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Abstract

Total Factor Productivity (TFP) accounts for a sizeable proportion of the in-

come and growth differences across countries. Two challenges remain to researchers

aiming to explain these differences: on the one hand, TFP growth is hard to mea-

sure; on the other hand, model uncertainty hampers consensus on its key deter-

minants. This paper combines a non-parametric measure of TFP growth with

model averaging techniques to address both issues. The empirical findings suggest

that the most robust TFP growth determinants are unobserved heterogeneity, ini-

tial GDP, consumption share, and trade openness. We also investigate the main

determinants of the TFP components: efficiency change (i.e. catching up) and

technological progress (i.e. innovation).

JEL Codes: O47, C11, C14, C23.

Keywords: Productivity, Bayesian Model Averaging, Nonparametric methods.

1 Introduction

The view that total factor productivity growth (TFP) plays a pivotal role in explaining

overall growth could be traced back to the work of Abramovitz (1956), who was the first

to attempt in determining the sources of productivity growth. The author found that the

main sources of U.S. productivity growth were still unidentified. This led Abramovitz

(1956, p.11) to argue that:

“Since we know little about the cause of productivity increase, the indicated

importance of this element may be taken to be some sort of measure of our

ignorance about the causes of economic growth.”
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Email: enrique.moral@gmail.com. Phone: (+34)913385687. Fax: (+34)913385486. We would like to

thank Atsu Amegashie, Cristian Bartolucci and Joan Llull for helpful comments and suggestions.

1



Virtually, around the same period Solow (1957) developed the first analytical frame-

work for explaining the existence of an exogenous residual. Solow (1957) went on to show

that cross-country differences in technology may generate important cross-country differ-

ences in income per capita. This pivotal role of TFP in explaining growth was stressed by

subsequent studies (see Romer 1986; 1990 and Lucas 1988, among others). Most empiri-

cal studies addressing the issue (see Krugman, 1994; Klenow and Rodriguez-Clare, 1997;

Hall and Jones, 1999; Easterly and Levine, 2001) appear to support this prediction. On

the other hand, studies in the growth regressions literature implicitly consider all deter-

minants of output growth as inputs. However, as pointed out by Miller and Upadhyay

(2000) many of these determinants may affect output only through their effect on the

efficiency use of the real inputs, human and physical capital. Therefore, these potential

determinants of output growth have a direct effect on total factor productivity. Thus,

understanding and modeling the sources of total factor productivity growth is important

at least in a policy context.

Over the last decade, several studies have attempted to identify what factors affect

TFP and/or its growth. However, the vast majority of the existing literature on the

“determinants” of TFP faces three main problems. Firstly, most existing studies use the

growth accounting method (following Solow, 1957) which is based on the estimation of

Cobb-Douglas production functions. This method, also known as the residual approach

derives the value of the residual after the contribution of the inputs of production are

determined. The main issue with this approach is that it assumes that all the units of

production are efficient and no distinction is made between technical progress and changes

in technical efficiency. In other words, no separate adjustment for technical improvement

(change in efficiency) embodied in labor or capital stock is considered.

Secondly, while there is general consensus that total factor productivity explains out-

put growth, limited research has be done on its determinants. Indeed, most existing

cross-country studies have generally focused on how specific variables affect productiv-

ity. For example, some studies have looked at how human capital affect total factor

productivity growth (see Benhabib and Spiegel, 1994, 2005; Vandenbussche et al., 2006).

Miller and Upadhyay (2000) explored the effects of openness, trade orientation, and hu-

man capital on total factor productivity for a pooled sample of developed and developing

countries. Kneller and Stevens (2006) studied the differences in human capital and Re-

search and Development in OECD countries to explain cross-country differences in total

factor productivity growth. In short, no attempt has been made to search for the main

determinants of total factor productivity growth and its components, by exploring the

effects of a rich set of potential explanatory variables from a pure empirical perspective

in the spirit of Barro regressions (Barro, 1991).

Thirdly, from an empirical perspective (like with the growth literature) the existing

literature faces the problem of model specification uncertainty which arises because of
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the lacking of theoretical guidance caused by the ’openendedness’ of TFP growth theory

as no specific model could rule out all others (Brock and Durlauf, 2001).

These three concerns are well summarized in Easterly and Levine (2001, p.179) who

argued that “in searching for the secrets of long-run economic growth, a high priority

should be placed on rigorously defining the term “TFP”, empirically dissecting TFP, and

on identifying the policies and institutions most conducive to TFP growth.”

In this paper we try to address these three issues. In an attempt to do so, we combine

insights from Data Envelopment Analysis — henceforth DEA — and Bayesian Model

Averaging techniques. First, we depart from the growth accounting method and adopt a

frontier technique, using the DEA approach proposed by Färe et al. (1994). This method

considers the possible existence of inefficient behavior and rather estimates a production

frontier that represents the maximum technically attainable level of production. More

importantly, it allows the decomposition of TFP through the channels of technological

progress (innovation) and changes in technical efficiency (technological adoption). From

a policy perspective it is equally important to understand the factors that drive TFP

growth as well as understanding the factors that explain its individual components. Next,

we improve on the existing literature by exploring a wider set of explanatory variables

that are likely to affect the dependent variables in a panel of developing and developed

countries. Finally, on the methodological front we attempt to account for the model

uncertainty issue by adopting a model averaging approach to study the determinants

TFP growth and its components. More specifically we employ a variant of Bayesian

Model Averaging advanced by Raftery (1995) and popularized by Sala-i-martin et al.

(2004) in the so-called Bayesian Averaging of Classical Estimates (BACE) approach. In

order to apply the method to our panel of countries, we consider the panel data version

of the approach discussed in Moral-Benito (2011).

Once these issues are accounted for, the empirical findings indicate that country-

specific effects correlated with other regressors play a fundamental role in explaining TFP

growth. This result confirms the relevance of time-invariant unobserved heterogeneity

taken as given in previous studies (e.g. Miller and Upadhyay, 2000). On the other

hand, we also conclude that the main determinants of overall TFP growth are private

consumption and a measure of trade openness. Turning to the determinants of the

components of TFP growth, the empirical evidence suggests that the main determinants

of the efficiency component differ substantially for those of the technological progress

component.1 Moreover, in all cases we find evidence of conditional convergence, i.e.,

poorer countries tend to have higher rates of growth of overall TFP and its components.

The remainder of the paper is organized as follows. Section 2 provides an in-depth

explanation of the methodology used to calculate TFP growth and its components. Sec-

1Only the country-specific effects are robust determinants of both TFP components.
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tion 3 describes the data. In section 4 we discuss the problem of model uncertainty and

the model averaging methodology. Section 5 present and discusses the results. Finally,

section 6 provides some concluding remarks.

2 Measurement of Productivity

Due to the lack of reliable data on quantity and prices, economists often compute produc-

tivity indexes to measure productivity change instead of estimating technology and shifts

in technology directly (Färe et al., 1994). Along this line, we use the DEA (Data Envelop-

ment Analysis) approach, a non parametric frontier method, to calculate the output-based

Malmquist indexes of total factor productivity change, technological change, and techni-

cal efficiency change. The DEA approach does not require any functional specification for

the relationship between inputs and outputs or for the inefficiency error term. In other

words, using this approach allows us to circumvent various specifications and estimation

problems.2

The Malmquist productivity index measure was originally introduced by Caves et al.

