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Abstract
Purpose – The purpose of this study is to explore the link between aggregate production efficiency and the
extent of linguistic clustering in Indonesia.
Design/methodology/approach – The author draws on the stochastic frontier model and applies it to
the data on Indonesian provinces to compute the effects of various determinants on these provinces’
aggregate production efficiency. The key determinant is the spatial index of linguistic clustering that the
author believes has never been applied before in this context.
Findings – Linguistic clustering is an important determinant of aggregate production efficiency. Linguistic
diversity is positively associated with productive efficiency if members of a specific linguistic group are not
clustered beyond a certain level.
Originality/value – To the best of the author’s knowledge, this is the first study that links the spatial
index of linguistic clustering (because of Massey and Danton) to production efficiency. In other words, the
contribution of this study is to introduce a geographical dimension to the mainstream analysis of the
association between ethnic diversity and economic performance.

Keywords Linguistic clustering, Linguistic fragmentation, Aggregate production efficiency,
Conflict, Social cohesion

Paper type Research paper

1. Introduction
Linguistic differences affect economic outcomes. Greenberg (1956) introduced a measure of
linguistic diversity as a function of shares of the country’s population who speak different
languages, suggesting that highly fragmented societies are likely to be fraught with
conflicts inhibiting these societies’ ability to use scarce resources efficiently. A seminal
contribution of Easterly and Levine (1997) confirms this view. Alesina and La Ferrara (2005)
provide a comprehensive overview of research regarding the relationship between linguistic
fragmentation and economic performance and conclude that the sign of the association is
mostly negative. A recent literature survey by Ginsburgh and Weber (2020) concludes that
“linguistic fragmentation has an adverse impact on economic development and growth.”

© Alexandre Repkine. Published in Applied Economic Analysis. Published by Emerald Publishing
Limited. This article is published under the Creative Commons Attribution (CC BY 4.0) licence.
Anyone may reproduce, distribute, translate and create derivative works of this article (for both
commercial and non-commercial purposes), subject to full attribution to the original publication and
authors. The full terms of this licence maybe seen at http://creativecommons.org/ licences/by/4.0/
legalcode

The author thank the three anonymous referees for their helpful comments that have helped to
substantially improve the quality of this manuscript.

AEA
31,92

126

Received 15April 2022
Revised 16 December 2022
3 April 2023
Accepted 9May 2023

Applied Economic Analysis
Vol. 31 No. 92, 2023
pp. 126-144
EmeraldPublishingLimited
2632-7627
DOI 10.1108/AEA-04-2022-0124

The current issue and full text archive of this journal is available on Emerald Insight at:
https://www.emerald.com/insight/2632-7627.htm

Downloaded from ftp.​nowpublishers.​com/​aea/​article-pdf/​31/​92/​126/​353054/​aea-04-2022-0124.​pdf by guest on 12 September 2026

http://dx.doi.org/10.1108/AEA-04-2022-0124


One of the major reasons why fragmented societies are performing worse compared to
their more homogeneous counterparts appears to be that fragmentation creates some sort of
conflict. Thus, Easterly and Levine (1997) conclude that ethno-linguistic interest groups
engage in rent-seeking behavior that hampers the provision of public goods. Fishman (1968)
praises the ability of more homogeneous societies to keep “primordial passions” under
control. Nettle (2000) concludes that “linguistic fragmentation leads to social division,
conflict, factionalism, and corruption.” Desmet et al. (2012) find a strong link between
linguistic fragmentation and civil conflict.

Several studies, however, have indicated that social fragmentation per se is not
necessarily causing social conflict. Thus, Horowitz (1985) argues that conflicts are less likely
to arise in either highly homogeneous or highly heterogeneous societies. Esteban and Ray
(1994) show that it is polarization, not diversity, that is generating social tensions. Montalvo
and Reynal-Querol (2005) arrive at a similar conclusion.

Both diversity and polarization measures discussed above are invariant with respect to
the spatial distribution of the various groups’ members. Yet, geographical distribution of
the various social groups is likely to be important for economic performance, as a number of
studies suggest that these patterns affect the extent of social cohesion. Thus, Cutler and
Glaeser (1997) find a negative effect of racial segregation on the economic performance of the
black US citizens blaming segregation for a lack of social cohesion. Rothwell (2012) argues
that the extent of different ethnicities’ spatial segregation is important to the formation of
social cohesion. Sturgis et al. (2014) conclude that social cohesion of London communities is
affected by these communities’ spatial segregation.

The theoretical framework of Esteban et al. (2012) links conflict intensity to the social groups’
diversity, polarization and cohesion. Based on this theory, we contribute to the empirical
literature on the association between linguistic heterogeneity and economic performance by
using the extent of spatial linguistic segregation as a proxy for social cohesion and explicitly
incorporating this measure into an empirical model linking aggregate productive efficiency to
linguistic fragmentation and social cohesion. Our contribution is, thus, not to modify or extend
the theory of Esteban et al. (2012) but to use it as a foundation of our empirical framework.

