handle 

PDVs are often faulty, leaving the reader to question the validity of the reported results. Commonly, 

researchers rely on analyses that do not take the fractional nature of the dependent variable into 

account, such as ordinary least squares (OLS) regression. When researchers do use potentially 

appropriate techniques, such as the Tobit model, they often fail in properly implementing their 

statistical models and/or in interpreting outcomes correctly. This is a significant problem, as use of 

faulty techniques to model proportional outcomes can lead researchers to draw erroneous conclusions 

both in terms of the magnitude of an association and regarding levels of statistical significance 

(Villadsen & Wulff, 2019). To generate trustworthy research and a strong basis for cumulative science 

it is important that researchers are aware of the implications of failing to follow best practices when 

dealing with a proportional outcome (Aguinis, Cascio, & Ramani, 2017).  

In this paper, our objective is to spotlight proportional outcomes in IB and how they should be 

estimated. In our review of published research, we found that the Tobit model is a popular statistical 

tool with which to handle PDVs. This is somewhat surprising as econometricians generally 
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recommend the use of fractional regression (hereafter, “FR”) for PDVs (Wooldridge, 2010). However, 

the Tobit model offers some attractive features that will often make it relevant for IB research, even if 

our review illustrates that very few researchers appear to be aware of these opportunities. 

Unfortunately, a comprehensive understanding of the Tobit for use with PDVs is hard to acquire when 

consulting the literature, partly due to the statistical myth that it is not an appropriate strategy because 

PDVs are not censored (e.g., Baum, 2008; Ramalho & da Silva, 2013; Wagner, 2001). This myth 

builds on the misunderstanding that the Tobit model is only useful for analyzing censored outcomes—

a misapprehension fueled by its inapt nickname as the “censored regression model.” However, 

censoring is just one data problem in respect of which application of the Tobit is useful. As 

demonstrated in Tobin’s (1958) original paper, the Tobit is a valid regression strategy for investigating 

so-called “corner solution responses”—responses that are non-negative with a roughly continuous 

distribution over the positive values, but that also take on values at the corners (Wooldridge, 2010). 

While it is true that PDVs are not censored, they are a type of corner solution response, as we are 

likely to see many different values between 0 and 1, but possibly also pileups at the 0 and/or 1 corner.  

Importantly, the Tobit model is just one of several useful modeling strategies for PDVs; the most 

prominent one probably being the fractional logit model (Papke & Wooldridge, 1996). In this paper, 

we present the different options available to researchers. Specifically, the Tobit distinguishes itself 

from FR models through two features that render it superior in settings that are highly relevant to the 

IB field. First, it allows scholars to obtain answers to many potentially interesting questions beyond 

those available through, for example, the fractional logit, which only focuses on the proportion 

(Wooldridge, 2010). For instance, in investigations into how social capital affects foreign relative to 

total sales (e.g., Laursen et al., 2012), the Tobit can provide answers to questions such as “How does 

social capital affect the probability that firms will export at all?” or “If firms export, how does social 

capital affect how much they export?” Second, IB scholars often work with data settings wherein 

institutional constraints impose corners at other values than 0 and 1 for fractional outcomes. For 

instance, a study of joint ventures formed in China between 1979 and 1996 would require a model that 

could take into account the fact that equity ownership was restricted to range between 25% and 99.9% 
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(Cuypers & Martin, 2010). Unlike FR models, the Tobit can be specified to fit such special constraints 

imposed by the institutional environment.  

In our review of IB research in top journals, we found that few papers seemed to adequately take 

the proportional nature of their dependent variable into consideration. While many studies use the 

Tobit, we identified much confusion about its practical use and interpretation when applied to PDVs. 

Indeed, application of the Tobit to PDVs requires a different use of the estimates and the way of 

thinking about the assumptions than when the model is applied to censored outcomes (Wooldridge, 

2010). Yet, our review uncovered some major issues in the way the Tobit is applied to model PDVs. 

First, researchers often do not provide the correct justification for using the Tobit. This creates 

confusion about how to understand the model, which then leads to erroneous or incomplete 

interpretations of results. Indeed, IB scholars almost exclusively give the Tobit model a censored 

interpretation and thus risk incomplete or possibly incorrect inferences that influence theory 

development and managerial recommendations. Second, researchers rarely investigate the Tobit 

model’s assumptions, which creates uncertainty about the estimates reported in such studies. Finally, 

very few researchers exploit the distinguishing features of the Tobit in their studies, and, consequently, 

they miss potentially interesting insights that could have been gained from further analysis. 

Our paper contributes new knowledge about current research practices, as PDVs constitute an 

important and substantial part of the outcomes of interest to IB research. We provide a roadmap of 

how to estimate PDVs with a special focus on the Tobit model, which is not discussed in the existing 

methodological literature in management and business. We develop a practical decision tree that can 

help scholars choose which model to use, and especially when the Tobit will be the best solution. To 

our knowledge, no prior studies have examined the use of the Tobit model for PDVs in management, 

strategy, or IB research, and compared it to other solutions. PDVs are common in IB research, and we 

contribute with a thorough examination of the associated methodological challenges and show how 

different solutions, all easily implemented using modern statistical software, are available to 

researchers. The objective is to inform future research practice, and also to help researchers critically 

assess existing research and ascertain whether some fields might benefit from a revisit with an 

improved statistical toolbox.  
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THE USE OF PDVS IN IB 

We began by searching all articles published in a 10-year period from 2007 to 2016 in the three 

leading IB journals: Journal of International Business Studies, Journal of World Business, and Global 

Strategy Journal (first issue in 2011). Because several top strategy and management journals publish 

IB research as well, we also reviewed articles in the following journals: Academy of Management 

Journal, Journal of Management, Management Science, Organization Science, Research Policy, and 

Strategic Management Journal.1 We identified 91 papers testing IB-related hypotheses using 

estimation of 100 PDVs as a part of their analysis (see Table 1)—91 papers in a 10-year period is a 

clear indication that PDVs are a frequent way of operationalizing IB theories.  

<Table 1 goes about here> 

Two PDVs made up almost half of the PDVs in our reviewed papers: export intensity (hereafter, 

“EI”), measured as foreign sales as a proportion of total sales (23 papers), and equity ownership 

(“EO”), measured as the proportion of EO in a foreign subsidiary (17 papers). Both are discussed in 

the following section. The remaining papers included a range of different PDVs. Indeed, we believe 

one of the attractions of modeling proportions and percentages is that they make diverse research 

topics easy to understand and communicate. This is illustrated by the variety of other topics, including 

innovation indicated by revenue share due to new-to-market products (Piening, Salge, & Schäfer, 

2016), presence in developing countries indicated by proportion of affiliates from such settings 

(Cuervo-Cazurra & Genc, 2008), and state ownership as percentage of total owners (Boubakri, 

Guedhami, Kwok, & Saffar, 2016). 