(1982a, b), and named after Sten Malmquist, who had earlier proposed the idea of con-

structing quantity indexes as ratios of distance functions (Coelli, 1996). The Malmquist

productivity index (Malmquist, 1953) allows changes in productivity to be broken down

into changes in efficiency and technical change. It does not require any assumptions re-

garding efficiency and functional form, and is therefore able to distinguish between the

factors causing changes in productivity.3 The Malmquist index is defined in terms of

output distance functions. Färe et al. (1994) propose the usage of a distance function to

spot whether the growth in productivity is the result of the catching up effect (described

as enhancements in performance) or whether this growth is due to a shifting out of the

technological frontier at a country’s given set of inputs. These functions measure the raw

distance between a given output vector and maximal potential output (which belongs to

the boundary of the reference or frontier technology). The distance function is defined

as:

Dt
0(xt, yt) = inf θ : (xt, yt/θ) ∈ St = (sup θ : (xt, ytθ) ∈ St)−1 (1)

where St = (xt, yt) is the production technology — this implies that xt produces yt.

Under constant returns to scale (CRS) production technology, maximum feasible output

is only achieved when average productivity y/x is maximized. This maximum is the

benchmark country, i.e. the one with the highest level of productivity. For the other

2The parametric Stochastic Frontier Approach (SFA) is another alternative to the DEA. One of the

main differences between the two lies in the fact that SFA assumes, a priori, that the structure of the

production possibility set and the data generation process are known, except for the value of a finite set

of unknown parameters.
3For further details, see Färe et al. (1994).
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countries composing the sample, decreasing distances over time suggest catching up to

the maximum productive frontier (i.e. improving technical efficiency).

The Malmquist productivity index provides distance functions with respect to time

(to explain growth trends across periods) as: Dt
0(xt+1, yt+1) = inf θ : (xt+1, yt+1/θ) ∈ St

where Dt
0(xt+1, yt+1) measures the maximal proportion change in output that ensures

that (xt+1, yt+1) is feasible.4 Denoting by Dt+1
0 (xt, yt) the maximal proportional change

in output which is needed to guarantee the feasibility of (xt, yt) at t+1, Färe et al. (1989)

define the productivity index in time t and t+ 1 respectively as:

M t =
Dt

0(xt+1, yt+1)

Dt
0(xt, yt)

(2)

and

M t+1 =
Dt+1

0 (xt+1, yt+1)

Dt+1
0 (xt, yt)

(3)

Following Färe et al. (1989), the Malmquist (output-oriented) TFP change index

between period t (the base period) and period t+ 1 under CRS is defined as:

M0

(
xt+1, yt+1, xt, yt

)
=

[
Dt

0(xt+1, yt+1)

Dt
0(xt, yt)

× Dt+1
0 (xt+1, yt+1)

Dt+1
0 (xt, yt)

]1/2

(4)

Equation (4) can be arranged to show that the TFP change index is equivalent to the

product of a technical efficiency change index and an index of technical change:

M0

(
xt+1, yt+1, xt, yt

)
=
Dt+1

0 (xt+1, yt+1)

Dt
0(xt, yt)

×
[
Dt

0(xt+1, yt+1)

Dt+1
0 (xt+1, yt+1)

× Dt
0(xt, yt)

Dt+1
0 (xt, yt)

]1/2

(5)

where efficiency change and technical change are represented by Equations (6) and (7),

respectively:
Dt+1

0 (xt+1, yt+1)

Dt
0(xt, yt)

(6)

[
Dt

0(xt+1, yt+1)

Dt+1
0 (xt+1, yt+1)

× Dt
0(xt, yt)

Dt+1
0 (xt, yt)

]1/2

(7)

The efficiency change is a ratio of two distance functions, which measures the change

in the output-oriented measure of the technical efficiency between period t and t + 1.

A value of the efficiency term greater than, equal to or less than one indicates whether

the producer is moving closer to, unchanging or diverging from the production frontier,

respectively. The square root technical change term represents a measure of the technical

change in the production technology. It is an indicator of the distance covered by the

efficient frontier from period t to period t+ 1 and, therefore, an indicator of technological

improvements between the two periods. The square root of the technical change term

4Färe et al. (1994) show that at time t, (xt+1, yt+1) is feasible.
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is greater than, equal to or less than one implying that technological best practice is

advancing, remaining unchanged, or deteriorating, respectively.

The availability of the different indexes, viz., technical change and efficiency change

in the Malmquist TFP index is a contribution of this paper. It allows us, not only to

investigate the robust determinants of productivity growth, but also to find out what

(robust) factors drive these different components. From a policy perspective, this can

have important implications in decision-making; and from a knowledge angle it could

improve our overall understanding of productivity growth.

3 Data

Our dataset comprises 67 countries5 and covers the period 1960-2000. Following earlier

literature and in order to lessen the problem of serial correlation in the errors we split

our sample in five-year periods. Therefore we end up with eight observations for each

country, making up a total of 536 observations.

Following the approach in the previous section, we compute Malmquist productivity

index using data on levels. In particular, we consider the stock of capital and the stock

of labor as inputs, and real GDP as output. The capital stock data is calculated by

applying a perpetual inventory method, following Nehru and Dhareshwar (1993) with

investment data (gross capital formation) taken from the World Development Indicators.

Labor force is measured by the economic active population, that is the population aged

between 15 and 64 years, and sourced from the World Development Indicators.

Before proceeding further it is useful to provide a brief overview of the DEA results.

Table 1 shows the mean of the Malmquist index and its components. Taking all coun-

tries together (top part of the table) it is clear from the mean of the Malmquist index

(0.9988516) that there has been a productivity loss on average.6 However, when the

sample is split into OECD and non-OECD, we observe a productivity gain in the OECD

group and a productivity loss in the non-OECD group. With respect to efficiency, all

countries have experience efficiency loss, on average. However, while a similar result is ob-

served in the OECD countries, the non-OECD countries has witnessed an efficiency gain.

These results suggest that that ”catch up” process works in the non-OECD countries i.e.

they approach faster to the frontier than the OECD group. On the other hand, while the

non-OECD group performs less in terms of innovation, the OECD group appears to have

a higher technical change index. These results are consistent with the idea that, on av-

erage, productivity gains in OECD countries come from pushing the world technological

frontier while non-OECD countries have been catching-up with the frontier.

5The list of countries, which includes 20 OECD and 47 Non-OECD countries, is provided in Table 7

at the end of the paper.
6The index being less than 1.
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Overall, these findings indicate that the loss of productivity in the non-OECD coun-

tries could be attributed to the deterioration in technical change, the main source of

productivity growth in the OECD group. A look at the individual countries results show

that The United States, Canada and Germany experience higher productivity growth

largely due to higher technical change, while countries like Cyprus, Brazil, South Korea

and Mauritius rather experience a faster catching up to the frontier. What is more, the

DEA results, also, show that the United States is not the only technically efficient coun-

try in our sample. Countries such as Belgium, Canada as well as Mexico (a non -OECD

country), also determine the frontier.7

[Table 1 about here]

In addition to the basic factors of production considered to calculate our TFP measure

and its components, we consider data on 19 candidate determinants of TFP growth. The

number of regressors suggested in the literature as potential determinants of economic

growth is huge, e.g. the Durlauf et al. (2005) survey of the empirical growth literature

identifies 145 proposed regressors. In this paper we consider a subset of them to analyze

how they affect economic growth through the channel of TFP, which we argue might

be a relevant one. More concretely, we use the dataset described in Moral-Benito (2011)

because of two main reasons: (i) we aim to work with a panel dataset and data availability

in the panel context during the postwar period is smaller than in the cross-sectional case;8

(ii) Ciccone and Jarocinski (2010), and Moral-Benito (2011) found that the smaller the

number of regressors considered the higher the robustness of the results in the model

averaging framework, so that we prefer to avoid the inclusion of several variables as

proxies of the same theory.9 The sources, descriptions and descriptive statistics of these

19 candidate determinants of TFP growth are presented in Tables 5 and 6.