We use a rich data set on 26 Indonesian provinces for the period between 1983 and 2007.
We chose Indonesia, as it is one of the world’s most linguistically diverse economies with
our database containing detailed information on 399 living languages currently spoken
there. The period between 1983 and 2007 because the data on the provincial-level capital
stock was available for this period.

We propose to measure linguistic segregation by an index of absolute clustering
developed byMassey and Denton (1988) that increases in the extent to which speakers of the
same language tend to reside in close geographical proximity to each other. To compute this
index, we use a uniqueWorld LanguageMapping System (2004).

We find that linguistic clustering is an important determinant of the aggregate productive
efficiency. We formulate and test three hypotheses related to the link between linguistic
clustering and productive efficiency. We find that the two are positively associated with each
other and that linguistic diversity is positively associated with the productive efficiency unless
the competing linguistic groups are clustered beyond a certain threshold level.

This paper is organized as follows. We review existing literature on the estimation of
technical efficiency levels and their determinants in Section 2. In Section 3, we derive a
theoretical basis for our empirical work based on the model of Esteban et al. (2012). Section 4
discusses the index of absolute linguistic clustering. In Section 5, we describe our data
sources. In Section 6, we present our empirical results. Section 7 discusses, and in Section 8,
we provide general summary and conclusions.
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2. The estimation of technical efficiency levels and their determinants
The stochastic frontier analysis framework (SFA) we use in this study was introduced more
than 40 years ago independently by Aigner et al. (1977) and Meeusen and van den Broeck
(1977), spawning thousands of both applied and theoretical contributions. The main feature
of the SFA paradigm is a composite error term in the formulation of the stochastic
production frontier of the form «it = vit � uit that represents deviations of the actually
observed output level yit from the parametric frontier f(xit), where xit is a vector of inputs for
a decision-making unit (DMU) i at time t. The DMU’s inefficient use of productive resources
is captured by an asymmetric component uit� 0 that is often assumed to be distributed half-
normally or exponentially, although gamma and other one-sided distributions have been
suggested in the literature (a comprehensive review in Greene, 2008).

While the contributions of Aigner et al. (1977) and Meeusen and van den Broeck (1977)
allowed for the estimation of average levels of technical (in)efficiency in a sample of DMUs,
the problem of evaluating the individual levels of technical inefficiency remained unsolved
until Jondrow et al. (1982) suggested estimating the individual inefficiency components uit as
their expectations conditional on the estimated values of the composite error term «̂ it, i.e.
ûit ¼ E uitj«̂ itð Þ.

The SFA was not the only paradigm within which the attempts were made to estimate
producers’ technical efficiency levels. Non-parametric techniques combining the data
envelopment analysis approach developed by Charnes et al. (1978) with the idea of a radial
distance function by Farrell (1957) became another mainstream approach to the
measurement of productive efficiency. However, we are focusing on the discussion of the
SFA paradigm, as this is the approach assumed in this study.

In more than 40 years that have passed since the introduction of the SFA, numerous
extensions have been suggested. For instance, a panel data approach to the analysis of
productive efficiency was initiated by the contributions of Pitt and Lee (1981) and Schmidt
and Sickles (1984). Time dependency of the inefficiency levels was analyzed by Amsler et al.
(2014) with the use of statistical copulas. Kumbhakar et al. (2014) in a panel data setting
models both time-invariant and time-varying inefficiency levels. A comprehensive
discussion of the various approaches to the estimation of technical inefficiency levels within
the SFA approach can be found in, for example, Sickles and Zelenyuk (2019).

Identifying a set of determinants that affect levels of technical efficiency is practically
important for policymaking. Kumbhakar et al. (1991) and Battese and Coelli (1995) are the
two earlier studies that model the influence of exogenous determinants on the level of
technical inefficiency by allowing the inefficiency components uit � f(mit) with the DMU-
specific mean mit of some asymmetric distribution pdf f(�) be a function mit ¼ z

0
itg of a

vector of inefficiency determinants zit. Evaluating the possible effects produced by the
inefficiency determinants is not only important from the point of view of policymaking, as
ignoring it may lead to the biased and inconsistent estimates of the production function
parameters, as argued inWang and Schmidt (2002).

While it appears tempting to estimate the technical inefficiency components uit
separately first and regress them on a vector of possible determinants in the second stage,
this two-stage approach is seriously flawed, as argued in Battese and Coelli (1995) and
Wang and Schmidt (2002). As a result, it appears to have become common practice to
estimate technical inefficiency levels simultaneously with the effects of the inefficiency
determinants, which is the approach we pursue in this study by maximizing a likelihood
function in one step.

As correctly noticed by Lovell (1993), “[. . .] unfortunately, economic theory does not
supply a theoretical model of the determinants of efficiency.” Given the data availability
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constraints and the existing empirical literature, we focused on several channels through
which macroeconomic variables may affect aggregate productive efficiency, that is, labor
market rigidities, human capital, the extent of urbanization, public spending and trade
openness.

Gonzalez and Miles-Touya (2012) analyze the Spanish labor market and conclude that
labor market rigidities are positively related to economic inefficiency. Beeson and Husted
(1989) in the US context find that differences in the labor market characteristics affect
technical efficiency levels. Some studies suggest that the generally available data on the
labor market can be used as proxies for the extent of the labor market rigidities. Micco and
Pages (2006) analyze the data on more than 60 countries and find that labor market rigidities
result in decreased job turnover and employment rates.

