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Abstract
We measure technical efficiency of Peruvian and Chilean port terminals, to evaluate 
the influence of certain contextual variables in the terminals’ efficiency levels. The 
sample includes 14 port terminals from 2004 to 2014. Due to the potential differ-
ences, we have estimated a DEA model in a non-convex metafrontier framework. 
Afterwards, we estimated all the regression models proposed in the literature that 
could be used to explain not only the technical efficiency estimated with respect to 
the metafrontier (TE*) but also each one of its components: the technical efficiency 
with respect to the group-specific frontier (TEk) and the technological gap ratio 
(TGR). Results are robust across models.
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1  Introduction

Data envelopment analysis (DEA) and Stochastic frontier analysis (SFA) are well-
known methods to measure productivity and/or efficiency and their drivers. How-
ever, whereas SFA does it in one step, DEA has to do it in a two-stage process: 
in the first step, the efficiency scores are measured and, in the second one, those 
measures are explained. DEA is the most popular method used in measuring effi-
ciency/productivity in the port sector (Woo et  al, 2011)1 and it is also frequently 
used to evaluate, among others, the consequences of port reforms and the impact of 
regulation on port efficiency. For these reasons, it is paramount to analyse, from the 
methodological and empirical point of view, how these two stages are performed to 
obtain accurate estimates. For example, are the potential technological differences 
between the DMUs taken into account in the first-stage? How is the second-stage-
regression model chosen?

Recently, Chang and Tovar (2014b) have measured technical efficiency (TE) of 
port terminals in Peru and Chile to identify efficiency drivers. They did it follow-
ing a stochastic frontier approach. Due to the fact that Data Envelopment Analy-
sis (DEA) has been used extensively for the measurement of port and terminal effi-
ciency (Panayides et al. 2009), it might be worth revisiting Chang and Tovar (2014b) 
not only to check whether their conclusions could be upheld using a DEA approach 
but also, and more importantly, in order to discuss how those stages should be per-
formed to obtain accurate results. This paper does that, using a database covering 
the same firms but in a longer period of time 2004–2014.2

When measuring TE of different terminals, usually it is assumed that they oper-
ate using the same production technology. If they do not, then the TE measurements 
obtained are erroneous. Thus, a DEA model used in the first stage should consider 
this issue. One solution would involve estimating a DEA model in a metafrontier 
framework. Afterwards, the regression model that tries to explain the TE measured 
in the first stage should be chosen.

The selection of a regression model for the second stage is not a minor econo-
metric problem. The first models have been oriented to use Ordinary Least Squares 
(OLS) or Tobit regression (TR). However, after the academic debate between Simar 
and Wilson -henceforth SW-(2007, 2011) and Banker and Natarajan-henceforth 
BN-(2008), a greater use of bootstrapping techniques to make inferences about 
the estimated models was found, not only for OLS and Tobit but also for fractional 
regression models (FRMs).

The OLS estimator and TR have been criticized by SW (2007), because DEA 
efficiencies are defined on the interval (0, 1] and these estimators do not solve the 

1  These authors reviewed published port literature between 1980 and 2000 to investigate how seaport 
research has been conducted from the methodological perspective. They found that the main techniques 
used were descriptive statistics (35.5%), regression (16.9%), DEA (10.2%), Logit model (5.1%) and SFA 
(4.8%).
2  Furthermore, the present paper complements a more recent paper (Chang and Tovar, 2017b), which 
evaluates, with the same dataset, how differences in the terminals’ total factor productivity could be 
explained by certain explanatory variables. See also Tovar and Wall (2019).
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problem linked to serial correlation among the efficiencies. These authors argue 
that the OLS and TR estimators are inconsistent in second-stage regression, thus, 
a truncated regression with a bootstrap procedure should be carried as it does 
give consistent estimators. In the meantime, Banker and Natarajan (2008) pro-
posed a statistical model with a log-linear specification, that produces consistent 
estimations when OLS is used.

According to Ramalho et al. (2010) the data-generating process (DGP) suggested 
byBanker and Natarajan (2008) is less restrictive than the one proposed by Simar 
and Wilson (2007). Furthermore, these authors analyze the efficiency scores as 
descriptive measures of the relative performance of decision-making units (DMUs) 
within the sample, and suggest that using FRMs is the most natural way of model-
ling the endogenous variable values which are bounded between 0 and 1.

With this in mind, this paper analyzes, compares and contrasts the results 
obtained when using each of these approaches in the second stage of the DEA. Thus, 
to sum up, the aim of the present paper is fourfold: a) to identify the drivers explain-
ing the TE for the South Pacific West Coast port terminals using a second DEA 
analysis in a metafrontier framework, b) to discuss the several approaches available 
in the two-stage DEA literature, such as, the linear regression model, estimated by 
OLS, TR, Simar and Wilson (2007) method, Banker and Natarajan (2008) approach 
and the FRMs; (c) to compare and test the results obtained when applied each of 
those models to our dataset, (d) to compare our results with those obtained by Chang 
and Tovar (2014b) to check whether their conclusions could also be upheld using a 
DEA approach.

The contributions of this paper to the available literature are the followings. 
Firstly, to the best of the author’s knowledge, this paper is the first one using a sec-
ond DEA approach in a non-convex metafrontier framework to analyse the technical 
efficiency with respect to the metafrontier (TE*), its components (TEk and TGR) and 
their determinants for the South Pacific West Coast port terminals. This approach 
means an upgrade in the methodology, which enables us to attain more accurate esti-
mations asit takes into account that there could be a heterogeneity problem, due to 
the existence of potential technological differences among the terminals.This way, 
the possibility of the efficiency score being erroneous is eliminated. Secondly, now-
adays there is no consensus about which regression model should be used for the 
second stage of DEA analysis. In this respect, our study summarizes the arguments 
proposed by the different authors (see Fig. 1), which is useful for easily understand-
ing what the different options available in the literature are. Additionally, a survey 
of papers using a second stage DEA to explain port efficiency has been carried out. 
This allows us to assert that the present paper is the first to apply each of the dif-
ferent fractional models. Furthermore, all the other second stage models available 
in the empirical literature have also been estimated to check the robustness of our 
results. Finally, the results respond to the research question; i.e., the identification of 
the specific drivers that explain efficiency levels in those South Pacific West Coast 
terminals. Regardless of the approach used (SFA vs. DEA), the specific drivers 
show the potential utility of these measurements as support tools to port authorities, 
regulators and governments.
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After the previous introduction, the second section presents the methodology 
used and a brief review, not only of the two-stage DEA, but also of its application 
to port literature. Section 3 shows the data. Section 4 discusses the results. Finally, 
Sect. 5 concludes and presents the policy implications.