4 Model Uncertainty and Model Averaging

Model uncertainty arises because the lack of clear theoretical guidance on the choice of

TFP determinants results in a wide set of possible empirical specifications. For example,

in the empirical model considered in Benhabib and Spiegel (1994), TFP growth only

depends on human capital; Miller and Upadhyay (2000) explain TFP as a function of

human capital, the ratio of exports to GDP, the terms of trade, the price deviation from

7Kumar and Russell (2002) and Suhariyanto and Thirtle (2001) also found Mexico, a non OECD

country to be technically efficient.
8For instance, the fraction of GDP in mining and the fraction of Muslim population are only available

for the year 1960. We face a similar situation for other candidate regressors that are potentially relevant

such as financial development indicators that are not available for the beginning of our sample.
9For instance, we only include one indicator of trade openness.
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purchasing power parity, and the inflation rate; Kneller and Stevens (2006) study the

effect of human capital and R&D on TFP growth. As a result, we have so far three

different studies with three different empirical models to explain TFP growth, being

all the three equally valid a priori. This situation resembles the literature on growth

regressions: it is not clear which specification must be preferred a priori.

Despite the uncertainty in the choice of the empirical model of TFP growth is a rele-

vant issue per se, the most challenging problem emerges because any conclusion about the

main drivers of TFP clearly depends on the empirical model selected. For instance, Miller

and Upadhyay (2000) conclude that ”the stock of human capital contributes positively

to total factor productivity in many, but not all, specifications”.

Given the above, researcher’s uncertainty about the value of the parameter of interest

in a regression exists at distinct two levels. The first one is the uncertainty associated

with the parameter conditional on a given empirical model. This level of uncertainty is

of course assessed in virtually every empirical study (i.e. t-ratios). What is not fully

assessed is the uncertainty associated with the specification of the empirical model. It

is typical for a given paper that the specification of the regression is taken as essentially

known; while some variations of a baseline model are often reported, via different choices

of control variables, standard empirical practice does not systematically account for the

sensitivity of claims about the parameter of interest to model choice.

Many researchers consider that one promising approach to account for model uncer-

tainty is to employ model averaging techniques to construct parameter estimates that

formally address the dependence of model-specific estimates on a given model. The ba-

sic idea behind model averaging is to estimate the distribution of unknown parameters

of interest across different models. The fundamental principle of model averaging is to

treat models and related parameters as unobservable, and to estimate their distribu-

tions based on the observable data. In contrast to classical estimation, model averaging

copes with model uncertainty by allowing for all possible models to be considered, which

consequently reduces the biases of parameters.

Intuitively, model averaging represents an agnostic alternative to the usual approach

based on selecting a single regression and deciding which variable is important depending

on its associated t-ratio. The key idea of model averaging is to consider and estimate all

the possible regressions, and then report a weighted average as the estimate of interest.

Therefore, model averaging is an agnostic approach in the sense that a researcher relying

on this approach holds the view that the true single model is unknown and probably

unknowable. Then, the best she can do is to consider all the possible alternatives instead

of basing her conclusions on one probably incorrect regression.

Formally, consider a generic representation of an empirical model of the form:

y = θX + ε (8)
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where y is the dependent variable of interest (i.e. TFP growth in the present paper), and

X represents a set of covariates (i.e. candidate TFP determinants). Imagine that there

exist potentially very many empirical models, each given by a different combination of

explanatory variables (i.e. different vectors X), and each with some probability of being

the ’true’ model. This is the starting idea of the Bayesian Model Averaging methodology.

Using the Bayesian terminology, a model is formally defined by a likelihood function

and a prior density. Suppose we have K possible explanatory variables. We will have 2K

possible combinations of regressors, that is to say, 2K different models - indexed by Mj

for j = 1, ..., 2K- which all seek to explain y -the data-. Mj depends upon parameters θj.

In cases where many models are being entertained, it is important to be explicit about

which model is under consideration. Hence, the posterior for the parameters calculated

using Mj is written as:

g
(
θj|y,Mj

)
=
f (y|θj,Mj) g (θj|Mj)

f (y|Mj)
(9)

and the notation makes clear that we now have a posterior, a likelihood, and a prior for

each model. The logic of Bayesian inference suggests that we use Bayes’ rule to derive

a probability statement about what we do not know (i.e. whether a model is correct or

not) conditional on what we do know (i.e. the data). This means the posterior model

probability can be used to assess the degree of support for Mj. Given the prior model

probability P (Mj) we can calculate the posterior model probability using Bayes Rule as:

P (Mj|y) =
f (y|Mj)P (Mj)

f (y)
(10)

Since P (Mj) does not involve the data, it measures how likely we believe Mj to be the

correct model before seeing the data. f (y|Mj) is often called the marginal (or integrated)

likelihood, and is calculated using (9) and a few simple manipulations. In particular, if

we integrate both sides of (9) with respect to θj, use the fact that
∫
g (θj|y,Mj) dθ

j = 1

(since probability density functions integrate to one), and rearrange, we obtain:

f (y|Mj) =

∫
f
(
y|θj,Mj

)
g
(
θj|Mj

)
dθj (11)

The quantity f (y|Mj) given by equation (11) is the marginal probability of the data,

because it is obtained by integrating the joint density of (y, θj) given y over θj. The

ratio of integrated likelihoods of two different models is the Bayes Factor and it is closely

related to the likelihood ratio statistic, in which the parameters θj are eliminated by

maximization rather than by integration.

Moreover, considering θ a function of θj for each j = 1, ..., 2K , we can also calculate

the posterior density of the parameters for all the models under consideration:

g (θ|y) =
∑2K

j=1
P (Mj|y) g (θ|y,Mj) (12)
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If one is interested in point estimates of the parameters, one common procedure is to

take expectations across (12):

E (θ|y) =
∑2K

j=1
P (Mj|y)E (θ|y,Mj) (13)

Following Leamer (1978), we calculate the posterior variance as:

V (θ|y) =
∑2K

j=1
P (Mj|y)V (θ|y,Mj) (14)

+
∑2K

j=1
P (Mj|y) (E (θ|y,Mj)− E (θ|y))2

Inspection of (14) shows that the posterior variance incorporates both the estimated

variances of the individual models as well as the variance in estimates of the θ’s across

different models. Hence, the uncertainty at the two different levels mentioned above is

taken into account. Note also that the number of models to be estimated in order to

compute equations (13) and (14) is enormous and might be intractable in practice. We

provide in the Appendix a brief summary of the algorithm we employ in this paper in

order to overcome this computational issue.

Moreover, the BMA methodology allows constructing a ranking of variables ordered

by their robustness. In this particular case, robustness as TFP determinants. In order

to construct our measure of robustness, we estimate the posterior probability that a

particular variable h is included in the regression, and we interpret it as the probability

of that the variable belongs in the true empirical model. In other words, variables with

high posterior probabilities of being included are considered as robust determinants of

default probabilities. This is called the Posterior Inclusion Probability — henceforth PIP

— for variable h, and it is calculated as the sum of the posterior model probabilities for

all of the models including that variable:

posterior inclusion probability = P (θh 6= 0|y) =
∑

θh 6=0
P (Mj|y) (15)

Koop (2003) is an excellent reference for more details on the BMA methodology, and

Moral-Benito (2010) provides a recent overview of the model averaging literature and its

applications.

4.1 Choice of Priors

Priors on the model space and model-specific priors on the parameter space must be

elicited within the BMA framework. For the prior model probabilities we assume that all

models are equally probable a priori; given there are 2K candidate models, the uniform

prior on the model space implies P (Mj) = 1/2K ∀j. This prior also implies that the prior

inclusion probability for each particular regressor is 0.5.