There is plenty of empirical evidence that increased levels of human capital stock
increase the extent of productive efficiency. Thus, Lich et al. (2022) conduct a meta-analysis
of 268 food-crop farming studies, suggesting a positive link between human capital and the
farms’ technical efficiency levels. Lee et al. (2002) find that promoting the creation and
fostering of human capital is associated with higher levels of aggregate technical efficiency.
Repkine (2014) analyzed the performance of African economies in terms of their aggregate
production efficiency levels and found that they are affected by the level of human capital.
Gheit (2022) finds a positive link between manufacturing productivity and the percentage of
hours worked by the college educated workers.

A number of studies argue in favor of a positive link between the rates of urbanization
and aggregate productive efficiency. In the Chinese context, Zhao et al. (2022) demonstrate
that urbanization rates are positively linked to the levels of technical efficiency in the
Chinese agriculture. Interesting insights are provided by Bannister and Stolp (1995), who
find a positive association between the extent of industrialization and productive efficiency
in the Mexican states. Bertinelli and Zou (2008) examine a cross-section of countries and find
empirical support for a positive link between more urbanization and higher rates of human
capital accumulation that, as argued above, are likely to lead to increases in productive
efficiency.

Public spending is also likely to be related to the level of firms’ technical efficiency, as it
affects the overall institutional environment. Thus, Auci et al. (2021) find evidence of a
strong association between the size and the type of public expenditure and the aggregate
technical efficiency levels of the European economies. In a study of Mexican municipalities,
Becerra-Ornelas and Nunez (2019) examine the effect of public spending on technical
efficiency of the local production and find a negative association between the two
irrespectively of the expenditure type.

Engagement in the inter-regional trade is likely to increase the extent of competitive
pressure and foster the exchange of ideas, positively affecting the regional productive
efficiency. Hart et al. (2015) analyze economic performance of 16 EU member states and
provide evidence of a positive long-run association between trade openness and technical
efficiency. Chortareas et al. (2003) find a positive impact of trade openness on the aggregate
technical efficiency in the OECD economies. Tsekeris and Papaioannou (2017) find a positive
effect of the interregional trade openness on the regional technical efficiency levels in Greece
with similar conclusions reached in the case of Turkey by Demir andMahmud (1998).

While the importance of analyzing the effects of ethnic diversity and polarization on
economic performance has long been recognized in the literature (Ginsburgh and Weber,
2020), explicitly including the measures of ethnic heterogeneity into the list of determinants
of productive efficiency is less widespread. In particular, the spatial dimension of ethnic and
language heterogeneity appears to have been overlooked in the existing literature. The main
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contribution of this study is to emphasize the importance of spatial clustering of the
speakers of different languages to the study of the determinants of productive efficiency.

3. Theoretical background
We draw on the theory of Esteban et al. (2012) that links the intensity of conflict to social
diversity, polarization and cohesion. Consider a society of N individuals that belong to m
linguistic groups with Ni, i = 1.m being the number of individuals in each group and ni � Ni

N
the individual group shares. Linguistic cleavages between these groups result in conflicts.
The winning group in such a conflict obtains a prize that has a private component with per
capita value m and a public component with per capita population-normalized value p.

Conflict entails using group-specific resources Ri, i = 1. m with RN �
Xm
i¼1

Ri being the total

amount of such resources used to maintain the inter-group conflict. The per capita amount
of resources spent in conflict is given by r � RN

N . The per capita income equivalent of
resources spent on conflict is given by a function c(r) that is assumed to be increasing and
strictly convex, that is, c0(r)> 0 and c0 0(r)> 0, assuming c(r) to be twice differentiable. The
income cost of entering a conflict is made to be zero, that is, c0(0) = 0.

Finally, every individual is assumed to have a utility function that places weight 1 on the
individual payoffs, while a > 0 is the weight placed on the aggregate of all payoffs of the
other members of his or her group. In other words, every individual, say j, has an extended
utility functionWj of the formWj=Ujþ aU�jwhereUj is the personal payoff of individual j,
while U�j is the aggregate of the payoffs of all other individuals in the group (Sen, 1966).
Esteban et al. (2012) refer to a as a measure of social cohesion, as the higher levels of a reflect
the extent to which the collective benefit relates to the individual benefit. The value of a = 0
represents an exclusively self-centered behavior, whilea> 1 corresponds to altruism.