2 � Two‑stage data envelopment analysis

2.1 � Methodology

Since the appearance of the first DEA models, developed by Charnes et al (1978, 
1979) and Färe et al. (1985), greater interest in this methodology has been taken by 
researchers and policy makers. This is due the non-complex way in which perfor-
mance measurements of firms can be obtained, in order to be able to compare and 
identify best practices.

One of the relevant issues of research in DEA, studied in recent years, is the iden-
tification of the determinants of efficiency. Those articles that have attempted to 
explain technical efficiency have mainly chosen econometrical regression models. 
According to Coelli et al. (2005), they are called models of second stage analysis.

In the first stage, in order to estimate the technical efficiencies (TEi) , a DEA 
model is applied. This methodology estimates the production frontier and measures 
the efficiency relative to the frontier through a linear programming approach. The 
standard DEA method assumes that N DMUs have access to the same technology 
and that they can transform a set of p inputsx , into a set of q outputsy . Thus, given 
the technology setT  , defined as:

Fig. 1   DEA Second Stage conceptual development. Note TR = Tobit regression, BTR = Bootstrapped 
truncated regression, SF = Stochastic Frontier, OLS = Ordinary Least Square, DGP = Data-Generating 
Process, SW = Simar and Wilson, TE = Technical efficiency, FRM = Fractional Regression Model, 
BN =Banker and Natarajan
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the output set can be represented by:

Thus, output-oriented distance function is defined as:

where � ∈ (0, 1) measures the radial distance between the output vector and the pro-
duction frontier, given the technology and inputs. The TE of the ith unit could be 
recovered from the expression:

In practice, the technology set T  and P(x) are unobserved and they should be con-
structed from the data. Thus, the DEA method consists of enveloping the DMUs data 
linked to inputs and outputs through a frontier, called the “best practice frontier”.

Although DEA was initially conceived to analyse cross-sectional data, there are 
several options available to take advantages of having a panel data when estimat-
ing the frontier. At one extreme, all data should be pooled and a unique (unvarying) 
best practice frontier should be estimated (Pooled model). At the other extreme, one 
frontier for each period (Yearly model) should be estimated. Finally, an intermedi-
ate option is to estimate a sequence of overlapping pooled panels (Window model). 
Results could vary considerably depending on the DEA model used.3

It should be noted that the envelopment surface differs depending on the scale 
assumptions of DEA model (constant returns to scale, CRS; variable returns to 
scale, VRS; or non-increasing return to scale, NIRS). Thus, the DEA method esti-
mates the technology set T̂  with CRS as:

where �K , to K = 1,… ,N is the intensity variables over which optimization (3) is 
made. In addition, DEA with VRS could be estimated if the restriction 

∑N

K=1
�K = 1 

is included in (5). Besides, DEA with NIRS would be related with the inclusion of ∑N

K=1
�K ≤ 1 in (5).

(1)T =
{
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p+q
+ |x ∈ ℜ

p
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q

+

}
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3  A detailed analysis about the relative merits of all of these models is out of the scope of this article. 
For a general reference, see Fried et al. (2008) and for a port terminals’ application reference, see Cul-
linane and Wang (2010).
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DEA with VRS can either take an input orientation or an output orientation. In 
this paper we follow an output orientation as Chang and Tovar 2014b. Moreover, 
it should be noted that, for the reasons raised in the introduction section, the DEA 
model will be estimated in a metafrontier framework, where the metafrontier envel-
ops all the group-specific frontiers and, therefore, contains all technologically feasi-
ble input–output combinations.

Recent papers, such as Battese and Rao (2002), Rao et al. (2004) and O’Donnell 
et  al. (2005, 2008) have introduced the concept of the metafrontiers technique, in 
order to take the technology differences among the production entities into account. 
Another relevant issue is related to convexity assumption of the metafrontiers analy-
sis. As noted by Kerstens et  al. (2015) “Even though each group technology may 
be a convex set, the meta-technology defined as the union of such sets is generally 
not convex. Ignoring this issue may result in a potentially poor approximation of 
the meta-frontier, and introduce bias in the evaluation of meta-efficiency”.Therefore, 
and following to Kerstens, et al (2019) and Jin, et al (2019) we have decided to esti-
mate a non-convex metafrontier.

Thus, the non-convex metafrontier can be represented similarly to (3) by:

and the TE with respect to the metafrontier as TE∗
i
(x, y) =

[
D∗

i
(x, y)

]−1.
We can link the TE efficiency with respect to k-th group [ TEk

i

(
xk, yk

)
 ] and the 

metafrontier [ TE∗
i
(x∗, y∗) ] by a ratio of the two TEs, called Technology Gap Ratio 

(TGR​).

O’Donnell et al. (2008) noticed that a convenient decomposition of the TE could 
be obtained from (7):

Thus, TE measured with respect to the metafrontier (TE*) can be decomposed 
into the product of how close a firm is operating to the group-specific frontier (TEk) 
and how close the technology-specific frontier is to the metafrontier (TGR​k).