With respect to the priors on the parameter space, Kass and Wasserman (1995)

show that the Schwarz asymptotic approximation to the Bayes Factor is the result of
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considering the Unit Information Prior (UIP) on the parameter space.10 We make use of

the UIP prior on the parameter space and therefore we substitute equation (10) by:

P (Mj|y) =
P (Mj)N

−kj
2 SSE

−NT
2

j∑2K

i=1 P (Mi) (NT )
−ki
2 SSE

−NT
2

j

(16)

where SSEj is the sum of squares for model j, N is the number of countries, and T

the number of time periods. Eicher et al. (2010) conclude that this UIP combined

with the uniform model prior we consider in the paper outperforms any other possible

combination of priors previously considered in the BMA literature in terms of cross-

validated predictive performance. This combination of priors will also identify the largest

set of TFP determinants. For the BMA point estimates, instead of equation (13) we use:

E (θ|y) =
2K∑
j=1

P (Mj|y)E (θ|y,Mj) =
2K∑
j=1

P (Mj|y) θ̂jOLS (17)

where θ̂jOLS is the OLS estimate for model j.11 Equations (16) and (17) are the basis of

the approach described in Raftery (1995) and labeled as Bayesian Averaging of Classical

Estimates (BACE) in Sala-i-Martin et al. (2004) in the context of growth regressions. In

this paper we consider not only the BACE approach but also its panel data version with

fixed effects described in Moral-Benito (2011).

4.2 Cross-section and Panel Approaches

In order to further describe the empirical approach, let us present the two versions of

BACE we consider, namely, BACE with and without country-specific effects. Given

equations (16) and (17), we need to obtain the model-specific estimates θ̂jOLS together

with the model-specific sum of squares SSEj. Two different alternatives are considered

in this paper. First, we apply traditional OLS without country-specific heterogeneity

(i.e. pooled OLS); second, we also apply the within-group estimator which incorporates

country-specific effects correlated with the regressors.

Formally, under the first alternative, a specific model is as follows:

yit = θXit + δt + εit (18)

where yit represents TFP growth for country i in year t, Xit is a vector of TFP deter-

minants and δt captures cross-sectional correlations across the countries in our sample

(i.e. a set of time dummies). This represents the most common approach to growth

10This prior is a multivariate normal with mean the MLE of the parameters and variance the inverse

of the expected Fisher information matrix for one observation.
11Equation (17) is true if we either assume diffuse priors on the parameter space for any given sample

size, or have a large sample for any given prior on the parameter space.
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regressions during the nineties. Under independence between the regressors and the

shock, cov(Xit, εit) = 0, OLS produces consistent estimates of θ. However, this kind of

regressions may omit an important country-specific effect and thereby produce biased

coefficient estimates (e.g. Easterly and Levine, 2001). It seems reasonable that there is

some country-specific unobserved heterogeneity that is time invariant12 and simultane-

ously affects the regressors and the dependent variable, TFP growth. This would imply

that coefficient estimates in (18) might be biased due to omitted variables. For instance,

the quality of institutions is country-specific, time-invariant over the post-war period,

and very hard to measure; moreover it is correlated with both TFP and regressors such

as investment or trade openness. Therefore, failure to control for the quality of institu-

tions in the form of country-specific effects, a positive coefficient in the regression of TFP

growth on, for instance, trade openness, is biased due to omitted variables.

In order to include country effects in our regressions we also consider a second alter-

native as follows:

yit = θXit + δt + ηi + vit (19)

where now ηi includes country-specific unobserved heterogeneity which is allowed to be

correlated with the Xs so that cov(Xit, εit) 6= 0 provided εit = ηi + vit. The within-

group estimator (— henceforth WG —) is appropriate for accommodating this kind

of unobserved heterogeneity. Note that the WG estimator is simply OLS as in model

(18) but including a set of country dummies in the regression. Therefore, given the

BMA framework in the paper, we will also be able to estimate the posterior inclusion

probability (i.e. the robustness measure) of the country effects as a whole in order to

test their relevance in this setting. This might be an interesting result since country-

specific effects are typically included in the regression but without previously testing

their relevance.

On the other hand, the variability exploited in both alternatives (i.e. including or not

country-specific effects) is not the same; if we consider the cross-sectional approach with-

out fixed effects, the focus is on between variation across countries. Instead, considering

the panel approach with country effects we implicitly focus on within time variation in the

sample. Therefore, the ranking of robust determinants emerging from both alternatives

must not necessarily coincide.13

12At least during the post-war period considered in this paper over the years 1960-2000.
13Both rankings should coincide only if the fixed effects are independent of the regressors.
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5 Empirical Results

We next present the results of applying the BMA methodology to our data on TFP

growth and its determinants. We first analyze the main determinants of overall TFP

growth, and then of its two components, efficiency change and technological progress.

In the first case we separately present the results with and without country-specific

effects. If time-invariant unobserved heterogeneity at the country level is not present in

our sample, both results (with and without fixed effects) should be virtually equal. The

results should also be the same if country-specific unobserved heterogeneity exists but it

is uncorrelated with the rest of regressors. However, we conclude that if the results with

and without fixed effects differ, country-specific unobserved heterogeneity correlated with

the regressors is relevant in the determination of TFP growth.14 If this is the case, results

without including country dummies will be unreliable due to omitted variables bias.

The main results are as follows: (i) country-specific unobserved heterogeneity is the

most important determinant of both TFP growth and its components. While fixed effects

are usually included in empirical work, their relevance was not previously tested. The high

PIP of the fixed effects confirms that country-specific effects explain a large portion of

TFP variation and should be included in empirical TFP regressions; (ii) once we consider

fixed effects, the main determinants of overall TFP growth are private consumption and

a measure of trade openness; (iii) we find evidence of conditional convergence, poorer

countries tend to have higher TFP growth rates; (iv) regardless of the fixed effects and

initial GDP, while efficiency change main determinants are similar to those of overall

TFP growth, this is no longer true for the technological progress determinants; (v) TFP

growth determinants are not the same across OECD and non-OECD countries.

5.1 Determinants of TFP Growth

The results on the main determinants of TFP growth when applying the BMA approach

in its cross-sectional and panel data versions are presented in Table 2. This Table sum-

marizes the posterior distributions of the parameters corresponding to the 19 variables

of our data set plus the fixed effects when included. In particular, it reports the pos-

terior inclusion probability, the posterior mean and the posterior standard deviation of

these distributions. The first 3 columns correspond to the cross-sectional (or pooled)

approach without country-specific effects, and the last 3 columns refer to the approach

when unobserved heterogeneity is taken into account.

[Table 2 about here]

14We also check this conclusion looking at the posterior inclusion probability of the country dummies

as a whole.
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In the pooled version without fixed effects (columns 1, 2, 3) there is no variable ro-

bustly correlated with TFP growth, i.e., no regressor has a posterior inclusion probability

larger than the prior inclusion probability of 0.5. However, when fixed effects are included

(columns 4, 5, 6), several variables appear to be robustly associated with TFP growth;

moreover, the posterior distributions of the parameters are very different from the poste-

riors in the pooled approach. This is a clear indication that time-invariant unobserved-

heterogeneity is vital in explaining TFP growth rates. This conclusion is confirmed and

reinforced when looking at the posterior inclusion probability of the fixed effects which

is equal to 1, the highest for all the variables in the sample. The relevance of fixed ef-

fects (i.e. time-invariant unobserved heterogeneity) in explaining cross-country variation

in TFP growth is a reassuring result. Country-specific effects are typically included in

cross-country empirical work (e.g Miller and Upadhyay, 2000), but their importance was

not previously tested.