From an individual perspective, the income equivalent of resources r spent to participate
in conflict is equal to the product of r and its shadow price c0(r). Intensity of conflict is then

defined to be s � c0 rð Þr
pþm. We consider the case of a prize contested in the inter-group conflicts

being entirely public, that is, m = 0 and l � p
pþm ¼ 1. It follows then from P1 in Esteban,

Mayoral and Ray (2012) that the intensity of conflict s is given by:

s ¼ aP þ 1� a

N
G (1)

where P is the linguistic polarization index, G is an index of linguistic diversity and a as
before is the weight accruing to the aggregate of all payoffs of the other members of the
social group in an extended utility function along the lines of Sen (1966). The linguistic

diversity index G is computed as is Greenberg’s (1956) A-index, that is, G ¼
Xm
i¼1

ni 1� nið Þ,
while linguistic polarization index is defined according to Montalvo and Reynal-Querol

(2005) as P ¼
Xn
i¼1

n2i 1� nið Þ. While the difference between G and Pmay seem unimportant,

Montalvo and Reynal-Querol (2005) demonstrate that it is social polarization rather than
diversity per se that is a more powerful determinant of conflict, with Esteban and Ray (2011)
providing a theoretical basis for that claim.
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It is worthwhile noticing that linguistic polarization P enters the list of the determinants
of conflict intensity s in equation (1) only as a multiple of social cohesion a. Another
interesting implication of equation (1) is that, while more linguistic polarization is conducive
to a higher conflict intensity as long as some social cohesion is present, that is, if a = 0,
more linguistic diversity is not necessarily so as the marginal effect of G on s becomes
negative in those societies where the conflicting groups are altruistic, that is, where a>1.

We additionally assume that intensity of the inter-group conflict s is positively linked to
productive efficiency via a monotonically increasing functionH, that is:

E ¼ H s½ � ¼ H aP þ 1� a

N
G

� �
þ

(2)

where E is the level of aggregate productive efficiency and dE
ds > 0. As the conflicting groups

in Esteban et al. (2012) have to procure resources Ri, i = 1. m that they use to engage in
conflict, this need creates incentives for the conflicting groups to produce more efficiently as
the supply of Ri would be limited in case productive resources were wasted. Some studies
such as Caraballo and Buitrago (2019) pursue this line of reasoning to argue that the inter-
group conflicts result in increased productivity.

In this study, we endogenize the extent of social cohesion a among the speakers of a
particular language by positing that it is an increasing function of the extent to which these
speakers are geographically clustered, that is, a = a(ALC), @a

@ALC > 0 where ALC is an index
of absolute linguistic clustering developed by Massey and Denton (1988) and discussed in the
next section. As discussed in the Introduction, a number of studies argue that the extent of
geographical segregation along racial and ethnic cleavages is affecting the extent of social
cohesion. As ethnicity and language are closely related, we believe geographical
segregation, or clustering, along the linguistic lines is likely to affect social cohesion as well.
Second, given an interpretation of social cohesion given by Esteban et al. (2012) as the extent
to which “within-group monitoring [. . .] manages to overcome the free-rider problem,” we
find it natural to assume that such monitoring will be easier in case speakers of the same
language reside in compact geographical clusters.

Equation (2) bears several testable hypotheses:

H1. Themarginal effect of linguistic clustering on productive efficiency is positive.

Indeed, it follows from equation (2) that dE
dALC ¼ dE

ds
@s
@a

da
dALC. The effect of social cohesion on

conflict intensity is given by @s
@a ¼ P � G

N . As G [ [0,1] and N is on the order of 240 million, the

term G
N � 0. It follows that dE

dALC ¼ dE
ds P � G

N

� �
da

dALC � dE
dsP

da
dALC > 0, as da

dALC > 0 and dE
ds > 0:

H2. The association between linguistic diversity G and productive efficiency is positive
unless the extent of linguistic clustering exceeds a certain threshold in which case
the sign of the effect becomes negative.

The marginal effect of linguistic diversity G on productive efficiency is given by
dE
dG ¼ dE

ds
@s
@G ¼ dE

ds
1�a
N . As by assumption dE

ds > 0, it follows that dE
dG > 0 if a < 1, that is, if the

linguistic groups are not altruistic, to borrow the terminology of Esteban et al. (2012). In
case, however, the extent of within-group cohesion a > 1, linguistically more diverse
societies will be using their productive resources less efficiently so that dE

dG < 0 if a > 1. As
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by assumption da
dALC > 0, dEdG > 0 if ALC< ALC*, and dE

dG < 0 if ALC> ALC* where ALC* is
some threshold level of absolute linguistic clustering:

H3. @E
@ ALC	Pð Þ > 0 or linguistic polarization is positively associated with productive
efficiency with the magnitude of the effect being stronger in linguistically more
clustered cases.

We test these three hypotheses in Section 4 after we define and discuss the index of absolute
linguistic clustering (ALC) and describe and summarize the data in the next two sections.

4. The index of absolute linguistic clustering
Based on the original analysis of the “checkerboard problem” by Geary (1954), Dacey (1968)
and White (1983), Massey and Denton (1988) suggest an index that measures the extent to
which members of the same group live in contiguous areas. We compute Massey and
Denton’s (1988) formula of the absolute clustering index to the Indonesian provinces and
refer to it as an ALC index. Higher values of this index correspond to a higher tendency of
the speakers of a specific language to live in enclaves, with the index itself varying between
zero and unity.