(6)D∗
i
(x, y) = inf

𝛿
{𝛿 > 0|(x, y∕𝛿) ∈ P∗(x)}

(7)TGRi =
Dk

i

(
xk, yk

)
D∗

i
(x, y)

=
TE∗

i
(x, y)

TEk
i

(
xk, yk

)

(8)TE∗
i
(x, y) = TEk

i

(
xk, yk

)
× TGRi
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Once the TE∗
i
 , TEk

i
 and TGRi scores 4have been obtained, in the second stage they 

are taken as the dependent variable to be regressed with a set of zi independent vari-
ables that could explain the difference of efficiencies among port terminals. Thus, 
and for example, for TE∗

i
 ,a regression model is specified

2.2 � Review of the two‑stage DEA literature

The choice of regression model for the second stage of DEA analysis has undergone 
an important conceptual development in the last ten years. This conceptual develop-
ment has been in the context of the academic debate between BN (2008) and SW 
(2007, 2011), as summarized by Fig. 1.

The first econometric model that appeared in this second stage was the classic 
linear regression model. This model considers that there is a linear relationship 
between the TEs and the parameters ( � ) of the independent variables ( zi ). Thus, 
TEi = zi

�� + �i , OLS was chosen to estimate the regression model, and to infer the 
estimated parameters. However, this approach does not guarantee the estimated TE 
lying inside the interval (0, 1] . In addition, the constant marginal effects are not com-
patible with the bounded efficiencies scores and the existence of a mass point at 
unity in their distribution; i.e., there are usually several values at 1 (Ramalho et al. 
2010).

In order to solve these problems, censored regression models such as the two-
limit Tobit method have been used by some authors, with limits at zero and unity. In 
other words, there is an unobservable latent variable TEi

∗.

If TE∗
i
≤ 0 , the efficiency score for the i-th firm is zero ( TEi = 0 ), if TE∗

i
≥ 1 , 

the efficiency score is one ( TEi = 1 ), and if 0 < TE∗
i
< 1 , TE∗

i
= TEi . Nevertheless, 

this approach has been criticized by SW (2007 and McDonald (2009). Both authors 
agree that there is not a data censured problem, and that the concentration of tech-
nical efficiencies at unity is due to how the efficiencies are defined in the frontier 
model.

(9)TE∗
i
= f

(
zi, �

)
+ �i with i = 1,… ,N

(10)TE∗
i
= f

(
zi, �

)
+ �i

4  To test the robustness of our TE results depending on the DEA model used, the DEA efficiency scores 
were calculated from four different models: The Pooled model, the Yearly model, and, finally, two Win-
dow DEA models, where DEA scores are calculated using moving 5-year and 3-year windows, respec-
tively. We have decided to keep the results from the yearly model for the second stage for two reasons. 
First and foremost, we are interested in discovering which determinants explain the TE∗

i
 , TEk

i
 and TGRi 

scores on a yearly base. (For a similar analysis regarding the changes in those variables, as opposed to 
the levels, interested readers are referred to our paper Chang and Tovar 2017b). The second reason is 
that due to the fact that the TE DEA scores are highly correlated across models, in this way we avoid 
the problem identified by Cooper et al. (2004) of choosing the width for a window and the theoretical 
implications of representing each port terminal as if it were a different one for each period in the window.
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According to SW (2007), in order to use a second stage approach properly and to 
know what is being estimated, it is very important that the DGP of the DEA scores 
is clearly defined. However, the studies that have used censored models (Tobit) have 
not described, in a coherent way, how the censure has arisen. On the other hand, 
there are authors who have proposed using a linear regression model, estimated by 
OLS, in the second stage. In order to avoided boundary problems, they have trans-
formed the DEA score using log, logistic, or log-normal functions. Nevertheless, 
they have not clearly described the DGP.

Another problem that SW (2007) have identified, linked to second stage anal-
ysis, is the fact that technical efficiencies estimated by DEA are serially corre-
lated. As a consequence, the inferences used in these studies are invalid. In that 
sense, these authors describe a data-generating process which is consistent with 
the DEA approach and let us do valid inference. They propose single and double 
bootstrap procedures in a second stage regression context with a truncated model. 
The first algorithm improves the inference, but without taking into account the 
bias term; the latter not only improves the inference, but also produces bias-cor-
rected parameters.

In addition, the censored regression models (Tobit) have been questioned by other 
authors such as BN (2008). They do not find theoretical justification to support a 
second stage with the Tobit method. However, they agree with the linear regression 
model estimated by OLS, because under some assumptions, the OLS estimator pro-
duces consistent estimators. According to Ramalho et al. (2010) the DGP proposed 
by these authors is less restrictive than that suggested by SW (2007).

In the words of McDonald (2009), there are good arguments for treating TE 
estimated by DEA as descriptive measures in a second stage context. The DEA 
efficiency scores can be treated as any other dependent variable in econometric 
analysis, and be estimated by OLS, which is a consistent estimator. In that sense, 
the Tobit method is an erroneous estimation procedure, because the technical 
efficiencies are not generated by a censoring process, but by fractional data. The 
author found that the fractional data estimator of Papke and Wooldridge (1996) is 
asymptotically more efficient than the OLS estimator.

The fractional regression models have been proposed in a second stage DEA con-
text by Ramalho et al. (2010). These models consider that the dependent variable is 
in the interval (0, 1], without assuming that boundary values are observed. Different 
fractional models that use cumulative distribution function, such as log model, pro-
bit model, loglog model and complementary loglog model have been proposed.

All models were estimated by Quasi Maximum Likelihood based on the Ber-
noulli log-likelihood function to ith firm

(11)f
�
zi, �

�
=

⎧
⎪⎪⎨⎪⎪⎩

exp
�
z
�

i
�
�

1+exp
�
z
�

i
�
� ,

Φ
�
z
�

i
�
�
,

exp
�
− exp(−z�

i
�
�
),

1 − exp
�
− exp(z�

i
�
�
),

Logitmodel

Probitmodel

loglogmodel

Complementaryloglog
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And the Quasi Maximum Likelihood estimator of � is defined by

According to Ramalho et  al. (2010) linear regression models and censured 
models do not constitute a reasonable data-generating process for DEA scores. 
Nevertheless, fractional regression models are better for modelling the boundary, 
especially the complementary loglog model. However, in order to solve the serial 
correlation, and ensure that the inference made will be valid, it is necessary to 
apply bootstrap methods when the fractional regression models are estimated.