Since we argue that country-specific effects correlated with the regressors are present

in this application, we expect model-specific pooled OLS estimates (columns 1, 2, 3) to

be badly biased. Therefore we focus the rest of the analysis on the panel data version

with fixed effects included (columns 4, 5, 6).

Looking at the fixed effects results in columns 4, 5, and 6, we conclude that addition-

ally to unobserved heterogeneity (i.e. fixed effects), three variables could be considered

as robust determinants of TFP growth accordingly to the Bayesian robustness check used

in this paper: initial GDP, consumption share, and trade openness. Both consumption

share and trade openness affect TFP growth with the expected sign: high saving rates

(i.e. lower consumption share), and high degrees of openness to the rest of the world

would promote TFP growth. This suggests that long-run TFP growth-promoting policy

strategies should, on the one hand, give incentives to save; and, on the other hand, aim

to promote openness-enhancing reforms such as reducing trade barriers. Finally, we in-

terpret the negative posterior mean of initial GDP as evidence in favor of the conditional

convergence hypothesis, i.e., countries with lower levels of GDP per capita at the begin-

ning of the period tend to have higher TFP growth rates. The posterior mean of the

three robust variables is clearly different from zero when looking at the corresponding

posterior standard deviations; this fact not only indicates that model-specific coefficients

are precisely estimated, but also that these estimates are fairly similar across different

models (i.e. with different sets of control variables). More concretely, in the subsequent

sections we conclude that a variable has a posterior mean significantly different from zero

if its associated ratio of posterior mean to posterior standard deviation is larger than two

in absolute value, which in Bayesian terms corresponds to an approximate 95-percent

Bayesian coverage region that excludes zero.

The robustness of the trade openness measure as a determinant of TFP growth con-

firms the result in Miller and Upadhyay (2000). In earlier literature, human capital was
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also found to positively affect TFP growth (e.g. Benhabib and Spiegel, 1994, 2005; Van-

denbussche et al., 2006); however, we find that this result is not robust to uncertainty in

the empirical model specification as illustrated by the low PIPs and high posterior stan-

dard errors of our human capital variables (e.g. primary and secondary education, life

expectancy). On the other hand, to the best of our knowledge private consumption has

not been considered in the empirical TFP literature but emerges as a robust determinant

of TFP growth according to the Bayesian robustness check used in this paper.

A note of caution is in order at this point. We have labeled as robust determinants

of TFP growth those variables with posterior inclusion probability (PIP) larger than

their corresponding prior inclusion probability (0.5). Although this comparison has been

commonly used in the economics BMA literature, it must be interpreted with care. Even if

the posterior inclusion probability is lower than the prior inclusion probability for a given

variable, it might be the case that this particular variable is important to decision-makers

under some circumstances. For instance, imagine a researcher interested in quantifying

the effect of secondary education on TFP growth taking into account model uncertainty;

in spite of having a low PIP, she should look at the posterior coefficients of secondary

education in Table 2.

5.2 Efficiency Change and Technological Progress

In addition to not requiring information on factor prices, the non-parametric Malmquist

TFP index (e.g. Färe et al. 1994) we use in this paper has another important advantage:

the change in TFP can be decomposed into two mutually exclusive components, the

change of productive efficiency (catching up or imitation) and shifts in technology over

time (innovation). This characteristic represents an important gain in informational

content. We now turn to the analysis of the main determinants of these two components

of TFP.

[Table 3 about here]

Table 3 presents the BMA results of separately identifying the main determinants of

changes in productive efficiency (columns 1, 2, 3) and technological progress (columns 4,

5, 6). The first interesting result emerging from Table 3 is that, as in the case of overall

TFP growth, the country-specific effects and initial GDP are the factors most robustly

correlated with both indexes. This result implies that time-invariant country-specific

unobservable characteristics are fundamental determinants of both efficiency change and

technical change over the post-war period 1960 − 2000; and, on the other hand, that

poorer countries tend to converge to rich countries in terms of efficiency and innovation.

However, the posterior mean indicates that the convergence in innovation is much slower

than the convergence in efficiency change (−0.10 versus −0.32).
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With respect to other policy-relevant determinants, a striking difference arises be-

tween the main determinants of catching up to the frontier (i.e. efficiency change) and

shifts in the frontier (i.e. technological progress). As in the case of overall TFP growth, in

addition to the fixed effects and initial GDP, trade openness and consumption share are

the only robust determinants of the efficiency change component across the countries in

our sample. In particular, countries that are more outward-oriented and have higher sav-

ing rates get their productivity gains from catching up to the frontier. Nevertheless, only

the trade openness measure remains a robust determinant of the technological progress

component; the surprising difference is that in this case, trade openness negatively affects

the technological progress contribution to overall TFP growth. According to this result,

countries with higher degree of trade openness obtain higher TFP growth rates because

they catch up to the world technological frontier instead of shifting the frontier. This

idea implies that the more exposed a country is to the rest of the world the better it

imitates but the less it innovates.

5.3 OECD versus non-OECD Countries

Determinants and patterns of development of non-OECD countries may differ in the long

run from those of OECD countries. In order to further explore the possibility of different

patterns in the determination of TFP growth, we split the countries in our sample in

two groups, OECD versus non-OECD, and we repeat the BMA analysis for the two

subsamples.

[Table 4 about here]

In Table 4 we present the separate results for OECD countries (columns 1, 2, 3) and

non-OECD countries (columns 4, 5, 6). The first interesting result emerging from Table

4 is that, again, both the fixed effects and initial GDP are robustly correlated with TFP

growth in both subsamples (OECD and non-OECD). This indicates that regardless of the

institutional characteristics at the beginning of the sample period (i.e. after the Second

World War in 1960) proxied by the OECD versus non-OECD classification, unobserved

heterogeneity is the key factor in explaining cross-country differences in the TFP growth

rate; it also provides evidence in favor of a convergence process in both subsamples of

countries.

Initial GDP and unobserved heterogeneity are the two only robust determinants com-

mon to OECD and non-OECD countries. Beyond these similarities, some interesting

differences arise. With respect to non-OECD countries, the only additional variable ro-

bustly correlated with TFP growth is population density. In particular, countries with

higher population density are expected to experience higher rates of TFP growth while
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in the OECD sample this is not the case. We interpret this result as an indication that

economies of agglomeration are more relevant in non-OECD or developing countries.

For the sample of OECD countries, in addition to the fixed effects and initial GDP,

there are several covariates which appear to be robustly associated with TFP growth,

namely, investment price, consumption share, trade openness, and the labor force. Con-

sumption share and trade openness have the same sign as in the case of overall TFP

growth for the full sample in Table 2; while consumption negatively affect TFP growth

among OECD countries, the effect of trade openness is positive. The posterior mean

on the investment price variable is positive and, using non-Bayesian terminology, signif-

icantly different from zero according to its posterior standard deviation.15 This positive

sign indicates that the higher the price of investment the higher the TFP growth rate.

One possible explanation for this results is that if the price of investment is high, then

perhaps firms tend to reallocate resources efficiently and more importantly invest wisely.

Labor force represents the last robust determinant of TFP growth in the OECD subsam-

ple. Its negative posterior mean indicates that a higher ratio of workers to population

is associated with lower levels of TFP growth, which might seem counter-intuitive a pri-

ori; however, in a recent paper, Acemoglu (2010) shows that labor scarcity encourages

technology adoption or innovation if technology is strongly labor saving.