 

Prevailing PDVs: EI and EO 

To illustrate the prevalence of PDVs in IB research, we here provide a brief review of two of the most 

common examples and use them to illustrate some of the complexities and challenges of conducting 

proper statistical estimations.  

EI. As one of the three main internationalization strategies, exporting is naturally of interest to IB 

scholars (Fernández & Nieto, 2006). In fact, it is often used as a proxy for the degree of foreign market 
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involvement or internationalization, since exporting is the most commonly chosen internationalization 

strategy (Laursen et al., 2012). As with many other IB phenomena, a firm’s degree of 

internationalization is useful to model as a PDV to make it comparable across firms. For instance, 

$1,000,000 in foreign sales might signify minor internationalization for some firms but considerable 

foreign market involvement for others. By dividing foreign by total sales, IB scholars can more easily 

compare exporting behavior across firms. The resulting EI variable is bounded between 0 and 1 and 

thus has a very intuitive interpretation that fits IB phenomena such as the degree of 

internationalization (e.g., Mariotti & Marzano, 2019). 

In deciding whether to export, many firms will find that the price on the foreign market does not 

cover their average total costs (Wagner, 2001). Consequently, a random sample of firms will not only 

contain firms that export but also a fair share of non-exporters. This creates a natural tendency of EI 

measures to have a large pileup at 0, followed by a fairly uniform or possibly even normal distribution 

for the exporters. Consulting the means and standard deviations of EI in the studies in our review, we 

found that EI variables often have a fairly low mean (around 0.18), but a relatively high standard 

deviation (around 0.19). Such descriptive statistics indicate a certain distributional shape, as illustrated 

by Figure 1A, which contains an example of EI from Laursen et al. (2012). This EI variable has a 

mean and standard deviation of 0.30 with pileups at 0 (25%) and 1 (0.67%). The non-exporters in the 

sample are what generate a distinct skewed distribution, which is characteristic for samples of EI. 

<Figure 1 goes about here> 

EO. Firms may pursue foreign direct investment as an internationalization strategy. These firms 

will need to decide what level of ownership they prefer in the foreign subsidiary, an IB phenomenon 

that naturally motivates the application of PDVs, which has both interpretative and theoretical 

justification. Contrary to amount of equity alone, the amount of equity relative to total equity is tightly 

coupled to theories often applied in IB. For instance, according to real options theory, a low EO may 

indicate that a firm pursues a flexible strategy whereby it can increase its commitment by taking a 

larger equity share in the case of growth opportunities while containing the downside risks in case of 

abandonment (Chi, Li, Trigeorgis, & Tsekrekos, 2019). This makes EO tightly connected to the 
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commitment–flexibility trade-off that a firm inevitably faces when deciding on the degree of 

ownership (Liou et al., 2016).  

Common distributions of EO occur as firms consider their desired level of ownership based their 

goals, strategies, and constraints (Pan, 2002), since EO is an important part of foreign venture control 

(Wang & Li, 2019). Indeed, the 50-50 boundary defines whether the foreign investor will have a 

majority, minority, or equal share in the foreign operation (Li & Li, 2010). As shown in the example in 

Figure 1B, this creates naturally occurring spikes around 50% and at 100%, where the latter gives the 

foreign investor full control over the operation. In the articles we reviewed, mean EI was often high 

(median = 0.74), indicating that a substantial pileup at 1 is a frequent occurrence in IB research. Yet, 

in some cases, there could be a substantial pileup at a lower bound; for instance, regulative constraints 

may impose a natural lower corner at values other than 0 (Cuypers & Martin, 2010).  

 

Regression Approaches 

PDVs have several distinct properties. Like dichotomous outcomes, they are bounded between 0 and 1 

(absent of any specific contextual constraints, as we discuss later). Yet, within this span, like 

continuous outcomes, they can take on every value. Taking these properties into account has led 

researchers down different paths when it comes to statistical choices. Table 1 presents an overview of 

regression approaches used by IB scholars when dealing with PDVs: 52 articles (57%) featured linear 

regression, 28 articles (31%) relied on the Tobit model, and just four papers (4%) applied an FR model 

in their analysis. Our review suggests that this preference for linear and Tobit regression was not 

driven by older studies: 31% of the PDV studies from 2012–2016 included a Tobit analysis, while 

60% used linear regression. Interestingly, the Tobit seems more popular in JIBS than in the other 

journals: 19 (58%) out of the 33 identified papers in JIBS featured it, making it the dominant approach 

for estimating PDVs.  

We identify two important takeaways in this review. First, PDVs are studied using a wide variety 

of approaches. It is apparent that no best-practice consensus has emerged. Second, the Tobit model is 

widely used in IB research for this type of outcome. As we discuss below, while the implementation of 
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the Tobit typically is not tailored for the PDV, this approach for dealing with PDVs has a lot of 

potential for IB research, which is not currently discussed in the methodological literature. 

 

INTRODUCTION TO REGRESSION MODELS FOR PDVS 

A range of methods are appropriate for estimating PDVs, yet our review illustrated that suitable 

methods are often not being used. As a basis for further discussing current practice and for developing 

a decision tree of how to estimate PDVs, we will here first discuss the various methods and their 

applicability for PDVs.  

 

The Tobit Model 

Despite widespread misunderstandings about its use, the Tobit model known as the “Tobit type I” can 

be appropriate for modeling dependent variables that are “corner solution response variables.” Corner 

solution responses are non-negative with a roughly continuous distribution over the positive values, 

but also take on values at the corners. PDVs are a type of corner solution response, as we are likely to 

see many different values between 0 and 1, but possibly also pileups at the 0 and/or 1 corner. Because 

PDVs are defined only in the interval [0,1], a version of the Tobit with limits both at (usually) 0 and 1 

should be used. This model is also known as the “two-limit Tobit,” and, for it to be applicable, the 

PDV should have pileups at the natural limits of the outcome (Wooldridge, 2010). These natural limits 

may be 0 and 1, but, as noted earlier, institutional constraints may impose corners at other values. 

The two-limit Tobit model is often written in the form of a latent variable model:  

𝑦𝑦∗ = 𝑋𝑋β + ε  (1) 

where y* is an unobserved latent variable, X is the vector of explanatory variables, β is the vector of 

regression coefficients, and ε is an independently distributed error term with 0 mean and constant 

variance, σ2. For cases with corners at 0 and 1, we can relate the latent to the observed variable 

through the corners; that is, 𝑦𝑦 = 0 if 𝑦𝑦∗ ≤ 0, 𝑦𝑦 = 𝑦𝑦∗ if 0 < 𝑦𝑦∗ < 1, and 𝑦𝑦 = 1 if 𝑦𝑦∗ ≥ 1. For instance, 

the observed variable equals 0 until the latent variable passes the corner at 0. 