Although, there is no consensus about the choice of the regression model for the 
second stage, in our second stage we chose to estimate different fractional models, 
such as log model, probit, loglog and complementary loglog (where the TE∗

i
 , TEk

i
 

and TGRi scores are the dependent variables analysed) because we agree with the 
arguments proposed by Ramalho et al. (2010). However, to check the robustness of 
our results we will also estimate a second stage linear regression model using all the 
other models proposed in the literature: OLS, TR, the BN (2008) approach, and the 
bootstrapped truncated regression following SW (2007).

2.3 � Brief review of the two‑stage DEA port literature

An overview of the papers using DEA-second stage to explain the influence of cer-
tain contextual variables on port efficiency5 is provided by Table  1. With regard 
to the DMUs analyzed, most articles have analyzed the efficiency of port termi-
nals, while, on the other hand, just a few studies have analyzed the efficiency of 
port authorities; only two out of the fourteen. Ten out of the fourteen studies have 
used panel dataFinally, some papers have included the DMUs of different countries 
(Turner et al. 2004; Yip et al. 2010; Bergantino and Musso 2011; Niavis and Tsek-
eris 2012; Yuen et al. 2013; and Figueiredo and Cariou 2015). Nevertheless, these 
latter studies have not evaluated the potential technological differences between the 
DMUs.

Regarding the variables used in the first stage, an increasing amount of stud-
ies have used physical variables to measure the inputs and outputs. Most of papers 
have used an aggregate output such as cargo throughput (Turner and Dresner 2004; 
Yip et al. 2010; Bergantino and Musso 2011; Niavis and Tsekeris 2012; Yuen et al. 
2013; Wan et al. 2014; Figueiredo and Cariou 2015) whereas others have considered 
more than one output such as cargo throughput by type of cargo and/or number of 

(12)LLi(�) = TEi log f
(
zi, �

)
+
(
1 − TEi

)
log

(
1 − f

(
zi, �

))

(13)�̂ = argmax

N∑
i=1

LLi(�)

5  A systematic overview of contextual variables influencing on terminals’ efficiency is out of the scope 
of the present paper but could be find in Bichou (2009).
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ships, and so on (Pestana and Managi 2008; Wanke et al. 2011; Wanke 2013; Wanke 
and Pestana 2015, 2016; and Tovar and Wall 2017).

With respect to inputs variables, the majority of the studies have used only capital 
variables; eleven out of the fourteen4 (Turner, et al. 2004; Yip et al. 2010; Bergan-
tino and Musso 2011; Wanke et al. 2011; Niavis and Tsekeris 2012; Wanke 2013; 
Yuen et al. 2013; Wan et al. 2014; Figueiredo and Cariou 2015; Wanke and Pestana 
2015, 2016). The main variables used are quay length, number of cranes, number 
of yard gantries, number of berth, yard area, and so on. Relatively, few studies have 
used both capital and labour variables (Pestana and Managi 2008; Ju and Liu 2015; 
and Tovar and Wall, 2017). On the other hand, only one paper has used a monetary 
measurement to outputs and inputs variables (Ju and Liu 2015).

Although the specification of inputs and outputs are essentially ad hoc, the choice 
of these variables in the case of a DEA model is not a trivial matter. This is due to 
the fact that this method does not allow us to carry out statistical hypotheses tests, 
and the omission of variables might have an adverse effect on the efficiency.6 There-
fore, when a DEA approach is considered, the choice of input and output variables 
should represent the productive processes of port/terminals. In that sense, variables 
linked to capital and labour should be included.7 With this in mind, the present paper 
will consider information linked to outputs, such as general cargo (distinguishing 
between containerized cargo,and non containerized) and bulk cargo. With regard to 
the input variables, capital variable will be approximated by using the stock of net 
fixed assets and the labour variable by using the number of workers.

Regarding the model followed in the second stage, we found articles that use a regres-
sion model estimated by OLS (Yip et al. 2010; and Ju and Liu 2015); a TR (Turner et al. 
2004; Wanke et al. 2011; and Wan et al. 2014); a bootstrapped truncated regression fol-
lowing SW (2007) approach (Pestana and Managi 2008; Wanke 2013; Figueiredo and 
Cariou 2015; Wanke and Pestana 2015; and Tovar and Wall 2017) and both the TR 
method and bootstrapped truncated regression following SW (2007) approach (Niavis and 
Tsekeris 2012; Yuen et al. 2013; and Wanke and Pestana 2016). This paper contributes to 
the literature because it is the first one that applies the different fractional models such as 
log, probit, loglog and complementary loglog suggested by Ramalho et al. (2010).

The dependent variables used are TE with CRS, and/or VRS and/or scale effi-
ciency scores. In our case, we use as the dependent variable the technical efficiency 
with variable returns to scale. When it comes to contextual variables, we found the 
following: public vs. private management (Wanke et al., 2011; Niavis and Tsekeris 
2012; Yuen et al. 2013; Wanke 2013; Wanke and Pestana 2015, 2016), any relation-
ship between the types of cargoes (Yip et al. 2010; Wanke et al. 2011; Wanke 2013; 
Wanke and Pestana 2015; 2016; and Tovar and Wall 2017), hinterland size (Pestana 

6  Data accuracy, imprecision and missing values are common problems. To the previously mentioned 
problems, a useful approach could be Imprecise DEA (Zahran et al. 2020).
7  However, there are a lot of papers that, due to the difficulties in accessing that data, ignore this variable 
or try to approximate it through another capital variable; for example, the number of cranes. It should be 
noticed that both capital and labour variables should be included in the estimation, unless it is demon-
strated that there is a perfect complementarity between them. To the best of our knowledge this relation-
ship has never been demonstrated.
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and Managi 2008; Bergantino and Musso 2011; Niavis and Tsekeris 2012; Polyzos 
and Niavis 2013; Wanke 2013; Yuen et al. 2013; Wan et al. 2014; Figueiredo and 
Cariou 2015; Wanke and Pestana 2015; 2016), any variable that measures port size 
(Turner, et  al., 2004; Pestana and Managi 2008; Yip et  al., 2010; Bergantino and 
Musso 2011; Niavis and Tsekeris 2012; Polyzos and Niavis 2013; Wan et al. 2014; 
Figueiredo and Cariou 2015; and Ju and Liu 2015); connectivity (Wanke et al. 2011; 
Niavis and Tsekeris 2012; Polyzos and Niavis 2013; Wanke 2013; Wan et al. 2014; 
Wanke and Pestana 2015; 2016), the level of competition (Yip et al. 2010;Yuen et al. 
2013; Wan et al. 2014; Figueiredo and Cariou 2015; Wanke and Pestana 2015; 2016; 
and Tovar and Wall 2017) time trend (Pestana and Managi 2008; Yip et al. 2010; 
Bergantino and Musso 2011) and time trend squared (Pestana and Managi 2008).