6 Concluding Remarks

We investigate the factors that affect total factor productivity growth. To this end, we

first start by deriving our measure TFP growth using the nonparametric DEA technique

to compute the Malmquist productivity-based index for 67 countries over the period

1960-2000. An advantage of this method is that it allows to decompose TFP into its two

components, viz, technical efficiency (which reveals whether a country is moving close to

the frontier) and technological change (which reveals whether the production function

is moving outward). In order to avoid model specific results (bias), we use (Bayesian)

model averaging techniques to search for the robust determinants of TFP growth.

We find that the most robust TFP growth determinants are unobserved heterogeneity,

initial GDP,16 consumption share, and trade openness. A split of our sample into OECD

and non-OECD countries reveals some interesting findings. We find that initial GDP

and unobserved heterogeneity are the only two robust determinants common to OECD

15Sala-i-Martin et al. (2004) note that in most cases, having a ratio of posterior mean to posterior

standard deviation around two in absolute value indicates an approximate 95-percent Bayesian coverage

region that excludes zero.
16The significant and negative coefficient on initial GDP gives evidence in favor of a convergence effect

in the evolution of TFP across countries. Growth rates of TFP in poor countries tend to be higher than

in rich countries.
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and non-OECD countries. For the sample of OECD countries, in addition to the fixed

effects and initial GDP, we find that investment price, consumption share, trade openness,

and the labor force are robustly correlated to TFP growth. With respect to non-OECD

countries, the only additional variable robustly correlated with TFP growth is population

density.

Turning to the determinants of the components of TFP, efficiency change and techno-

logical change, we also find that (as in the case of overall TFP growth) the country-specific

effects and initial GDP are the factors most robustly correlated with both variables. Ad-

ditionally, the results show that, while trade openness and consumption share can be

labeled as robust determinants of efficiency change, only the trade openness measure re-

mains a robust determinant of the technological progress component across the countries

in our sample. With regard to openness, the surprising difference is that it affects nega-

tively the technological progress component of TFP growth but positively the efficiency

change contribution to overall TFP growth; thus suggesting that countries with higher

degree of trade openness perform relatively better in terms of catching up to the world

technological frontier, but worse in terms of shifting the frontier.

Despite its contribution to the literature, our study has a limitation. As aforemen-

tioned, the main advantage of the DEA method is that it allows to decompose TFP

into its two components (technical efficiency and technological change) without making

assumptions about the functional form of the production function. However, its main

disadvantage is that, because it is an extreme bound method, it is sensitive to outliers.

The Stochastic Frontier Approach (SFA) can also provide the TFP decomposition and

deal with statistical noise in the data at the cost of imposing a particular functional form

for the production function. Moreover, SFA efficiency estimation as a portion of a com-

posed error term may be affected by the distributional assumptions regarding the error

components required by the SFA approach.17
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[16] Färe, R., S. Grosskopf, S. Norris and Z. Zhang (1994) “Productivity growth, techni-

cal progress, and efficiency change in industrialized countries” American Economic

Review, Vol. 84, pp. 66-83.

[17] Ferrier, G., C. Lovell and A. Knox (1990) “Measuring cost efficiency in banking :

Econometric and linear programming evidence” Journal of Econometrics, Vol. 46,

pp. 229-245.

[18] Gong, B. and R. Sickles (1992) “Finite sample evidence on the performance of

stochastic frontiers and data envelopment analysis using panel data” Journal of

Econometrics, Vol. 51, pp. 259-284.

[19] Hall, R. and C. Jones (1999) “Why Do Some Countries Produce So Much More

Output Per Worker Than Others?” Quarterly Journal of Economics, Vol. 114, pp.

83-116.

[20] Hjalmarsson, L., S. Kumbhakar and A. Heshmati (1996) “DEA, DFA and SFA: A

comparison” Journal of Productivity Analysis, Vol. 7, pp. 303-327.

[21] Kass, R. and L. Wasserman (1995) “A Reference Bayesian Test for Nested Hypothesis

with Large Samples” Journal of the American Statistical Association, Vol. 90, pp.

928-934.

[22] Klenow, P. and A. Rodriguez-Clare. (1997) “The Neoclassical Revival in Growth

Economics: Has it gone too far?” NBER Macroeconomics Annual, pp. 73-102.

[23] Kneller, R. and P. Stevens (2006) “Frontier technology and absorptive capacity:

evidence from OECD manufacturing industries?” Oxford Bulletin of Economics and

Statistics, Vol. 68, pp. 1-21.

[24] Koop, G. (2003) “Bayesian Econometrics” John Wiley and Sons.

[25] Krugman, P. (1994) “The Age of Diminishing Expectations: US Economic Policy in

the 1990s” MIT Press.

[26] Kumar, S. and Russell, R. (2002) “Technological change, technological catch-up,

and capital deepening: relative contributions to growth and convergence” American

Economic Review, Vol. 92, pp. 527548.

[27] Leamer, E. (1978) “Specification Searches” New York: John Wiley and Sons.

[28] Lucas, R. (1988) “On the Mechanics of Economic Development” Journal of Monetary

Economics, Vol. 22, pp. 3-42.

20



[29] Madigan, D. and J. York (1995) “Bayesian Graphical Models for Discrete Data”

International Statistical Review, Vol. 63, pp. 215-232.

[30] Malmquist, S. (1953) “Index Numbers and Indifference Surfaces” Trabajos de Es-

tadistica y de Investigacion Operativa, Vol. 4, pp. 20942.

[31] Miller, S. and M. Upadhyay (2000) “The effects of openness, trade orientation, and

human capital on total factor productivity” Journal of Development Economics, Vol.

63, pp. 399-423.

[32] Moral-Benito, E. (2010) “Model Averaging in Economics” mimeo.

[33] Moral-Benito, E. (2011) “Determinants of Economic Growth: A Bayesian Panel

Data Approach” The Review of Economics and Statistics, forthcoming.

[34] Nehru, V. and A. Dhareshwar (1993) “A new database on physical capital stock:

sources, methodology and results” Revista de Analisis Economico, Vol. 8 pp. 37-59.

[35] Raftery, A. (1995) “Bayesian Model Selection in Social Research” Sociological

Methodology, Vol. 25, pp. 111-163.

[36] Romer, P. (1986) “Increasing returns and long-run growth” The Journal of Political

Economy, Vol. 94, pp. 1002-37.

[37] Romer, P. (1990) “Endogenous Technological Change” The Journal of Political Econ-

omy, Vol. 98, pp. S71-S102.

[38] Sala-i-Martin, X., G. Doppelhofer and R. Miller (2004) “Determinants of Long-Term

Growth: A Bayesian Averaging of Classical Estimates (BACE) Approach” American

Economic Review, Vol. 94, No. 4. pp. 813-835.

[39] Solow, R. (1957) “Technical Change and the Aggregate Production Function” The

Review of Economics and Statistics, Vol. 39, pp. 312-320.

[40] Suhariyanto K. and Thirtle C. (2001) “Asian agricultural productivity and conver-

gence” Journal of Agricultural Economics, Vol. 52, pp. 96-110.

[41] Vandenbussche, J., P. Aghion, and C. Meghir (2006) “Growth, distance to frontier

and composition of human capital” Journal of Economic Growth, Vol. 11 pp. 97-12.

21



Computational Appendix

For the implementation of the model averaging approach adopted in the paper we need to

resort to the algorithms proposed in the literature because of the extremely large number

of calculations required for instance when computing the posterior mean in equation (17).

This is because the number of potential regressors determines the number of models under

consideration, with K potential determinants of TFP growth, the number of models under

consideration is 2K which is usually huge and intractable. These algorithms carry out

(Bayesian) model averaging without evaluating every possible model.