It is important to emphasize that, regarding PDVs, our interest lies only in the observed variable—

that is, the PDV itself. Interest in the latent variable model would imply that the PDV is censored, 
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which would suggest that we were only observing some part of the entire range of the dependent 

variable. However, in the context of PDVs, it is wrong to refer to the dependent variable as censored. 

There are no values that are censored at 0 or 1 because no values of the numerator exist that are lower 

than 0 or larger than the denominator.2 The limits arise because of decisions by individuals or firms 

(Maddala, 1991). For instance, some firms have no foreign sales because they choose not to offer their 

product internationally (Wagner, 2001); thinking that these zeroes should represent a censoring point 

would imply a loss of information (Cameron & Trivedi, 2010), whereby some firms make negative 

foreign sales that are simply not observed, which is clearly nonsense. Explicitly, the Tobit is only 

relevant for modeling PDVs when focus is on the observed variable and there are pileups (i.e., values) 

at the corners.  

 

The Tobit versus Alternative Estimators 

Researchers have pointed to FR as desirable for modeling PDVs, along with more specialized 

approaches such as aggregated binomial regression (ABR) and two-part models. Before introducing 

these approaches, we start by discussing the limitations of linear regression and log-odds regression 

for PDVs, as these both frequently occur in IB. Table 2 summarizes the discussion. 

<Table 2 goes about here> 

Linear regression. As noted, linear regression is the most popular approach for modeling PDVs in 

IB. However, there are at least two major issues with using it in this way. First, because of the corners, 

the relationship between 𝑋𝑋 and 𝑦𝑦 cannot be linear. Fitting a linear function to a PDV risks the model 

predicting values of the PDV that are larger than 1 or negative (Ramalho & da Silva, 2013). As 

discussed above, this is nonsensical for PDVs. Second, the marginal effect of some variable 𝑥𝑥𝑘𝑘 on the 

mean response 𝐸𝐸(𝑦𝑦|𝑋𝑋) cannot be constant across the range of 𝑥𝑥𝑘𝑘, as assumed by a linear model. This 

means that a single linear estimate of the marginal effect cannot entirely reflect the true marginal 

effect of 𝑥𝑥𝑘𝑘 (Cook, Kieschnick, & McCullough, 2008).  

A two-limit Tobit regression model avoids the above drawbacks by fitting a complex relationship 

for the expectation of 𝐸𝐸(𝑦𝑦|𝑋𝑋) similar to the “s” shape of the logit function:  
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𝐸𝐸(𝑦𝑦|𝑋𝑋) = �Φ �1−𝑋𝑋β
𝜎𝜎
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𝜎𝜎
�� 𝑋𝑋β − σ �ϕ �1−𝑋𝑋β

σ
� − ϕ�−𝑋𝑋β

σ
�� + �1 −Φ�1−𝑋𝑋β

σ
��  (2) 

where Φ(∙) and ϕ(∙) are the standard normal distribution and density functions, respectively, and σ is 

the standard deviation of the error term (Hoff, 2007). The complex expression in Eq. (2) reveals a 

shape that ensures that the Tobit regression predictions of the observed variable fall within the 

specified corners. We can observe that its inherent nonlinearity produces nonconstant marginal effects, 

by taking the partial derivative of 𝐸𝐸(𝑦𝑦|𝑋𝑋) with respect to some continuous explanatory variable 𝑥𝑥𝑘𝑘, 

which simplifies to:  

∂𝐸𝐸�𝑦𝑦�𝑋𝑋�
∂𝑥𝑥𝑘𝑘

= �Φ �1−𝑋𝑋β
σ
� − Φ�−𝑋𝑋β

σ
�� β𝑘𝑘  (3) 

This expression offers some useful insights. First, the term in the squared bracket is the estimated 

probability of observing a response between 0 and 1 given 𝑋𝑋. It acts an adjustment factor that lies 

between 0 and 1. Thus, the computed marginal effects may be much smaller than the marginal effect 

on the latent variable mean, β𝑘𝑘. If researchers mistakenly interpret the model coefficients as the 

marginal effects on the PDV, they might severely overestimate the strength of their relationship. 

Second, this expression implies a nonconstant effect of 𝑥𝑥𝑘𝑘 as changing the values of 𝑋𝑋 changes the 

marginal effect. 

To illustrate these key insights, we performed a short simulation (see the online Appendix) and 

plotted intervals that contained 90% of the predictions across the range of a continuous predictor 𝑥𝑥 

(see Figures 2A, 2B, and 2C). To demonstrate that similar behavior of the models can be observed 

using real data, we also estimated models using employment data from the U.S. Bureau of Labor 

Statistics’ “National Longitudinal Survey of Young Women” (see the online Appendix for Stata code 

and data access) and plotted the results (Figure 2D).  

<Figure 2 goes about here> 

Figures 2B, 2C, and 2D show the shape of the Tobit function on the observed data (i.e., treating 

the PDV as fully observed). The predictions are firmly within the bounds illustrating a nonconstant 

effect of the predictor on the PDV. The simulated data in Figures 2B and 2C demonstrate that the 

Tobit function follows the true relationship despite some underestimation for low values of 𝑥𝑥. In 

contrast, Figure 2A shows that a substantial portion of the predictions from linear regression lies 
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outside the limits of the PDV. It is clear that a straight line quite poorly reflects the true relationship 

between 𝑥𝑥 and 𝑦𝑦. While we do not know the true relationship in the real data set, we can still observe 

that a linear model produces a substantial amount of out-of-bounds predictions (Figure 2D).  

Applying a censored interpretation to the Tobit when used on PDVs, a frequently observed praxis 

in published papers, may be much more harmful than fitting a linear model. In Figures 2A and 2D, it 

can be seen how the latent Tobit actually has a stronger tendency toward nonsensical predictions. This 

illustrates that a correct understanding of a PDV as a corner solution response is not just of conceptual 

importance, but has profound implications for interpretation: if we impose a censored interpretation on 

the Tobit, we may magnify the very problem that we were originally trying to solve. In other words, 

an incorrect interpretation of the Tobit may actually result in a larger out-of-bounds problem than if 

we had used an ordinary linear model. 

Log-odds regression. In an attempt to address the issue of out-of-bounds predictions, some IB 

scholars use a logit transform of the PDV followed by a linear regression, also known as “log-odds 

regression”: 

𝐸𝐸 �log � 𝑦𝑦
1−𝑦𝑦

� �𝑋𝑋� = 𝑋𝑋β (4) 

Log-odds regression trades the out-of-bounds issue for two other issues. First, Eq. (4) is not defined if 

the PDV contains 0 or 1. While ad hoc replacement of boundary values, such as substituting 1 for 

0.999, makes the transformation practically possible, it becomes undesirable if the boundary values 

represent a large percentage of the data. For instance, in the real data example in Figure 2D, 26.25% of 

the observations need to be replaced to accommodate log-odd regression. Arbitrarily changing more 

than a quarter of the observations of the PDV hardly seems preferable when the Tobit or FR can easily 

handle boundary observations (Baum, 2008). 