Suppose that the area of interest is divided into K equally sized geographical parcels.
DenoteN the total number of speakers of, for example, Javanese in this area. Denote by xi, i= 1.
K the number of Javanese speakers in each of the K parcels with the total number of Javanese

speakers being X ¼
XK
i¼1

xi. Let the total population of parcel i = 1. K be equal to ti. Finally, let

cij, i, j = 1.K be a decreasing function of the geographical distance between parcels i and j. The
index of absolute clustering for the Javanese speakers in the province of interest is then defined
as follows:

ALC ¼

XK
i¼1

xi
X

XK
j¼1

cijxj � X
K2

XK
i¼1

XK
j¼1

cij

XK
i¼1

xi
X

XK
j¼1

cijtj� X
N2

XK
i¼1

XK
j¼1

cij

(3)

We chose the number of geographical parcels K to be such that the area of each such parcel
be equal to 1 km2. The linguistic dataset for the computation of ALC is obtained from the
World Language Mapping System (2004). We compute the ALC indices for each language
spoken in the 26 Indonesian provinces. The province-specific indices of absolute linguistic
clustering are computed as a weighted average of the language-specific ALC indices using
the speaker shares as relative weights. Following Massey and Denton (1988), we define
cij ¼ e�bdij where dij is the geographical distance between parcels i and j, and b is a decay
parameter that we set to b = 0.1.

Table 1 provides summary statistics for the indices of absolute linguistic clustering,
diversity and polarization we computed. Linguistic diversity index G is computed as the A
index from Greenberg (1956). Linguistic polarization index P is calculated according to
Montalvo and Reynal-Querol (2005).

Despite the amazing amount of linguistic diversity in Indonesia, the country appears to
be relatively clustered in the sense that most of Indonesia’s languages are spoken by a
median of six thousand speakers in a country of 260 million people. The abundance of
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languages spoken by a small number of people together with a significant clustering of the
more populous dominant languages such as Javanese and Malay provides for the rather
high levels of the absolute linguistic clustering index.

5. Data sources and summary
The World Language Mapping System (WLMS, 2004), version 17, is the source of our data
on the language-related variables. This database maps the world’s languages listed by the
Ethnologue (Simons and Fennig, 2018) into their respective geographical areas. The WLMS
database contains information on 399 languages in Indonesia. For the purpose of visualizing
the data, we used the QGIS mapping software. We wrote an application that computes the

Table 1.
Absolute linguistic

clustering, linguistic
diversity and

linguistic
polarization in the

Indonesian provinces

Region Province
Absolute linguistic
clustering ALC (%)

Linguistic diversity
G (%)

Linguistic polarization
P (%)

Sumatra
Aceh 93.21 39.33 57.99
Sumatera Utara 92.62 87.49 42.66
Sumatera Barat 91.66 17.06 30.56
Riau 92.29 11.99 22.87
Jambi 83.69 41.84 65.83
Bengkulu 88.83 78.50 61.96
Sumatera Selatan 91.66 61.92 74.67
Lampung 88.91 20.54 38.41

Kalimantan
Kalimantan Barat 93.23 82.64 53.45
Kalimantan Tengah 96.61 68.08 76.57
Kalimantan Timur 93.07 86.59 42.23
Kalimantan Selatan 94.01 16.87 30.66

Java and Bali
Jakarta Raya 99.99 0.06 0.11
Java Barat 89.25 31.56 58.91
Java Tengah 92.87 1.76 3.53
Java Timur 64.32 34.94 67.53
Bali 98.23 1.52 3.04
Yogyakarta 99.99 0 0

Sulawesi
Sulawesi Selatan 76.62 67.52 71.14
Sulawesi Tengah 95.71 76.35 57.54
Sulawesi Tenggara 92.52 83.97 50.39
Sulawesi Utara 86.45 74.66 60.88

Nusa Tenggara
Nusa Tenggara Timur 91.3 94.65 18.76
Nusa Tenggara Barat 97.31 46.79 71.91

Maluku
Maluku 94.16 89.72 32.26

Irian Jaya
Irian Jaya 95.00 85.07 42.20

Average 91.29 50.05 43.69

Notes: The indices of absolute linguistic clustering, diversity and polarization are province-specific. The
province-specific values of the index of absolute linguistic clustering are computed as weighted averages of
the language-specific indices of absolute linguistic clustering with the speaker shares serving as weights
Source:Author’s own calculations
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values of absolute linguistic clustering index according to equation (3) for each language.
The values of ALCi at a province level are computed as a weighted average of this index for
all languages spoken in the province using speaker shares as weights.

The data on real gross domestic product (GDP), population and capital stock for the period
between 1983 and 2007 at the provincial level are provided by Kataoka (2013). The values of
real GDP and capital stock are provided in the constant prices of 2001.We also used Indonesian
statistical yearbooks as an alternative source of the real GDP data for a robustness check.

Indonesian statistical yearbooks report the data on regional GDP in the constant prices of
different years depending on the time period. Thus, for the period between 1983 and 1992, the
base year is 1983, changing to 2000 for the period between 1994 and 2001. For 2002–2007, the
base year is 2000. We compute GDP deflator values by using the corresponding real GDP data.
For the deflator data for 1994, we use the data on real GDP growth rate by province from the
Indonesian statistical yearbooks. For the year of 1993, we impute the values of provincial GDP
deflator from the data set of Kataoka (2013). The resulting series of real provincial GDP in
Indonesia is computed in constant prices of 2002.