With this in mind, contextual variables related to type of management (dummy 
variable: 1 private and 0 public), type of cargoes (containerization index, bulk rate), 
hinterland size (population, area of region, density and regional gross domestic 
product), terminal port size (maximum draft, maximum length, number of berth), 
connectivity (road access, kilometres of asphalted road and railway access) and level 
of competition (number of terminals, distance to the nearest port) are obtained from 
each terminal, and they will be tested in second stage models. Moreover, and follow-
ing Pestana and Managi (2008) a time trend and time trend squared will be tested to 
analise the port terminals’ TE and TGR levels over time.8

3 � Data

To estimate the DEA (VRS) efficiencies scores ( TE∗
i
 , TEk

i
 ) and TGRi scores in the 

first stage, we consider the principal public use marine terminals in Peru and Chile. 
We gathered information related to fourteen terminals9 from 2004 to 2014, seven in 
each country (see Table 2).

Recently and applying a Latent Class Stochastic Frontier Model10 to the same data-
set (to take into account for possible technological differences among terminals) Chang 
and Tovar (2017a) have shown that two groups (classes) can be distinguished. These 
two classes of terminals differ not only in size but also in the degree of mechanisation, 
as pointed out by Chang and Tovar (2017a): Class 2 groups mainly large terminals 
with more employees, more equipment, and more infrastructure. Also, Class 2 has other 
superior physical variables, such as machinery, draughts, berths, and length of berths. 

8  The time trend shows the efficiency evolving in a period. If firms improved their efficiency the coef-
ficient linked to this variable would be positive. The time trend squared variable is included to allow 
more flexibility when modelling the temporary pattern of TE. We included both in our model because 
we believe that, due to the effect of learning by doing, when time pass leads to a more efficient situation 
although to a diminishing rate. Therefore, we expect that the coefficient linked to time squared variable 
ends up being negative.
9  The data used was obtained from various sources and is the same that the one used in Chang and 
Tovar, (2017a). The reader interested in more details about the dataset, can find it there.
10  Chang and Tovar (2017a) found that Latent Class Stochastic Frontier Model, with two classes, fits 
the unobserved heterogeneity of the Peruvian and Chilean port terminals better than the other Standard 
Stochastic Frontier Models.
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Regarding the degree of mechanisation, Class 2 terminals have a high container/bulk 
ratio, containerisation index, and a bulk rate, in comparison with Class 1 terminals.

Chang and Tovar (2017a) provided evidence that there is different technology by 
class. Therefore, this fact has to be taken into account when estimating technical 
efficiency in the first stage to obtain accurate results. Thus, we borrow their classifi-
cation of terminals (see Table 2) to estimate the DEA model in a metafrontier frame-
work. This choice let us avoid the biased results obtained if a standard DEA is cho-
sen when, as occur in this case, there are technological differences among terminals.

Table 3 shows the variables used in the estimation.
Idyllically, the three output11 variables should be included, but to avoid “the curse 

of dimensionality” and, at the same time, to take into account the multi-output nature 
of the port terminals, an aggregate output variable, using Principal Component Anal-
ysis (PCA), was built (Chang and Tovar 2017b). Therefore, and as Table 3 shows, 
one output and two inputs (labor and capital) were used in the first stage.

Table 2   Peru and Chile: public use port terminals analysed. Source: Adapted from Chang and Tovar 
(2017a)

Country Class Terminal Located in port… Main type of cargo 
handled

Management

Peru 2 Paita Paita Containers Private. Concession 
agreement: 2009

1 Salaverry Salverry Bulk Public
1 Chimbote Chimbote General Public
2 Callao North Callao Containers and Bulk Private. Concession 

agreement: 2011
2 San Martin San Martín Bulk Public
1 Matarani Matarani Bulk Private. Concession 

agreement: 1999
2 Ilo Ilo General and bulk Public

Chile 1 Arica Arica Containers Private. Concession 
agreement: 2004

1 Iquique Iquique Containers Private. Concession 
agreement: 2000

2 Mejillones Mejillones Bulk Private. Concession 
agreement: 2000

2 Antofagasta Antofagasta Containers and Bulk Private. Concession 
agreement: 2000

2 Valparaiso Valparaiso Containers Private. Concession 
agreement: 1999

2 San Antonio San Antonio Containers Private. Concession 
agreement: 1999

1 San Vicente San Vicente Containers Private. Concession 
agreement: 1999

11  Peruvian terminals analysed in this paper manage three type of cargo: containerized cargo, general & 
rolling freight and bulk cargo.
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The second stage allows us to model the TE∗
i
 , the TEk

i
 and the TGRi scores as a 

function of the firm-specific variables that we consider may influence a port termi-
nal’s efficiency. As Table 3 shows, we consider several variables following our lit-
erature review (see last paragraph in Sect. 2.2). The best models for each dependent 
variable were obtained with the variables shown in the following equations:

where the containerization index is defined by dividing containerized merchan-
dise by the total general cargo; bulk rate is defined by dividing bulk cargo by the 
total cargo; capital ratio variable is defined by dividing capital by labour; berth 
variable represents the number of berths in each terminal; distance variable is the 
natural logarithm of distance to the nearest port and occupancy rate is defined by 
dividing the effective hours of berth occupancy by the potential hours of berth occu-
pancy, dgest is a dummy variable that accounts for the type of management (public 
or private), class is a dichotomous variable that takes a value of 1 or 2 depending 
on whether the terminal belongs to Class 1 or Class 2 respectively, trend represents 
time and takes values from 1 to 11 for each year, �, �, �, � are the parameters vectors 
to be estimated, and εi,t,εi,t,μi,t,ωi,t, �i,t,�i,t are random variables.