Second, log-odds regression generates predictions on the log-odds scale. Since we are usually 

interested in drawing inferences on the original proportion scale, we need to back-transform the model 

predictions from the log-odds to the proportion scale. Unfortunately, such back-transformation induces 

bias (Papke & Wooldridge, 1996). As illustrated in Figures 2C and 2D, log-odds regression struggles 

with overestimation. In the simulated data case (Figure 2C), log-odds regression leads to 
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overestimation of the true effect even though the true function is a logit. The same pattern is evident 

from the real data case (Figure 2D), where log-odds regression produces an overly optimistic estimate.  

Fractional regression. Because linear and log-odds regression are clearly problematic for PDVs, 

Papke and Wooldridge (1996) developed FR. By imposing a nonlinear function, 𝐺𝐺(∙), on the 

conditional mean, FR ensures predictions inside the unit interval:  

𝐸𝐸(𝑦𝑦|𝑋𝑋) = 𝐺𝐺(𝑋𝑋β)  (5) 

The model is known as “fractional logit” regression if we use the logit function for 𝐺𝐺(∙), and 

“fractional probit” (hereafter, “FP”) regression if we use the probit. Like Tobit regression, FR also 

guarantees nonconstant marginal effects. However, one important difference between the two models 

concerns their assumptions about the distribution of 𝑦𝑦 given 𝑋𝑋—that is, 𝐷𝐷(𝑦𝑦|𝑋𝑋). While the two-limit 

Tobit model assumes a normally distributed error that fully characterizes 𝐷𝐷(𝑦𝑦|𝑋𝑋), the FR model 

makes no assumptions about 𝐷𝐷(𝑦𝑦|𝑋𝑋), but only about 𝐸𝐸(𝑦𝑦|𝑋𝑋). This is beneficial as it can be shown that 

the estimated coefficients in a FR model are consistent regardless of the true distribution of the 

conditional mean (Papke & Wooldridge, 1996).  

This difference represents a double-edged sword. On the one hand, it makes FR less restrictive 

than Tobit regression. This is clearly beneficial in cases where the conditional distribution deviates 

substantially from normality. In such cases, the Tobit estimator is inconsistent, while the quasi-

likelihood estimator of FR remains consistent. Figure 2B illustrates that, while the Tobit deviates from 

the true function when the normality assumption is violated, the FP predictions track the true 

predictions almost perfectly. In some practical applications, however, the difference between the two 

may be small. For instance, in Figure 2D, we can see that the FP and the Tobit produce almost 

identical predictions. Thus, the difference between fractional and regression is of no practical 

importance when predicting percentage of weeks employed in our data example. Little to no practical 

difference has also been demonstrated in other practical examples, such as predicting efficiency scores 

(Hoff, 2007) and financial leverage ratios (Ramalho & da Silva, 2013).  

On the other hand, FR does not allow us to measure the effect on other features of 𝐷𝐷(𝑦𝑦|𝑋𝑋) because 

it is constructed to only tell us about 𝐸𝐸(𝑦𝑦|𝑋𝑋) (Wooldridge, 2010). For instance, we cannot measure 

how 𝑋𝑋 affects the probability of 𝑦𝑦 = 0. As we discuss further below, this and other features are 
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already built into the Tobit model, which means that we can extract them after estimation (McDonald 

& Moffitt, 1980). Finally, FR offers no flexibility in choosing specific corners other than 0 and 1. The 

Tobit lends itself to painless adaptation to any corner created by institutional constraints.  

Aggregated binomial regression. If the denominator (e.g., total sales) is known, FR can be thought 

of as modeling the numerator (e.g., export sales) using ABR. ABR obeys the constraints of the 

outcome—that is, the numerator can never be negative, it cannot exceed the denominator, and its 

predictions and marginal effects are the same as those of FR (Wooldridge, 2010). However, one 

difference is that ABR may be more efficient as it uses information about group size. In one industry, 

for instance, five out of ten firms may be classified as innovative, whereas it is 50 out of 100 in 

another. Even though the proportion of innovative firms is 0.5 in both industries, there is more 

information in the latter due to the larger sample size (Barbosa & Faria, 2011).  

For illustration, we computed the average marginal effect of wage in our employment data 

example. While ABR with a probit link and FP both estimate a marginal effect of 0.23, their delta 

standard errors are 0.001 and 0.007, respectively. This illustrates how ABR may be more efficient. If 

IB scholars have access to data on the denominator and intend to use the standard errors for, for 

example, computation of p-values, they should consider an ABR approach. 

It is important not to confuse ABR with modeling the absolute values of the numerator while using 

the denominator as a control variable,3 as this is only able to generate improperly bounded predictions 

and marginal effects on the absolute scale. However, an ABR approach is able to compute both while 

imposing the proper bounds on the PDV.  

It is difficult to properly constrain the outcome when modeling the absolute values of the 

numerator while controlling for the denominator. For instance, if we use Poisson regression, we 

correctly constrain predictions to be non-negative, but do not ensure that the numerator never exceeds 

the denominator. In our employment data example, for instance, this approach predicts that some 

women work more than 107 weeks a year—more than twice as high as the upper bound. Furthermore, 

because the denominator total weeks in a year is constant, it is automatically omitted due to zero 

variable variance.4 Thus, modeling the absolute values of the outcome is not only conceptually but 

also empirically flawed, and in every way inferior to ABR.  
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Two-part regression. In all the models above, the mechanisms determining the participation 

decision (y = 0 or y = 1 vs. 1 > y > 0) and the amount decision (the magnitude of y when y is between 0 

and 1) are assumed to be the same (Wooldridge, 2010). While the Tobit allows the researcher to 

investigate the effects of a regressor on the participation and amount decisions separately, it does not 

allow the effects to have substantially different magnitudes or directions. This may be relevant if the 

phenomenon under investigation is best described as a two-part process, as is the case with the 

globalization of state-owned enterprises when the firm first decides whether to globalize and then 

decides on the degree of globalization (Liang, Ren, & Sun, 2015).  

If we assume that the two decisions are independent, we can extend Tobit and FR to two-part 

regression models. The Tobit two-part version is called a “log-normal hurdle” (LH) model when the 

amount decision is log-transformed and a “truncated normal hurdle” (TNH) model in the 

untransformed case (Cragg, 1971), while “two-part fractional regression” (TP-FR) is the two-part 

equivalent to FR (Ramalho & da Silva, 2009). If we believe that the two decisions are dependent, we 

need to adjust the two-part models for this dependency. For instance, we might suspect that certain 

unmeasured characteristics determine which enterprises self-select into globalization (Liang et al., 

2015). If common unobserved factors affect both decisions, we can extend the LH into the exponential 

type II Tobit (hereafter, “ET2T”) for the Tobit (Wooldridge, 2010) and the TP-FR into the generalized 

TP-FR (“GTP-FR”) (Wulff, 2019).   