The data on economic indicators used as controls are taken from the Indonesian
statistical yearbooks. Table 2 lists summary statistics for the real GDP, real GDP per capita,
capital stock and population. The values of level and per-capita real GDP as well as the
values of capital stock are given in the constant prices of 2001.

Expectedly, the capital region of Jakarta earns highest per-capita incomes, while the
residents of Nusa Tenggara Timur earn the least. The Indonesian population is highly
concentrated in the three provinces of the Java island. Capital stock exceeds the value of a
provincial real GDP by an average factor of 2.12.

6. Empirical framework and results
6.1 Basic empirical framework
The basis of our empirical analysis is a stochastic frontier framework developed by
Meeusen and van den Broeck (1977) independently of Aigner et al. (1977). We use a true
random effects model by Greene (2005) within this framework assuming a Cobb-Douglas
aggregate production function:

lnYit ¼ d0 þ di þ d1lnKit þ d2lnLit þ d3YEARt þ vit � uit
i ¼ 1::N ; t ¼ 1::T

vit �N 0;s 2
v

� �
uit�

����N mit;s
2
u

� �����
mit ¼ b0 þ b

0
1Zit þ b

0
2Mi

(4)

Table 2.
Basic summary
statistics for the
Indonesian
provinces, 1983–2007

Variable No. of observations Mean Median SD Minimum Maximum

Real GDP, trillion Rupiahs 650 44.9 16.3 64.3 1.782 339
Real GDP per capita, million Rupiahs 650 6.763 4.285 7.14 1.093 36.733
Real GDP per capita, 2001 US$ 650 $675 $427 $713 $109 $3,668
Capital stock, trillion Rupiahs 650 95.1 29.3 16.9 2.537 1,154
Population, million people 650 7.298 3.300 10.1 0.899 49.553

Sources: Kataoka (2013). Monetary values are in constant prices of 2001
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where N = 26 is the number of provinces and T = 25 is the number of years, Kit is the
capital stock, and Lit is provincial population, andYEARt are the year dummies.

In the composite error term «it = vit� uit the symmetric components vit are independently
and identically distributed normal random shocks, that is, vit �N 0;s 2

v

� �
, and di are

province-specific time-invariant random terms that capture cross-province heterogeneity.
The assumption maintained within the random-effects setting is that di are uncorrelated
with any of the independent variables. The term uit> 0 represents technical inefficiency and
is assumed to follow a truncated normal distribution, that is, uit � jN mit;s

2
u

� �j. The mean
mit of the inefficiency term uit is itself a function of determinants Zit and Mi where Zit is a

vector of labor market, schooling, agricultural and budgetary characteristics, and M
	!

i is a
province-specific, time-invariant vector of linguistic characteristics.

As the determinants of the level of technical inefficiency contain both time-varying
determinants Zit, and their time-invariant counterparts Mi, it appears unreasonable to
estimate equation (4) using a fixed-effect approach, Pesaran and Zhou (2018), which
motivates our using a random-effects model.

6.2 Productive efficiency estimates
We estimate the parameters in equation (4) in a single step using the sfpanel command in
Stata for Greene’s (2005) true random effects model with inefficiency determinants.
Parameter l ¼ su

sv
represents the importance of inefficiency effects and is estimated to be l =

1.36, suggesting a significant presence of inefficient productive behavior. Table 3 reports
our estimates of provincial technical inefficiency.

None of the Indonesian provinces during the period of study has operated on the best
practice frontier. While average productive efficiency appears to have been slowly growing
in the period before the Asian financial crisis of 1997, it was dropping as slowly in the period
after 1998.

6.3 Linguistic clustering, heterogeneity and aggregate productive efficiency
We model the means of aggregate productive efficiency in the Indonesian provinces to be
functions of the time-varying determinants Zit and the time-invariant determinants Mi. The
vectorMi includes those variable combinations that are implied by the theory we discussed
in Section 3, in particular equation (2), namely,Mi = (ALCi, Pi 	 ALCi, Gi, Gi 	 ALCi) where
ALCi is the index of absolute linguistic clustering, Gi is the index of linguistic diversity and
Pi is the index of linguistic polarization. Vector Zit includes labor market characteristics such
as the log of population Log(POPit), labor force participation ratio LFPRit and the ratio of the
number of working people to the number of those economically active WTAit Zit includes
schooling measures such as the ratio of teachers to pupils in primary schools PRIMit, the
ratio of professors to students in private universities UPRIVit and the ratio of professor to
students in state universities USTATEit. As agriculture is important to the Indonesian
economy, we included the following measures in Zit: the ratio of the forests to the provinces’
total areas FORSHAREit, the percentage of households employed in the fishery sector
FISHAREit, the yield rate of rice paddy fields PADDYit, cassava yield rates CASSAVAit and
the yield rates of sweet potatoes SWEETit. Finally, Zit contains BUDGETit, the ratio of the
provincial government’s budget balance to the provincial regional GDP, and TROPENit, the
ratio of the freight in tons loaded and unloaded in the provinces’ ports that either originates
abroad or is destined to be shipped abroad to the total weight of the loaded and unloaded
cargo.
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Table 4 displays a series of specifications of equation (4) with the nested sets of controls
where we do not report coefficient estimates on the province and year dummies for the sake
of brevity.