The bulk rate and containerization index are variables that account for the degree 
of mechanization at the terminals an it is presumed that the higher the level of mech-
anization (either in bulk or container), the higher efficiency.12 On the other hand, we 
expect that private mamagement leads to a more efficient situation.

Capital ratio variable represents the capital intensity; i.e. the amount of capital 
present in relation to labour. We expect that higher capital intensity at port terminals 
permits higher efficiency. Berth is a proxy variable of the size of a port terminal. It 
is expected that larger terminals will be more efficient.

The distance to the nearest port is a variable that accounts for the influence of 
the degree of inter-port competition on technical efficiency.13 This variable has been 

(14)TE∗
it
= f

(
containerindexi,t, bulkratei,t, dgesti,t,

berthi,t, distancei,t, occupancyratei,t, classi, �

)
+ �i,t

(15)TGRit = f
(
bulkratei,t, dgesti,t, berthi,t, distancei,t, classi, trendt, �

)
+ �i,t

(16)TEk=1
it

= f
(
bulkratei,t, capitalratioi,t, berthi,t, distancei,t, �

)
+ �i,t

(17)TEk=2
it

= f
(
bulkratei,t, dgesti,t, distancei,t, occupancyratei,t,�

)
+ �i,t

12  Container index, bulk ratio, occupancy rate and dgest variables have been identified by Chang and 
Tovar (2014b) as specific explanatory variables that contribute to reducing the inefficiency of Peruvian 
and Chilean port terminals.
13  Another commonly used proxy for inter-port competition is the Herfindahl–Hirschman Index (Figue-
iredo De Oliveira and Cariou 2015). Nevertheless, the construction of this variable requires very compre-
hensive data to appropriately define the relevant market of each kind of cargo. This data is not available 
for each terminal for the whole period.
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used by Yuen et  al. (2013) who concluded that inter-port competition has a posi-
tive impact on container terminal efficiency, but it is negatively correlated with the 
growth of efficiency. As Figueiredo De Oliveira and Cariou (2015) have recently 
stated the impact of inter-port competition on port efficiency remains ambiguous 
and deserves further investigation. Thus, increasing inter-port competition could 
impact positively on port efficiency, but it may also have the opposite result.

Occupancy rate is included to consider the idle capacity. Because this indicator was 
below 70% for all terminals during the period analysed (when it is above 70% there is con-
gestion -APN, 2010-) we expect that the higher the occupancy rate the higher the efficiency 
level. Finally, with respect to the trend variable, we expect a positive effect over time.

As Table  3 shows, Class 2 groups mainly large terminals which are also more 
capital-intensive than Class 1 terminals.

4 � Results

Figure 214 shows the evolution of the average TE∗
i
 and the average TGRi . The Class 

2 terminals show always higher levels of TE than the other Class. The average TE∗
i
 

with VRS were 54.6% and 77.2% for Classes 1 and 2, respectively implying that 
the average output of Class 1 and Class 2 terminals could be a 45.4% and 22.8% 
higher using the same input levels and the production technology available at the 

 -

 0.10

 0.20

 0.30

 0.40

 0.50

 0.60

 0.70

 0.80

 0.90

 1.00

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

TE* Class 1 TE* Class 2 TGR Class 1 TGR Class 2

Fig. 2   Average Technical efficiency (TE*) and Technological Gap Ratio (TGR), by class, 2004–2014

14  Remember that TE∗
i
 , TEk

i
 and TGRi scores are calculated following the yearly model because in the 

second stage, as we explained in footnote 3, we are interested in analysing the drivers of the variable 
levels each year and not in analysing the drivers of the changes in variables between the years. (The lat-
ter could be done by computing Malmquist productivity indices using metafrontiers, as Chang and Tovar 
(2017b) have recently shown). Therefore, Fig.  2 should be understood as reflecting how the levels of 
those variables change regarding the frontier of each year.
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metafrontier. Furthermore, the TGR of Class 2 terminals was higher than the TGR 
of Class 1 terminals in a yearly base for the whole period; that is to say Class 2 
terminals produce under better technological conditions. Nevertheless, the TGR of 
Class 1 terminals has evolved positively since 2008 in a yearly base; i.e., the termi-
nals of this class have been catching up with the best available technology.

The average TE∗
i
15 and the average TGR∗

i
16 by terminal during the whole period 

are shown in Fig. 3. The terminals of Callao North, San Antonio, Mejillones and 
Arica were found to be the most efficient; and the least efficient were Ilo, Iquique 
and Chimbote. Our results also show that chilean port terminals are more efficient 
than the peruvian ones. On average, the technical efficiency of chilean terminals and 
peruvian terminals were 72.0% and 63.0%, respectively. These results were expected 
and associated, as shown by Chang and Tovar (2014a,2014b) primarily with the 
speed in the process of reforms in Chile which fostered a greater investment in infra-
structure and technology.

The blue and red diamonds (Fig. 3) represent the average TGR of Class 1 and 
Class 2 terminals, respectively. Thus, all the Class 2 terminals have a value of one 
for the TGR, therefore these terminals produce with the best available technology. 
Conversely, no Class 1 terminal has a value of one for the TGR. Then again, when 
the TGR of a terminal is equal to the TE∗

i
 , it indicates that this terminal is at the 

frontier of its class. Thus, Salaverry, San Vicente and Chimbote make up the frontier 

 -

 0.10

 0.20

 0.30

 0.40

 0.50

 0.60

Class 1 Class 2

 0.70

 0.80

 0.90

 1.00

Fig. 3   Average Technical efficiency (TE*) and Technological Gap Ratio (TGR), by terminal, 2004–2014

15  This is the average technical efficiency with respect to the metafrontier and its value varies between 0 
and 1.
16  This is the average relationship between the technical efficiency with respect to k-th group 
[TEk

i

(
xk, yk

)
] andthe technical efficiency with respect to the metafrontier  [TE∗

i
(x∗, y∗)].
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of Class 1, and Callao North, Mejillones and San Antonio form the frontier of Class 
2, for all the period.