 

BEST VERSUS CURRENT PRACTICE IN IB  

Based on the above analysis of various approaches to modeling PDVs, we recommend that IB scholars 

use some variant of either Tobit or FR. Curiously, though, FR was only used in four papers in our 

review, while the Tobit featured in as many as 29% of the papers. While this could lead one to believe 

that IB scholars often need to adjust for special boundary values or are interested in multiple features 

of the PDV, our review found just the opposite: IB scholars seldom adjust their models to allow for 

corners imposed on special values and are only rarely interested in anything but the conditional mean.  
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Infrequent Use of FR Models 

We were surprised to identify only four papers using FR models. For instance, Nell, Ambos, and 

Schlegelmilch (2011) modeled the percentage of shared relationships to the local network between the 

headquarters and the respective subsidiary using fractional logit regression. Even though the 

denominator was known in all four studies, only Bowen and De Clercq (2008) took group size into 

account using a grouped data logit model, which is equivalent to ABR. Barbosa and Faria (2011: 

1163) acknowledged that FR “does not take directly into account the information on group size” but 

used a Poisson regression model while controlling for the denominator—an approach that risks 

improperly bounded predictions and is inferior to fractional logit and ABR. 

We did not find that the infrequent use of FR was due to scholars focusing on multiple features of 

the outcome or needing to adjust for imposed corners. Instead, we discovered a multitude of 

misconceptions about the Tobit shared among studies. Table 3 displays an overview of current 

practice, highlighting which is recommended and which is not.  

<Table 3 goes about here> 

Above, we explained that a very useful trait of FR is that it is less restrictive than the Tobit and 

thus can work as an excellent robustness check. Yet, only in two cases (Ganotakis & Love, 2012; 

Laursen et al., 2012) did the authors explicitly state that they had considered or performed FR as a 

robustness check. In general, our review suggests that authors may not be aware of the assumptions of 

the Tobit. Only in a few papers (Arikan & Shenkar, 2013; Hottenrott & Lopes-Bento, 2014; Wiersema 

& Bowen, 2008) did the authors acknowledge the importance of the Tobit’s assumptions and provide 

documentation of tests of either homoscedasticity or normality of the errors. Thus, IB scholars are 

generally unaware of the potential harmful effects from a breakdown of the assumptions. Confusingly, 

four papers used robust standard errors, suggesting that heteroscedasticity was a concern. However, 

computing robust standard errors does not make the Tobit estimator consistent if we face violation of 

either assumption. Indeed, if robust estimates of the variance–covariance estimator are necessary, it is 

likely that the Tobit estimator is inconsistent (Cameron & Trivedi, 2010).  
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Misunderstanding of the Tobit 

Only a few papers relied on the two main arguments discussed above for using the Tobit on PDVs. For 

instance, its framework meant that Wiersema and Bowen (2008: 129) were “able to estimate models 

that incorporated both a firm’s decision of whether to expand internationally and, if such expansion 

had already taken place, the degree and scope of its international diversification.” However, most 

authors were clearly not aware of this benefit. For example, Bailey, Kumar, and Ng (2008) and Gao, 

Murray, Kotabe, and Lu (2010) both split their samples into a participation and an amount sample and 

analyzed each separately, whereas they could have avoided a loss of efficiency by estimating their 

Tobit model by using the entire data set and then examining the conditional distribution.  

As explained above, the Tobit is excellent for situations where corners are imposed at values other 

than 0 and/or 1. In our review, Cuypers and Martin (2010) offered a prime example of the Tobit’s 

ability to handle corners other than 0 and 1. As previously noted, the authors specified corners at 25 

and 99.9 to adapt their model specification to the institutional constraints imposed by their data 

setting. However, we could not identify any other examples in which the authors exploited this useful 

feature of the Tobit.  

Of the identified Tobit papers, 54% used a censoring argument when justifying the use of the 

Tobit, stating that their PDV was “subject to left-censoring” (Estrin et al., 2016: 300), was “a censored 

variable” (Agnihotri & Bhattacharya, 2015: 691), or variants hereof. This indicates a widespread 

confusion about the application of the Tobit on PDVs in IB. The misunderstanding about censoring 

seems to have even spread to other papers that do not themselves mention censoring, but instead refer 

to studies that do. For instance, in their argument for using the Tobit, Malhotra and Gaur (2014) 

referred to two prior studies—one of which described the PDV as censored. This suggests that some 

papers are indirectly justifying their model use by using a censoring argument.  

Only five papers provided documentation for pileups at the natural bounds of the PDV. For 

instance, Piening and colleagues (2016) reported revenue shares from new-to-market products ranging 

from the natural bounds of 0 to 100. In 64% of the papers in our review, it was clear that authors had 

either used a one-limit Tobit or applied a two-limit Tobit with improper bounds. In other cases (e.g., 

Hottenrott & Lopes-Bento, 2014), the authors explicitly stated that a one-limit Tobit with a corner at 0 
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was fitted, or it could be deduced from the reported minimum and maximum that an inappropriate or 

no lower bound had been used (e.g., Liang et al., 2015). Thus, misspecification of Tobit for PDVs 

appears to be a prevailing problem in IB. It is uncertain how problematic this praxis is, though, as 

most papers provided limited information about the distribution of their PDVs. 

 

Misinterpretation of Results from the Tobit 

Because of the Tobit’s inherent nonlinearity, it is necessary to compute and often beneficial to 

graphically display properly computed predictions and marginal effects (Wulff, 2015). However, 64% 

of the papers we reviewed relied solely on coefficient interpretations focusing exclusively on the 

direction and significance of the Tobit coefficients. For nonlinear models such as the Tobit, this 

becomes especially problematic when authors test hypotheses involving moderating effects (Wiersema 

& Bowen, 2009). For instance, Cui and Jiang (2012) focused solely on the direction and significance 

of their estimated Tobit coefficients, even though their models incorporated interactions. Others, such 

as Oxelheim et al. (2013), argued that the Tobit solved the problem of out-of-bounds predictions but 

still relied solely on analyzing the Tobit coefficients instead of computing and analyzing the 

appropriate marginal effects. While this approach is easy, it robs the reader of important information 

about the magnitude of the effect. The analysis becomes incomplete and inferences about complicated 

relationships are reduced to simple yes/no statements.  

Eight papers investigating hypotheses involving interactions supplemented their analyses with 

graphical illustrations. Unfortunately, all of these papers computed their predictions or marginal 

effects with respect to the latent variable. For instance, Estrin et al. (2016) plotted relationships that 

are clearly linear even though they cannot represent the true relationship between the predictor and the 

outcome due to the bounded nature of a PDV. Six of the papers provided plots of the predicted values 

of the latent variable, thereby wrongly implying that the PDV was censored. In Petrou and Thanos 

(2014) and Pan, Teng, Supapol, Lu, Huang, and Wang (2014), it was even clear from the graphs that 

the fitted values fell outside the bounds (i.e., larger than 100% or less than 0%) for some values of the 

predictor.  
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In sum, our review of existing research suggests that, while the Tobit has some very desirable 

features for IB research, it is currently only rarely implemented to take advantage of these.  