The direct effect of the index of absolute linguistic clustering on the aggregate productive
efficiency is consistently estimated to be positive. The sign of the association between
linguistic diversity Gi and productive efficiency, however, depends on the extent of the
linguistic clustering ALCi. Indeed, the most complete specification S4.6 implies that the
marginal effect of linguistic diversity Gi on technical efficiency is equal to
@Eit
@Gi

¼ 44:053� 46:826	 ALCi , where Eit are the estimated scores of technical efficiency.

Table 3.
Aggregate
productive efficiency
in the Indonesian
provinces, 1983–2007

Region Province
1983–1987

(%)
1988–1993

(%)
1994–1998

(%)
1999–2003

(%)
2004–2007

(%)

Sumatra
Aceh 89.08 96.43 94.50 80.51 66.32
Sumatera Utara 91.01 92.49 95.23 95.78 95.89
Sumatera Barat 92.18 95.39 94.58 93.00 93.60
Riau 97.24 94.21 92.34 93.81 84.85
Jambi 93.86 90.72 91.11 95.63 97.32
Bengkulu 97.12 90.42 85.35 92.02 96.81
Sumatera Selatan 97.51 93.84 91.84 89.39 90.98
Lampung 92.58 96.55 93.17 91.40 90.23

Kalimantan
Kalimantan Barat 80.57 93.66 96.47 95.42 93.20
Kalimantan Tengah 91.11 96.23 95.79 89.16 85.77
Kalimantan Timur 96.30 92.81 90.53 95.76 89.47
Kalimantan Selatan 95.87 94.46 93.63 92.72 94.67

Java and Bali
Jakarta Raya 95.81 92.86 93.69 91.32 94.61
Java Barat 92.03 92.19 91.14 96.09 96.39
Java Tengah 93.29 93.95 92.99 94.28 96.30
Java Timur 94.38 93.49 94.41 94.41 95.96
Bali 84.82 90.45 94.83 96.35 96.74
Yogyakarta 92.60 93.32 95.53 95.74 94.55

Sulawesi
Sulawesi Selatan 86.20 93.08 94.61 96.63 96.11
Sulawesi Tengah 95.47 92.19 91.13 95.06 96.46
Sulawesi Tenggara 91.62 95.07 95.16 91.90 90.84
Sulawesi Utara 82.43 86.58 95.20 97.43 94.98

Nusa Tenggara
Nusa Tenggara
Timur

97.00 94.70 91.81 93.27 94.09

Nusa Tenggara Barat 92.16 89.55 89.13 95.47 96.83

Maluku
Maluku 85.29 96.17 92.89 64.06 74.45

Irian Jaya
Irian Jaya 76.28 84.00 95.29 97.25 81.02

Average 91.30 92.88 93.17 92.46 91.48

Source:Author’s own calculations.
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The total marginal effect of linguistic diversity on productive efficiency becomes negative
for a high enough extent of linguistic clustering in all specifications. The effect of the
interaction between linguistic polarization Pi and linguistic clustering ALCi is positive and
statistically significant in all specifications, suggesting that linguistic polarization is
positively associated with productive efficiency given a non-negligible extent of linguistic
clustering.

In Table 5, we look at how sensitive our estimation results are to the choice of the
sampling period and the source of data. We replace real GDP provided by Kataoka (2013)
and provincial population with the real GDP and economically active population obtained
from the Indonesian statistical yearbooks. At the same time, we add dummies controlling for
income, the Asian financial crisis of 1997 and 1998 and an island dummy. Thus, the
MEDINC dummy equals 1 if a province’s per capita income is less than the median income
for the country. Dummy CRISIS = 1 for the years of 1997 and 1998. Dummy JAKYOG = 1
for the provinces of Jakarta Raya and Yogyakarta, as both regions are classified as Special
Regions by the Indonesian Government.

Qualitatively the results in Table 5 are the same with the results reported in Table 4. We
conclude that the marginal effects of linguistic clustering, diversity and polarization on the
aggregate productive efficiency are robust with respect to the source of data and the choice
of controls.

7. Discussion
Our empirical results suggest that the extent of absolute linguistic clustering ALCi is an
important determinant of productive efficiency along with linguistic diversity and linguistic
polarization. To our knowledge, ours is the first attempt to incorporate the absolute
linguistic clustering index into a list of the determinants of economic performance by linking
it to the extent of social cohesion. While the quantification of social cohesion in Esteban et al.
(2012) is based on the answers to certain questions in the 2005World Values Survey, ours is
a function of the geographical distribution of the speakers of different languages, which
makes this study a contribution to the literature on the economics of language as well.