The following tables show the second stage analysis. Table 4 shows the regres-
sion models in a non-convex metafrontier context; i.e., it takes into account the TE∗

i
 

of the fourteen terminals as a dependent variable. Table 5 presents the regression 
models where TGR is the dependent variable, while Table 6 and Table 7 present the 
regression models linked to Class 1 and Class 2 terminals, respectively. That is to 
say, they take as dependent variables the technical efficiency score of the terminals 
belonging to each class measured with their own group frontier: TE1

i
 and TE2

i
 . In all 

cases, the main second stage models available in the empirical literature have been 
estimated.

Regarding the regression models that are related to the metafrontier, Table  4 
shows that the coefficients of the container index variable have the expected sign and 
were significant at the usual level for all models, except for the models estimated by 
OLS, TR and SW (2007) approach. Moreover, the coefficients of the bulk ratio have 
the expected sign and were significant at the usual level in all models. It means that 
the greater the degree of mechanization, the higher the level of efficiency.

The coefficients of dgest are positive and also significant in all regression mod-
els, which indicates that private management contributes positively to technical effi-
ciency. As shown by Chang and Tovar, (2014b) this result could be related to the 
institutional rather than the type of ownership.

The coefficients of the distance variable are positive and significant at usual levels 
in all the regression models. Therefore, it seems that a greater distance to the near-
est port contributes to increasing the TE at port terminals. Thus, as Figueiredo De 
Oliveira and Cariou (2015) concluded, we found that efficiency does not always go 
hand in hand with competition. This could be explained by the technological char-
acteristics of this industry, such as the presence of high sunk costs and the reduced 
market size in the region.

The positive coefficient of occupancy rate means that the lesser the idle capac-
ity of terminals the higher the levels of TE. The parameters are significant at the 
usual level in all models. Moreover, the coefficients of the berth variable are positive 
and significant, at the usual level in all models; thus, it seems that the levels of TE 
changes directly in accordance with the size of the port terminal.

Finally, the coefficients of the class variable are positive and significant at the 
usual level in all models, except for loglog specification of the fractional model sug-
gested by Ramalho et al. (2010). Therefore, our results show that terminals which 
belong to Class 2, i.e., that operate using the Class 2 production technology, have a 
higher TE level than Class 1 terminals.17

It should be noted that the results linked to those variables in common with 
Chang and Tovar (2014b), the container index, bulk ratio, occupancy rate and dgest 
variables, are similar to those obtained by the aforementioned authors. This fact con-
firms that these results are robust, no matter whether the SFA or DEA approaches 
are followed.

17  Remember that this variable is equal to 1 when terminal belongs to class 2 and zero otherwise.
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Table 5 presents the regression models where TGR is the dependent variable. It 
shows that the coefficients of bulk ratio have the expected sign and are significants 
at the usual level in all models. It means that the greater the degree of mechanization 
available to move bulk, then the higher the TGR; i.e., the higher degree of mechani-
zation linked to moving bulk, then the higher the catching up effect.

When it comes to the coefficients of dgest (type of management), they are posi-
tives and significants in all the regression models. Therefore, they indicate that 
private management enables terminals to advance towards the best available 
technology.

Additionally, the coefficients of the berth variable are significants, at the usual 
level in all models, except for the coefficient linked to the linear regression estimated 
by OLS and the coefficient linked to the Banker and Natarajan (2008) method. Thus, 
as coefficients are positives and significants, it seems that the TGR changes directly 
in accordance with the size of the port terminal.

The coefficients of the distance variable are positives and significants at usual lev-
els in all the regression models. Therefore, it seems that the TGR changes inversely 
in accordance with the inter-port competition.

The coefficients of the class variable are positives and significants at the usual 
level in all models. Therefore, again our results show that terminals which belong 
to Class 2, have a higher TGR in comparison with Class 1 terminals. That is to say 
Class 2 terminals have a technological advantage when compared with the other 
class terminals.

Finally, the coefficients of the trend variable are positives and significants at the 
usual level in all models, except for linear regression estimated by OLS and the coef-
ficient linked to the BN (2008) method. Therefore, our results show that the termi-
nals have increased their TGR over time and that they are converging with the best 
available technology.

As expected, there are differences between the results of the models linked to 
contextual variables in Class 1 and Class 2 (Tables 6 and 7, respectively) and those 
obtained for the metafrontier (Table 4). It seems that the container index variable is 
no longer a driver that explains TE. Furthermore, neither dgest nor occupancy rate 
variables in Class 1, nor the berth variable in Class 2 explain the TE levels. How-
ever, the bulk ratio result does not change; i.e., the higher degree of mechanization 
for moving bulk cargoes positively influences the TE in both classes, and it seems 
that the capital ratio variable explains the TE in Class 1.

The dgest variable is positive and significant at the usual level in all models in 
Class 2 but it is not significant in Class 1. It indicates that private management con-
tributes positively to the TE levels, but only in the Class 2 terminals.

The coefficients of the capital ratio variable are positives and significants at the 
usual levels in all models in Class 1, in contrast to the regression models which are 
related to the metafrontier. In this way, a greater intensity of capital leads to greater 
TE in Class 1 terminals. However, the coefficients of the capital ratio variable are 
not significants in all Class 2 models; this could be due to the fact that the capital 
ratio in Class 2 terminals is more or less appropriate.

The coefficients of berth variable are positives and significants at usual levels in 
all Class 1 models, except in the TR and the SW (2007) model, but they are not 
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significants for Class 2. Therefore, it suggests that for Class 1 terminals, the bigger 
the terminal the higher the TE level, whereas this variable is not relevant for Class 2 
terminals.