 

Neglect of Two-Part Regression Models 

We found that IB scholars rarely explicitly consider two-part models. We identified three prior studies 

(Ganotakis & Love, 2012; Laursen et al., 2012; Liang et al., 2015) that acknowledged the possibility 

of a two-part process: while Liang et al. (2015) differentiate between state-owned enterprises’ 

globalization decisions and the degree of globalization, Ganotakis and Love (2012) and Laursen et al. 

(2012) discuss the possibility that exporting may be described by a two-part process. The papers only 

considered Tobit two-part models. While all three considered the ET2T, Ganotakis and Love (2012) 

also compared their Tobit estimates to those of the TNH. In two of these papers, the authors argued 

that a two-part model constituted the best description of the relationships in their data.  

 

HOW TO CHOOSE BETWEEN MODELS FOR PDVS 

Textbooks and methodological articles have traditionally pointed to FR as best practice for 

proportional outcomes. We believe this recommendation to be too narrow, and, especially for common 

IB research topics, researchers should be aware of other solutions. Based on the analysis of the various 

approaches above, we can make concrete recommendations for how scholars should choose between 

the various models for PDVs. We illustrate our recommendations in the decision tree in Figure 3. 

Below, we discuss the various scenarios depicted in our decision tree using examples and real data 

from IB research that has generously been provided us by the authors. 

<Figure 3 goes about here> 

 

When Corners are Imposed at Other Values than 0 and/or 1 

The first question researchers should ask is whether the PDV is bounded at 0 and 1 or if there are other 

natural boundaries. In scenarios where institutional constraints may impose corners at values other 

than 0 and/or 1, we should use the Tobit. Consider, for instance, Article 4 of the Chinese Joint 

Ventures Law.  Although it was phased out in 1996, it stated that, in China, a foreign partner must 
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hold at least 25% of the registered capital for equity investment to be classified in a category called 

“foreign invested companies” (Chang, Chung, & Moon, 2013). This makes EO shares under 25% 

impossible, leading to natural corners at 25% and 100% for EO data on Chinese joint ventures in this 

category. A Tobit model with specified corners at 25% and 100% ensures that the model predictions 

are within the natural bounds of such PDVs.  

 

When the Interest Lies in Features besides the Conditional Mean 

Often, researchers are only interested in estimating the effect on the mean of the outcome of interest. 

Alternatively, researchers might have broader interests; for instance, an initial question about whether 

firms engage in an activity, before thinking about the amount of activity. IB scholars should consider 

the Tobit when they are not just interested in the conditional mean but also in other aspects.  

Take the study of Laursen et al. (2012), for example, which examined the effects of potential 

social capital on foreign market involvement. Specifically, the authors assessed whether high levels of 

social capital kept firms in their home region, thereby reducing their foreign market involvement. It 

would also have been interesting to investigate the same relationship for the decision to get involved in 

the foreign market at all. That is, while the original study examined social capital’s effect on 𝐸𝐸(𝑦𝑦|𝑋𝑋), 

it could also have considered 𝑃𝑃(𝑦𝑦 > 0|𝑋𝑋) based on the same estimated Tobit model.  

Using the data from the original study,5 we can extract the results regarding the participation 

decision and ascertain that social capital is related to foreign market participation through an inverted 

“U” shape (see Figure 4A). While firms with low social capital have around 50% probability of 

exporting, firms with social capital around the mean (social capital of 1.9) have around 80% 

probability, after which the probability starts declining again. At the lowest level, the average marginal 

effect is 0.32, while it is 0.02 around the mean. Thus, not only does the effect of social capital wear off 

at higher levels with respect to how much firms export, the same relationship is apparent with respect 

to the probability of exporting at all.  

<Figure 4 goes about here> 

The Tobit also allows us to focus solely on the amount decision (i.e., how much firms export). 

This is equivalent to estimating the conditional mean conditioned on the non-zero observations. 
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To see how this affects our analysis, in Figure 4B, we plotted the predictions conditioned on the 

exporters and compared these to the total (observed) predictions. For the lowest level of social capital, 

we predict a level of EI (around 0.26) that is substantially higher than the predictions for all the firms 

(around 0.15). The average marginal effect is higher for the total sample (0.14) than for the exporters 

alone (0.11). This illustrates that a significant part of the effect of social capital takes the form of a 

threshold that firms need to cross before starting to export.  

 

When the Assumptions of the Tobit Fail 

We might encounter a situation in which we need to estimate a Tobit model (e.g., because corners are 

imposed on other values than 0 and 1), but its distributional assumptions fail. If the errors are 

heteroscedastic or nonnormal, the Tobit estimator is inconsistent (Newey, 1987). Thus, departures 

from homoscedasticity or normality are much more serious than in the case of linear regression by 

OLS wherein only the standard errors are affected. To check whether violation of the assumptions 

poses a problem, we can compare the Tobit to the heteroscedastic Tobit (hereafter, “HT”). The HT 

allows alternative corners and enables analysis of multiple features of the PDV, but, in contrast to the 

Tobit, it is robust to departures from homoscedastic errors (Messner, Mayr, & Zeileis, 2016). If the 

Tobit estimates are substantially different from those of the HT, the constant variance assumption is 

likely to have been violated—with “substantially” meaning the differences are large in percentage 

terms or that they impact our inferences (Wilhelm, 2008). Under such circumstances, we rely on the 

HT in lieu of the Tobit.  

For illustrative purposes, we estimated the HT on the data from Laursen et al. (2012). The results 

are presented in Table 4. The HT and Tobit estimates are very similar in both direction and size, which 

suggests that we need not worry about the inconsistency caused by deviations from homoscedasticity. 

To compare how well the two models fit the data, we can rely on adjusted R2 computed as the square 

of the correlation between actual and predicted values of the PDV6 (Papke & Wooldridge, 1996). Both 

models explain 28% of the variation in EI when adjusted for model complexity. This suggests that we 

can safely rely on the results from the Tobit, which is a simpler representation of the relationships in 

our data. Note that, as intuitive R2 measures are available, there is little reason to use pseudo R2 
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measures, which are routinely reported by statistical software packages but often lead to confusion and 

misinterpretation (Hoetker, 2007). 

<Table 4 goes about here> 

 

When the Interest Only Lies in the Conditional Mean 

When we are only interested in the conditional mean, our best options are FR or ABR if the 

denominator is known. In contrast to the Tobit, FR and ABR are robust to distributional 

misspecification and are thus the preferred techniques when the extra assumptions of the Tobit are not 

necessary.  