Concretely, in this paper we have made use of the Markov Chain Monte Carlo Model

Composition (MC3) algorithm proposed by Madigan and York (1995), which generates a

stochastic process that moves through model space. The idea is to construct a Markov

chain of models {M(t), t = 1, 2, ...} with state space Ξ. If we simulate this Markov chain

for t = 1, ..., N , then under certain regularity conditions, for any function h(Mi) defined

on Ξ, the average

Ĥ =
1

N

N∑
t=1

h (M (t))

converges with probability 1 to E (h (M)) as N → ∞. To compute (17) in this fashion,

we set h(Mi) = E(θ|Mi, y).

To construct the Markov chain, we define a neighborhood nbd(M) for each M ∈ Ξ that

consists of the model M itself and the set of models with either one variable more or one

variable fewer than M . Then, a transition matrix q is defined by setting q(M →M ′) = 0

∀ M ′ /∈ nbd(M) and q(M →M ′) constant for all M ′ ∈ nbd(M). If the chain is currently

in state M , then we proceed by drawing M ′ from q(M → M ′). It is then accepted with

probability

min

{
1,

Pr (M ′|y)

Pr (M |y)

}
Otherwise, the chain stays in state M .18

After some experimentation with generated data, we were able to verify the proper

convergence properties of our GAUSS code which implements the described MC3 algo-

rithm.

18See Koop (2003) for more details on the MC3 algorithm.
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Table 1: Mean Malmquist Index and its Decomposition
Malmquist index Efficiency change Technical change

All Countries 0.99885 0.99884 1.00018

OECD 1.00217 0.99876 1.00259

Non- OECD 0.99863 1.00057 0.99998

Table 2: Determinants of TFP Growth
Without Fixed Effects With Fixed Effects

PIP P. Mean P. Std. PIP P. Mean P. Std.

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

Fixed Effects NO NO NO 1.00 −0.01 0.15

Initial GDP 0.07 −0.02 0.03 1.00 −0.42 0.09

Consumption Share 0.09 −0.12 0.10 0.82 −0.80 0.25

Trade Openness 0.09 −0.04 0.03 0.75 0.27 0.09

Population under 15 0.33 −0.47 0.22 0.36 −2.26 1.50

Government Share 0.16 −0.30 0.19 0.24 −0.86 0.48

Population Density 0.09 0.15 0.13 0.14 0.26 0.16

Investment Share 0.07 −0.16 0.18 0.11 −0.39 0.31

Population 0.08 0.11 0.10 0.10 0.70 0.58

Labor Force 0.05 0.04 0.26 0.10 −1.33 1.92

Urban Population 0.07 0.07 0.09 0.07 −0.45 0.47

Population Growth 0.10 −2.17 3.20 0.06 2.32 3.51

Secondary Education 0.08 0.17 0.22 0.05 0.28 0.56

Population over 65 0.25 0.98 0.53 0.05 1.16 2.99

Civil Liberties 0.19 −0.19 0.10 0.05 −0.07 0.17

Political Rights 0.14 −0.14 0.09 0.05 −0.06 0.14

Life Expectancy 0.06 −0.10 0.26 0.05 −0.21 0.75

Investment Price 0.08 −0.03 0.03 0.05 0.00 0.04

Primary Education 0.09 0.15 0.13 0.04 −0.06 0.52

Malaria 0.07 −0.04 0.05 0.04 −0.01 0.07

Prior Inclusion Probability 0.5 0.5

Prior Mean Model Size 9.5 9.5

Posterior Mean Model Size 2.1 5.1

Robust Determinants: - Fixed Effects, Initial GDP,

Cons. Share, T. Openness.

Notes: PIP refers to the posterior inclusion probability of a particular regressor. Given the prior inclusion

probability is equal for all the variables (i.e. 0.5), those variables with PIP higher than 0.5 are labeled as robust

determinants of TFP growth. P. Mean refers to the posterior mean conditional on inclusion of a given regressor

in the empirical model, which is a weighted average of model-specific coefficient estimates with weights given

by the model-specific R-squares. P. Std. is the square root of the posterior variance which is a weighted

average of model-specific variances also including the variance of the estimates across different models. The

P. Mean and P. Std. estimates corresponding to the Fixed Effects are the averages of the P. Means and P.

Stds of each country dummy P. Mean and P. Std. The Prior Mean Model Size refers to the expected model

size a priori (in terms of regressors included) implied by the Prior Inclusion Probability of 0.5. The Posterior

Mean Model Size is the weighted average of all posterior model sizes with weights given by the posterior model

probabilities. The sample is formed by a set of 67 countries with 8 five-year periods for each country over the

period 1960− 2000. This makes a total of 536 observations.
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Table 3: Determinants of Efficiency Change and Technological Progress

Efficiency Change Technological Progress

PIP P. Mean P. Std. PIP P. Mean P. Std.

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

Fixed Effects 1.00 −0.08 0.15 1.00 0.07 0.05

Initial GDP 0.92 −0.32 0.09 0.99 −0.10 0.03

Trade Openness 0.89 0.33 0.09 0.97 −0.08 0.02

Consumption Share 0.82 −0.79 0.25 0.07 −0.06 0.08

Population under 15 0.29 −2.18 1.47 0.05 0.02 0.34

Government Share 0.18 −0.80 0.50 0.05 −0.04 0.15

Urban Population 0.11 −0.61 0.49 0.07 0.15 0.16

Investment Share 0.09 −0.35 0.33 0.06 −0.08 0.11

Population over 65 0.08 2.72 3.07 0.22 −1.53 0.90

Population 0.08 0.62 0.61 0.04 0.02 0.19

Labor Force 0.08 −1.03 2.01 0.05 −0.02 0.29

Secondary Education 0.06 0.40 0.57 0.07 −0.14 0.18

Population Density 0.06 0.12 0.18 0.24 0.10 0.05

Population Growth 0.06 2.25 3.60 0.05 0.04 1.01

Primary Education 0.06 −0.39 0.54 0.30 0.34 0.17

Investment Price 0.06 0.03 0.04 0.27 −0.02 0.01

Life Expectancy 0.05 0.04 0.79 0.10 −0.29 0.26

Malaria 0.05 0.01 0.07 0.06 −0.02 0.02

Political Rights 0.04 −0.02 0.14 0.06 −0.03 0.05

Civil Liberties 0.04 −0.05 0.18 0.05 −0.02 0.06

Prior Inclusion Probability 0.5 0.5

Prior Mean Model Size 9.5 9.5

Posterior Mean Model Size 5.0 4.7

Robust Determinants: Fixed Effects, Initial GDP, Fixed Effects, Initial GDP,

T. Openness, Cons. Share. T. Openness.

Notes: Columns (1), (2), and (3) refer to the determinants of efficiency change, that is, reductions in the

distance to the world technological frontier. Columns (4), (5), and (6) present the results of the technological

progress determinants, that is, displacements of the frontier. Given the relevance of unobserved heterogeneity

shown in Table 2, country-specific fixed effects are included in the two specifications of this Table. PIP refers

to the posterior inclusion probability of a particular regressor. Given the prior inclusion probability is equal

for all the variables (i.e. 0.5), those variables with PIP higher than 0.5 are labeled as robust determinants

of TFP growth. P. Mean refers to the posterior mean conditional on inclusion of a given regressor in the

empirical model, which is a weighted average of model-specific coefficient estimates with weights given by the

model-specific R-squares. P. Std. is the square root of the posterior variance which is a weighted average of

model-specific variances also including the variance of the estimates across different models. The P. Mean and

P. Std. estimates corresponding to the Fixed Effects are the averages of the P. Means and P. Stds of each

country dummy P. Mean and P. Std. The Prior Mean Model Size refers to the expected model size a priori (in

terms of regressors included) implied by the Prior Inclusion Probability of 0.5. The Posterior Mean Model Size

is the weighted average of all posterior model sizes with weights given by the posterior model probabilities. The

sample is formed by a set of 67 countries with 8 five-year periods for each country over the period 1960−2000.