The coefficients of the distance variable are positives and significants at the usual 
levels in all Class 1 and Class 2 models, except for the linear regression estimated by 
OLS and SW (2007) model in Class 1 and the BN (2008) method for both classes. 
Thus, the results suggest that a higher level of inter-port competition reduces the TE 
level.

Finally, the coefficients of occupancy rate are positives and significants for all 
models in the case of Class 2 terminals, but they are never significants for Class 1 
terminals. Therefore, it seems that this variable is only relevant for explaining the 
efficiency in the case of Class 2 terminals.

5 � Conclusions

DEA is the most popular method used for measuring efficiency/productivity in 
the port sector. To analyse efficiency drivers, DEA has to follow a two-stage pro-
cess. As it has been shown in this paper, it is key how these two stages are per-
formed in order to obtain accurate estimates.

The influence of certain contextual variables in the efficiency levels of peru-
vian and chilean port terminals was evaluated through a two-stage non-convex 
metafrontier DEA approach. In the first stage, and due to the existence of techno-
logical differences among the terminals, this paper estimates technical efficien-
cies using a non-convex metafrontier DEA approach. Moreover, in the second 
stage, we consider all the different regression models found in the literature that 
try to explain the TE levels with respect to the metafrontier (TE*), with respect to 
the group-specific frontier (TEk) and TGR obtained in the first stage.

The first-stage results show that, on average, between 2004 and 2014 the TE* 
were 54.6% and 77.2% for Classes 1 and 2 respectively. The terminals of Callao 
North, San Antonio, Mejillones and Arica were the most efficient, followed by 
Pisco, Valparaiso, Salaverry, Paita, Matarani, San Vicente and Antofagasta; and 
finally were Ilo, Iquique and Chimbote.

The literature review shows that the contextual variables usually tested as 
port terminals’ TE drivers were the type of management, type of cargoes, hinter-
land size, port size, connectivity, level of competition, time trend and time trend 
squared. These variables were obtained from each terminal and they were tested 
in second stage models.

Regarding the regression models related to the metafrontier, the results show 
that the degree of mechanization to move container cargo and bulk cargo (con-
tainer index and bulk ratio variables), private management, size and the occu-
pancy of berths all positively affect the TE of port terminals; however, the inter-
port competition negatively affects the TE. Moreover, there are some differences 
between Class 1 terminals and Class 2 terminals, as terminals belonging to Class 
2 show a higher TE level. Therefore, these results provide evidence that there 
are differences by class, which the proposed approach (a non-convex metafrontier 
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framework) captures properly. What is more, it should be noted that four of the 
previous variables (container index, bulk ratio, private management and occu-
pancy of berths) were also identified as efficiency drivers by Chang and Tovar 
(2014b), with similar results to the ones obtained here; thus, we can confirm that 
these results are robust no matter the approach (SFA vs. DEA) used.

With respect to second stage models related to TGR the results show that the 
degree of mechanization to move bulk, private management, size, the fact of 
belonging to Class 2 and the time trend all affect the TGR positively. That is to 
say they are all variables which contribute to converging on the best available 
technology, whereas the inter-port competition affects the TGR negatively.

However, when the sample is divided by class, to take into account how close 
a firm is to operating on the group-specific frontier, some results change. It seems 
that the container index variable is not a driver that explains the TE in both 
classes. Likewise, the type of management and the occupancy rate variables in 
the case of Class 1, and the size of port terminals in the case of Class 2 are not 
variables that explain the TE levels anymore. In contrast to the regression mod-
els related to the metafrontier, a greater intensity of capital in Class 1 terminals 
increases their TE. Last but not least, it should be noted that the results obtained 
are robust across all the estimated models.

Therefore, it is suggested that the policy makers for the South Pacific West 
Coast terminals take into account the determinants of TE and TGR found in this 
paper, in order to guide their public policies. These determinants are the degree 
of mechanization to mobilize containers and bulk cargoes, the private manage-
ment, the capital intensity, the size, the inter-port competition, the occupancy of 
berths and the time trend.

The empirical evidence shows that private management increases the TE of all 
terminals with regard to the metafrontier and the efficiency of Class 2 terminals 
related to their own frontier; this suggests that both Peruvian and Chilean gov-
ernments should promote more private participation in the management of other 
terminals, and that the Peruvian government should continue with the concession 
process of the Ilo and Chimbote terminals.

Furthermore, the results show that policy measures should be oriented towards 
improvements in the degree of mechanization in both classes and to increasing 
the size of terminals, mainly Class 1 terminals. Moreover, the occupation rate 
variable shows that it is necessary to increase the volume of cargoes managed 
by the terminals. This could be done through marketing policies design to attract 
more and/or new cargoes. This is mainly the case for Class 2 terminals. Like-
wise, the capital intensity in Class 1 terminals should be increased. It should be 
noted that Class 1 terminals are less capital intensive and smaller than their Class 
2 counterparts. Thus, the investments in Class 1 terminals should be oriented 
mainly to increase their infrastructure and equipment, so that they increase their 
size and become more capital intensive.

Finally, our results suggest that inter-port competition negatively affects ter-
minal efficiency scores for both classes. Indeed, although this result could be 
explained by the technological characteristics of this industry, such as the pres-
ence of high sunk costs and the reduced market size in the region, we consider 
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that the impact of inter-port competition on port TE is unclear and requires addi-
tional investigation.

To conclude, both countries’ regulatory agencies should take into considera-
tion the extremely important issue of the treatment of heterogeneity in order to 
introduce an asymmetric incentive mechanism, according to each class’s technol-
ogy of production. This would avoid, the estimated efficiency being erroneous 
(and, a as a consequence, a terminal being considered erroneously not efficient) 
and it would avoid identifying untruthful drivers that generate erroneous public 
policies. This fact opens the door to the necessary cooperation among the regula-
tory agencies in the region to evaluate port efficiency using a dataset which con-
tains all the relevant homogeneous classes of ports in the region. This is espe-
cially true when the number of ports in a country is not enough to get reliable 
results.
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