In general, FR and ABR can work as an excellent robustness check of the Tobit. While the above 

comparison to the HT checks for heteroscedasticity, it does not evaluate the normality assumption. To 

check for departures from both distributional assumptions, we can compare the Tobit to FR. Table 4 

(column 3) presents the results from the FP regression. Since the coefficients are on a different scale, 

we plotted the predicted proportions (in Figure 5D) and compared them to those of the FP. The 

predictions are nearly identical (see Figure 5D), strongly suggesting that potential violation of the 

assumptions is of no practical importance. This is further backed by comparing the model R2, 

suggesting that Tobit and FP regression fit the data equally well. Thus, if we are only interested in the 

conditional mean, we favor the FP over the Tobit as FP regression uses fewer assumptions and is 

therefore a simpler representation of our data.  

<Figure 5 goes about here> 

 

When Two-Part Models are Needed 

If theory dictates substantial and/or directional effect differences, we should consider two-part models. 

If two different theoretical positions hold opposing views on whether a two-step process best describes 

a phenomenon, we can test a two-part model against a one-part model. Again, we can use the example 

from Laursen et al. (2012) for illustration. Some variables, such as experience or social capital, may 

help firms become exporters, but, once over the hurdle, matter little for the EI (Ganotakis & Love, 

2012). However, Wagner (2001) argued that it is hard to identify such variables because firms’ 
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exporting behavior cannot be characterized as a two-step process. Instead, a firm’s exporting intensity 

follows maximization logic in which some simply maximize their profits by only serving their 

domestic market, which is what leads to the pileup at 0. Thus, we may be able to argue both for and 

against a two-step process with regard to EI.  

Since the EI variable in Laursen et al. (2012) contains a substantial number of 0s, we can 

empirically investigate if we find support for the two-step logic described above. Following our 

decision tree, we first decided whether a two-part Tobit or TP-FR model was needed. We continued 

our example by focusing on the Tobit, but Stata code for fitting both Tobit and fractional two-part 

models is available in the online Appendix.  

Table 3 (columns 4 and 5) contains the results from the TNH with a lower bound at 0 and the LH, 

respectively, when estimated on the data from Laursen et al. (2012). Recall that the first stage refers to 

the export versus non-export decision and the second stage refers to the amount of export decision. 

The TNH and LH estimates have the same signs in the first and second stage, giving an early hint that 

a two-part process might not be relevant. Note that a drawback of the LH is that it lacks an upper 

bound, and thus here predicts more than 100% export sales for 4.10% of the sample observations. 

Analogously to log-odds regression, this demonstrates why it makes sense to model the quantity of 

interest directly and not some transformation of it. In terms of adjusted R2, the TNH and LH both 

perform worse than the regular Tobit. This is further evidence that a two-part process is an overly 

complicated description of EI.  

Graphically comparing the model predictions in Figures 5A to 5C further suggests that the 

complexity added by the two-part models cannot be justified by the increase in fit to the data. The 

Tobit predictions are nearly identical to those of the TNH. This corroborates the insights from 

comparing the model coefficients and fit statistics: there is no need for the complexity of a two-part 

model if a simple one-part Tobit produces similar predictions. While we can observe differences 

between the LH and Tobit predictions, we are much more inclined to trust the Tobit predictions based 

on the model fit statistics. Thus, consistent with Wagner (2001), our analysis suggests no support for a 

two-stage process. 
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Our decision tree advises us to consider whether the errors of the participation and amount 

decisions are correlated. This occurs if firms systematically self-select into offering their products 

abroad, creating a selection bias in the types of firms that choose to export. To adjust for this self-

selection bias, we can employ the ET2T or the GTP-FR. For the two-part models with dependency to 

be appropriate, we need an exclusion restriction—a variable that only affects the zero-corner decision 

and not the amount decision directly. Unfortunately, good exclusion restrictions are notoriously hard 

to find, and, without them, the model estimates should not be trusted (Wooldridge, 2010). For 

instance, in the case of Laursen et al. (2012), we do not have a valid exclusion restriction. Despite the 

lack of an exclusion restriction, we are able still able to estimate an ET2T (Table 3, column 6); 

however, these estimates should not be trusted.  

 

CONCLUSION 

PDVs encompass many outcomes of great interest to IB research. However, there are critical issues in 

the way that researchers currently justify, interpret, and evaluate their models, risking the publication 

of inconsistent estimates and erroneous or incomplete analyses. Fortunately, such issues can largely be 

avoided if our suggested guidelines are followed. We believe this will not only increase the 

trustworthiness of published research and lay stronger foundations for cumulative science, but also 

open new avenues for theory building. Accordingly, we hope that our paper may assist future scholars 

and reviewers in modeling proportions and percentages in IB research. 
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Table 1 

Papers with an IB focus that estimate a PDV 

Source journal Total no.  
of papers 

No. of papers using 

linear Tobit fractional log-odds other 

Journal of International Business Studies 33 11 19 1 0 2 

Journal of World Business 33 22 5 2 2 2 

Global Strategy Journal 7 7 0 0 0 0 

Strategic Management Journal 3 2 1 0 0 0 

Academy of Management Journal 1 0 1 0 0 0 

Management Science 3 2 1 0 0 0 

Research Policy 6 4 1 1 0 0 

Organization Science 3 3 0 0 0 0 

Journal of Management 2 1 0 0 1 0 

Total 91 52 28 4 3 4 
Notes: IB = international business, PDV = proportional dependent variable.  
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Table 2 

Comparison of Tobit and FR to other common regression strategies 

Alternative Compared to the Tobit Compared to FR/ABR 

Linear Tobit advantages  
• fits a plausible nonlinear functional form 

FR advantages  
• fits a plausible nonlinear functional form 

• secures sensible predictions within the 
natural bounds of the PDV 

• secures sensible predictions within the 
natural bounds of the PDV 

Tobit disadvantages 
• is more complicated to interpret because 

the marginal effects are nonconstant 

FR disadvantages 
• is more complicated to interpret because 

the marginal effects are nonconstant 

• assumes normal errors with a constant 
variance, which are more strict than for 
linear regression 

 

Log-odds Tobit advantages  
• handles boundary values without any 

arbitrary transformations 
• is generally less biased 

FR advantages  
• handles boundary values without any 

arbitrary transformations 
• is generally less biased 

Tobit disadvantages 
• only applies if there is a pileup at the 

corners 

 

Fractional Tobit advantages  
• makes it possible to measure the effect of 

a regressor on other features of 
conditional distribution of the PDV than 
just the conditional mean (e.g., the Tobit 
allows us to investigate how the 
regressors relate to the probability y = 0) 

 

• allows for corners at values other than 0 
or 1 (e.g., institutional constraints in 
China may demand a minimum EO of 
25%) 

 

Tobit disadvantages 
• makes stricter assumptions about the 

conditional distribution of the PDV 

 