This makes a total of 536 observations.
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Table 4: TFP Determinants: OECD and Non-OECD Countries
OECD Countries Non-OECD Countries

PIP P. Mean P. Std. PIP P. Mean P. Std.

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

Fixed Effects 1.00 0.11 0.08 1.00 0.24 0.15

Initial GDP 0.85 −0.31 0.10 0.83 −0.30 0.10

Trade Openness 0.59 0.31 0.12 0.11 0.09 0.09

Consumption Share 0.76 −1.20 0.46 0.28 −0.35 0.19

Population under 15 0.28 1.46 1.04 0.26 −2.46 1.99

Government Share 0.38 −1.32 0.84 0.10 −0.59 0.55

Urban Population 0.18 0.46 0.38 0.09 −0.61 0.65

Investment Share 0.47 −0.89 0.44 0.05 −0.02 0.34

Population over 65 0.09 0.69 1.73 0.47 −10.7 7.34

Population 0.14 1.65 2.52 0.27 1.05 0.57

Labor Force 0.54 −1.42 0.67 0.11 −1.58 2.22

Secondary Education 0.09 0.12 0.27 0.07 −0.81 1.06

Population Density 0.24 1.64 1.33 0.86 0.50 0.16

Population Growth 0.11 2.08 4.33 0.08 2.61 4.61

Primary Education 0.09 0.23 0.41 0.06 0.51 0.85

Investment Price 0.84 0.25 0.08 0.06 −0.03 0.04

Life Expectancy 0.24 2.17 2.07 0.06 0.39 0.85

Malaria 0.10 0.02 0.06 0.05 0.02 0.08

Political Rights 0.13 0.12 0.15 0.05 −0.07 0.16

Civil Liberties 0.19 0.19 0.14 0.05 −0.10 0.22

Prior Inclusion Probability 0.5 0.5

Prior Mean Model Size 9.5 9.5

Posterior Mean Model Size 7.3 4.9

Robust Determinants: Fixed Effects, Initial GDP, Fixed Effects, Initial GDP,

Inv. Price, Consump. Share, Pop. Density.

T. Openness, Labor Force.

Notes: Columns (1), (2), and (3) refer to the determinants of overall TFP growth in OECD countries while

columns (4), (5), and (6) present the results of TFP determinants in non-OECD countries. Given the relevance

of unobserved heterogeneity shown in Table 2, country-specific fixed effects are included in the two specifications

of this Table. PIP refers to the posterior inclusion probability of a particular regressor. Given the prior inclusion

probability is equal for all the variables (i.e. 0.5), those variables with PIP higher than 0.5 are labeled as robust

determinants of TFP growth. P. Mean refers to the posterior mean conditional on inclusion of a given regressor

in the empirical model, which is a weighted average of model-specific coefficient estimates with weights given

by the model-specific R-squares. P. Std. is the square root of the posterior variance which is a weighted average

of model-specific variances also including the variance of the estimates across different models. The P. Mean

and P. Std. estimates corresponding to the Fixed Effects are the averages of the P. Means and P. Stds of each

country dummy P. Mean and P. Std. The Prior Mean Model Size refers to the expected model size a priori (in

terms of regressors included) implied by the Prior Inclusion Probability of 0.5. The Posterior Mean Model Size

is the weighted average of all posterior model sizes with weights given by the posterior model probabilities.

The sample is formed by a set of 67 countries (20 countries in the OECD sample and 47 non-OECD countries)

with 8 five-year periods for each country over the period 1960− 2000.
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Table 5: Variable Definitions and Sources

Variable Source Definition

Dependent Variable 1 This paper TFP growth over 5-year periods

Dependent Variable 2 This paper Technical change over 5-year periods

Dependent Variable 3 This paper Technological progress over 5-year peri-

ods

Initial GDP PWT 6.2 Logarithm of initial real GDP per capita

(2000 US dollars at PPP)

Population Growth PWT 6.2 Average growth rate of population

Population PWT 6.2 Population in thousands of people

Trade Openness PWT 6.2 Export plus imports as a share of GDP

Government Share PWT 6.2 Government consumption as a share of

GDP

Investment Price PWT 6.2 Average investment price level

Labor Force PWT 6.2 Ratio of workers to population

Consumption Share PWT 6.2 Consumption as a share of GDP

Investment Share PWT 6.2 Investment as a share of GDP

Urban Population WDI 2005 Fraction of population living in urban ar-

eas

Population Density WDI 2005 Population divided by land area

Life Expectancy WDI 2005 Life expectancy at birth

Population under 15 Barro and Lee Fraction of population younger than 15

years

Population over 65 Barro and Lee Fraction of population older than 65

years

Primary Education Barro and Lee Stock of years of primary education

Secondary Education Barro and Lee Stock of years of secondary education

Political Rights Freedom House Index of political rights from 1 (highest)

to 7

Civil Liberties Freedom House Index of civil liberties from 1 (highest)

to 7

Malaria Gallup et al. Fraction of population in areas with

malaria

Penn World Table version 6.2 data can be found at http://pwt.econ.upenn.edu. WDI

2005 refers to World Development Indicators 2005. Data from Barro and Lee, and

Gallup et al. are available at http://www.cid.harvard.edu/ciddata/ciddata.html. Fi-

nally, data from Freedom House can be downloaded from http://www.freedomhouse.org.
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Table 6: Summary Statistics of the Variables

Variable Mean Std. Dev. Min Max

TFP 0.999 0.003 0.986 1.023

Efficiency change 0.999 0.003 0.983 1.026

Technical change 1.000 0.001 0.992 1.012

Initial GDP 7166 5826 616 21931

Population 47394 143075 663 1206034

Population Growth 0.019 0.011 -0.010 0.071

Investment Price 83.28 39.85 31.73 287.1

Trade Openness 1.969 1.236 1.118 8.684

Consumption Share 0.687 0.164 0.446 1.495

Government Share 0.197 0.077 0.075 0.579

Investment Share 0.175 0.083 0.023 0.449

Labor Force 0.417 0.067 0.267 0.553

Life Expectancy 63.57 9.88 41.36 75.64

Population Density 138.7 448.3 1.852 3666.1

Urban Population 0.511 0.240 0.041 1

Malaria 0.424 0.437 0 1

Population under 15 0.365 0.094 0.198 0.515

Population under 65 0.061 0.039 0.024 0.154

Primary Education 3.336 1.662 0.288 7.359

Secondary Education 1.256 0.983 0.056 4.042

Political Rights 3.343 2.142 1 7

Civil Liberties 3.384 1.866 1 7

27



Table 7: List of Countries

OECD Sample

Australia Austria Belgium

Canada Denmark Finland

France Greece Ireland

Italy Japan Netherlands

New Zealand Norway Portugal

Spain Sweden Switzerland

United Kingdom United States

Non-OECD Sample

Algeria Argentina Bolivia

Brazil Cameroon Chile

China Colombia Costa Rica

Dominican Republic Ecuador El Salvador

Ghana Guatemala Honduras

India Indonesia Iran

Israel Jamaica Jordan

Kenya Malawi Malaysia

Mali Mauritius Mexico

Mozambique Nicaragua Pakistan

Panama Paraguay Peru

Philippines Rwanda Senegal

Singapore South Africa Sri Lanka

Thailand Trinidad&Tobago Turkey

Uganda Uruguay Venezuela

Zambia Zimbabwe
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