Our empirical findings confirm the three hypotheses we formulated in Section 3. Indeed,
given the empirical results presented in Tables 4 and 5, our findings can be summarized as
follows:

@E
@ALC

> 0

@E
@G

> 0 ifALC#ALC*

@E
@G

< 0 ifALC > ALC*

@E
@ ALC 	 Pð Þ > 0

8>>>>>>>>>>>><
>>>>>>>>>>>>:

(5)

where E is the level of aggregate production efficiency, G is the index of linguistic diversity,
P is the index of linguistic polarization, ALC is the index of absolute linguistic clustering
andALC* is a certain threshold level of it.

The first inequality in equation (5) says that linguistically more clustered societies are
also producing more efficiently, which is the assertion of H1 in Section 3. H2 says that the
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sign of the marginal effect of linguistic diversity on productive efficiency is positive if the
extent of linguistic clustering falls short of some threshold level ALC* and is negative
otherwise. The second and third inequalities in equation (5) confirm H2. Finally, the third
inequality in equation (5) is a confirmation of H3, as we find a positive association between
linguistic polarization and productive efficiency with the effect getting stronger if different
language speakers are geographically more clustered.

In Section 3, we argued in favor of approximating the extent of within-group social
cohesion by the index of absolute linguistic clustering on the basis of the ease of monitoring
argument advanced by Esteban et al. (2012). We posit that such monitoring would be easier
in those linguistic groups whose members tend to live in geographical clusters. We believe a
theoretical framework is needed that would link the extent of geographical clustering of the
competing groups to within-group social cohesion.

In our study, we relied on the assumption that a more intense conflict between linguistic
groups creates incentives to produce more efficiently, as participation in a conflict requires
resources whose supply would be limited in case the productive resources are wasted. H1
says that conflicts between linguistic groups lead to a more efficient use of productive
resources if these groups are internally more cohesive. The results of our study imply that
the inter-group conflict has characteristics of competition, as the latter leads to increases in
productive efficiency.

H2 is more difficult to interpret. In their empirical work, Esteban et al. (2012) find that the
value of their social cohesion parameter a is greater than unity, suggesting altruistic
behavior. They do not seem to explain, however, why altruistic behavior in more diverse
societies is likely to decrease the intensity of conflict (see page 1320). Our findings are
similar in the sense that, once a certain threshold level of linguistic clustering is exceeded,
linguistic diversity starts producing a negative effect on the intensity of conflict and hence
productive efficiency. However, we do not have a theory of why such a threshold would
exist and how higher levels of within-group cohesion would make more linguistic diversity
detrimental to productive efficiency.

Finally, our empirical findings concur with the theoretical predictions of Esteban et al.
(2012), who say that linguistic polarization becomes a source of the inter-group conflict only
when some extent of social cohesion is present. As we estimate a positive coefficient on the
interaction term between the index of absolute linguistic clustering and linguistic
polarization, our results confirm H3 from Section 3. We believe this finding underscores the
need to take into account the extent of social cohesion when analyzing the effects of
polarization on the intensity of conflict or economic performance.

Our empirical results strongly suggest that linguistic clustering is an important
determinant of the aggregate productive efficiency. Our study is one of the first steps toward
incorporating the extent of geographical clustering of the competing groups’members into a
more general framework that would link geographical clustering and economic performance
in case the inter-group cleavages are defined along more general, not necessarily linguistic,
lines.

8. Conclusion
To the best of the author’s knowledge, this study is the first attempt to incorporate the
spatial dimension of linguistic diversity into a productive efficiency framework by
postulating a positive association between the degree of social cohesion within the linguistic
groups and an extent to which these groups’ members are spatially clustered. At a most
basic level, our empirical results support the idea that increased cohesion between members
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of the same linguistic group contributes to these groups’ ability to use scarce production
inputs more efficiently.

While the link between the extent of social cohesion and production efficiency makes
intuitive sense and is supported by both the theories discussed in Section 3 and the empirical
studies such as Audibert (1997), the relationship between social cohesion and spatial
clustering is in need of a stronger theoretical support. Studies like Cutler and Glaeser (1997),
Rothwell (2012) and Sturgis et al. (2014), among others, provide support for the claim that
social cohesion is likely to be affected by the extent of the social group members’ spatial
segregation, but they stop short of discussing a theory behind the link. Yet, this link is
important from the point of view of the government policymaking.

Edin et al. (2003), for instance, examine the causality between living in an ethnic enclave
and economic outcomes in the context of immigration in Sweden. They identify several
channels through which spatial clustering of the members of the same ethnic group may
translate into a higher degree of social cohesion, two of which are most relevant in the
context of this study. First, the network effects also identified by Portes (1987) and Lazear
(1999) allow enclave residents to apply their existing skills because of the absence of
language or cultural barriers. Second, enclave residents find it easier to acquire the new
survival and job skills from the fellow enclave residents.

At the same time, residing in an ethnic enclave makes it difficult to benefit from skill
complementarities with the other ethnicities, which produces a negative effect on economic
performance. Geographical clustering then increases cohesion within ethnic groups while
decreasing cohesion between distinct groups, implying the existence of an optimal extent of
spatial clustering. The search for such optimum, however, would be difficult to undertake
without a theory linking spatial clustering to social cohesion. In our opinion, efforts aimed at
creating such a theory would be well justified.
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