• only applies if there is a pileup at the 
corners 

 

Two-part Tobit advantages  
• is simpler to estimate and interpret 

FR advantages  
• is simpler to estimate and interpret 

• if the effects on the two decisions are 
similar, the Tobit is more efficient 

• if the effects on the two decisions are 
similar, FR is more efficient 

Tobit disadvantages 
• if the effects on the two decisions are 

substantially different, the Tobit 
estimates are biased 

FR disadvantages 
• if the effects on the two decisions are 

substantially different, the FR estimates 
are biased 

Notes: ABR = aggregated binomial regression, FR = fractional regression, PDV = proportional dependent 
variable.  
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Table 3 

Suitable versus unsuitable practices when applying the Tobit to PDVs 

Recommended Not recommended 

Justifying the Tobit 

The interest lay in multiple features 
of the conditional distribution 

7% Used a censoring argument for 
justification 

54% 

The Tobit was used because corners 
were imposed at values other than 0 
or 1 

4% Did not appropriately account for 
institutional constraints imposed 
on values other than 0 or 1 

18% 

Characterized the PDV as a corner 
solution response 

7% Specified a one-limit Tobit or 
misspecified one or both limits of 
the two-limit Tobit 

64% 

Documented pileups at both the 
natural bounds 

18% Used no justification 11% 

Interpreting the Tobit 

Provided correctly computed 
marginal effects on the observed 
mean 

14% Relied mainly on the direction and 
significance of beta coefficients 

54% 

Provided graphical interpretations 29% Provided predictions or marginal 
effects on the latent variable mean 

50% 

  Misinterpreted coefficients as the 
marginal effect on the observed 
mean 

21% 

Evaluating the Tobit 

Reported tests of normality and/or 
homoscedasticity 

11% Used pseudo R2 measures (e.g., 
McFadden) 

50% 

Used an intuitive version of R2 with 
regard to the observed mean 

0%   

Considered alternative, less 
restrictive models  

14%   

Notes: Source = review of 28 IB-focused papers using Tobit models to analyze PDVs published in Journal of 
International Business Studies, Journal of World Business, Strategic Management Journal, Academy of 
Management Journal, Management Science, and Research Policy in the period 2007–2016. Percentages indicate 
the percentage of the 28 Tobit papers that used the specified practice.  
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Table 4 

Model results  

 (1) (2) (3) (4) (5) (6) 

 Tobit HT FP TNH LH ET2T 

    2nd 1st 2nd 1st 2nd 1st 

Social 
capital 

0.35 
(0.07) 

0.29 
(0.07) 

0.88 
(0.17) 

0.40 
(0.11) 

0.95 
(0.36) 

0.66 
(0.26) 

0.95 
(0.36) 

0.22 
(0.29) 

0.81 
(0.32) 

Social 
capital2 

−0.09 
(0.02) 

−0.07 
(0.02) 

−0.23 
(0.05) 

−0.11 
(0.03) 

−0.21 
(0.10) 

−0.18 
(0.07) 

−0.21 
(0.10) 

−0.09 
(0.08) 

−0.19 
(0.09) 

R&D 
intensity 

0.97 
(0.52) 

0.86 
(0.39) 

2.27 
(1.01) 

0.65 
(0.75) 

6.57 
(3.45) 

1.53 
(1.81) 

6.57 
(3.45) 

−1.05 
(2.05) 

3.99 
(2.66) 

R&D 
intensity × 
social 
capital 

−1.09 
(0.66) 

−0.94 
(0.54) 

−3.00 
(1.44) 

−1.45 
(0.93) 

−2.53 
(4.05) 

−2.42 
(2.32) 

−2.53 
(4.05) 

−0.75 
(2.62) 

−1.74 
(3.24) 

R&D 
intensity × 
social 
capital2 

0.39 
(0.20) 

0.34 
(0.18) 

1.11 
(0.47) 

0.59 
(0.28) 

0.38 
(1.22) 

1.04 
(0.72) 

0.38 
(1.22) 

0.64 
(0.81) 

0.29 
(1.02) 

Out-of-
bounds (%) 

     4.10 0.45 

R2 .29 .29 .29 .29 .24 .25 

Adjusted R2 .28 .28 .28 .27 .22 .23 
Notes: Based on Laursen et al. (2012); control variables were included as supplied in the code by Laursen et al. 
(2012) (except for log transformation of the variables firm size and investment in information and 
communication technology), but are here omitted for simplicity. Standard errors in parentheses. HT = 
heteroscedastic Tobit, FP = fractional probit, TNH = truncated normal hurdle, LH = log-normal hurdle, ET2T = 
exponential type II Tobit. 
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Figure 1 

Example distribution of EI and EO 

 

 

Note: EI distribution generated using data from Laursen et al. (2012); EO distribution generated using data from 
Orbis on subsidiaries in Brazil, India, and Russia established between 2006 and 2014. 
 



 

34 

Figure 2 

Comparison between Tobit, latent Tobit, linear, fractional, and log-odds regression 
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Figure 3 

Decision tree for PDV model selection 

 
Notes: Fractional models: FR = fractional regression, ABR = aggregated binomial regression, TP-FR = two-part 
fractional regression, GTP-FR = generalized two-part fractional regression. Tobit models: HT = heteroscedastic 
Tobit, TNH = truncated normal hurdle, LH = log-normal hurdle, ET2T = exponential type II Tobit. 
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Figure 4 

Decomposing the predictions from the Tobit  
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Figure 5 

Two-part model comparison  

 

Notes: TNH = truncated normal hurdle, LH = log-normal hurdle, ET2T = exponential type II Tobit, FP = 
fractional probit. 
 

 



 

38 

ENDNOTES 

 
1 We are indebted to two anonymous reviewers for suggesting that we expand the literature review to 

highly ranked journals that publish IB research.  

2 In business research, it may be argued that there are some exceptions to this. For instance, 

calculating return on assets as sales relative to assets, sales may be larger than assets. However, such 

variables fall outside the definition of PDVs as they are not bounded between 0 and 1. 

3 We thank an anonymous reviewer for suggesting we consider the advantages and disadvantages of 

this approach. 

4 For instance, in the practical example used in Figure 2D, the denominator is 52 because there are 52 

weeks in a year. As this denominator is the same for all women in the sample, it is not possible to 

include this variable in the regression equation. 

5 We are indebted to Keld Laursen and Francesca Masciarelli, who graciously provided us with data 

and code from their study (Laursen et al., 2012). In total, we contacted authors from 32 papers 

featuring fractional outcomes. Besides the study used for the examples in our paper, we received data 

from another Tobit paper, two papers that used OLS, negative responses from three, and no response 

from the remaining 25.   

6 Note that, for the Tobit, we use the predicted values of the observed mean (Wooldridge, 2010), as 

predicting on the latent scale would make no sense because a PDV is not censored but fully observed. 
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