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Abstract

This paper is concerned with simultaneously regrouping regions and sectors when
analyzing the relative sectorial specialization of regions and the relative regional
concentration of sectors. An automatic two-mode clustering algorithm is proposed
with aview toward a concept of overall localization, corresponding to a discrepancy
between an actual two-way contingency table (regions x sectors) and an hypothetical
table reflecting independence between regions and sectors. This procedure identifies
similar regions (respectively sectors) according to the relative sectorial (respectively
regional) structure. This algorithm significantly reduces the size of the origina table
and obtain an optimal collapsed table with low level of information loss vis-a-vis the
degree of overall localization. The properties and results of the algorithm are discussed
through two applications, namely Argentina and Brazil.
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1 Introducing the topic of this paper

The main purpose of this paper is to regroup simultaneously regions and sectors
according to structural similarities in terms of sectorial specialization of regions and
regional concentration of sectors. The economic activity is known to be spatially
concentrated, generating mainly two types of agglomeration economies: localization
economies, generated by the benefits derived from the presence of same sector firmsin
ageographical area(Fujitaetal. 2001; Baldwinand Martin 2004; Combesand Gobillon
2015; among many others), and urbani zation economies, generated by the advantages
that firms obtain from large (and often economically diverse in terms of sector of
activities) cities (Duranton and Puga 2000; Fujitaand Thisse 2002; Viladecans-Marsal
2004; Cottineau et al. 2018). This paper concentrates the attention on the presence of
economy of agglomerations without an analysis of their causal determinants, as done,
among others, in Rosentha and Strange (2004), Ellison et al. (2010) or Puga (2010).
The industrial policy objectives can be better fulfilled if their decentralized design is
more sensitive to the characteristics of the regions and of the sectors (Donato 2002;
Nathan and Overman 2013). Moreexplicitly, in the statistical analysisof specialization
and concentration for understanding the sectorial and regional pattern of the economic
activity, the simultaneous function of sectorsand regionsisknown to have aprominent
role.

Following the perspective of the stochastic independence approach (SIA) borrowed
from the analysis of two-way contingency tables, namely regions x sectors, and
developed in Haedo and Mouchart (2018), the rel ative measures of specialization and
of concentration are based on the discrepancy (i.e. divergence or distance) between
two distributions, namely the profile (or, conditional distribution) of the region, or
of the sector, and the corresponding margina distribution. At the country level, the
average of theserel ative measures providesaconcept of overall localization of the eco-
nomic activity (see Alonso-Villar and del Rio 2013; Haedo and Mouchart 2018). This
approach allows a simultaneous treatment of sectorial specialization and of regional
concentration thanks to a symmetric manipulations of rows and columns. Thisfeature
enhances a global view of the relative roles of regions and sectors on the regional
structure of economic activity.

This paper extends the established analysis of the overall localization in two direc-
tions. Firstly, simultaneous groupings of regions and sectors, rather than separate ones
are examined. Secondly, the proposed procedure provides an automatic construction
of grouping aimed at giving optimal groupings according to a pre-specified criterion.
The aim is to simultaneously regroup regions with a similar sectorial structure in
terms of relative over- and under-specialization and sectors with a similar regional
pattern in terms of relative over- and under-concentration. Shortly said, the objective
isto look for a summary of large regions x sectors contingency tables that keeps
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(almost) unchanged the measure of overall localization of the economic activity. This
is obtained through an innovative extension of a biclustering a gorithm.

Thereisavast literature on biclustering, particularly in the fields of DNA microar-
ray data (Ben Saber and Elloumi 2015), block clustering (Govaert and Nadif 2008,
2010; Keribin et al. 2015), co-clustering (Govaert and Nadif 2013) or two-mode clus-
tering (Madeira and Oliveira 2004; Van Mechelen et al. 2004; Jagalur et al. 2007).
Biclustering methods are aimed at designing in a same exercise a clustering of the
rows and the columns of alarge array of data, an approach dating back to Hartigan
(1972), Braverman et al. (1974), Govaert (1977), Bock (1979), Gilula (1986). These
methods are expected to be useful to summarizelarge data setsby substantially smaller
data sets with a similar structure. In general, the proposed algorithms are based on a
concept of interaction between rows and columns, with datain theform of quantitative
variables. This concept in the spirit of analysis of variance is based on local averages,
often with an underlying hypothesis of normal distribution; for an historic view, see
for instance Denis and Vincourt (1982) or Corsten and Denis (1990). A particularly
interesting paper, Scheperset al. (2017), proposes an algorithm of maximal interaction
for two-mode clustering.

The two-mode clustering algorithm developed in this paper is also in the family
of so-called deterministic procedures, that operate in the spirit of descriptive statis-
tical methods, see for instance, Duffy and Quiroz (1991), Lebart and Mirkin (1993),
Govaert (1995), Mirkin (1996), Tibshirani et a. (1999), Cheng and Church (2000),
Tang et al. (2001), Ciampi et al. (2005), Banerjee et al. (2007), Busygin et a. (2008),
Charrad et a. (2009), Caldas and Kaski (2011), Benabdeslem and Allab (2013), Liu
et al. (2018), Orzechowski et al. (2018). Most of these works are based on the links
and the complementarity between clustering and factor analysis of contingency tables,
reconciling two different accents. the symmetry of the roles of rows and columnsin
the process, and the property of distributional equivalence (Benzécri 1973; Escofier
1978; Jambu 1978; Goodman 1981, 1985; Hirotsu 1983; Cazes 1986; Gilula 1986;
Greenacre 1988), which allows for a greater stability of the results when grouping
elements with similar profiles. The present algorithm is based on a technique of
hierarchical clustering (HC), according to a dendrogram approach, combined with
acorrespondence analysis (CA). ThisHCCA procedure wasintroduced by Greenacre
(1988) in a non-automatic computational program based on the cells. The present
algorithm is based on distributions (marginal and conditional), rather than on cells, in
an automatic procedure of grouping the cells.

For large tables, trying all possibilities of grouping is computationally expensive
and may be not feasible. Therefore, a greedy agorithm that only ensures a local
optimum is preferable, as already mentioned in Gan and Jiang (1999). Quite a good
overview isgiven by Ben Saber and Elloumi (2015), with an emphasis, among others,
on theinteractive, exhaustive and greedy biclustering algorithms. Here, for each level
of the dendrograms are built K collapsed tables, working in accordance with the dual
processes just mentioned. Finally, at each level of the row and column dendrograms,
permutation bootstrapping is used as a test that the envisaged regrouping performs
better, see also Haedo (2009), Park et al. (2009) and Greenacre (2011).

The proposed algorithm looks for collapsing simultaneously regions and sectors
with no restriction about the regions or the sectors to be clustered. Thus, for the
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regions, no restriction of contiguity or of some distance-based pattern is operating.
The non-inclusion of such restriction represents a “ spaceless’ framework motivated
by multilevel policy-making rather than by spatial diffusion issues. Therefore, the
clustersare kept constant under spatial permutations because of their structural nature:
thisis the case for clusters of regions with a similar relative sectorial specialization
pattern, or regionswith similar sectoria structure, irrespectively of their geographical
localization. Similarly, when collapsing sectors, no consideration of inter-sectorial
relationship, nor of value chain, is operating because only a similar relative regional
concentration of sectorsis at stake.

This paper is an extension of part of chapter 2 of Haedo (2009), with the following
order of exposition. After thisfirst section giving an informal introduction to the topic
of this paper, a second section provides amore explicit conceptual background. Third
section describesthe object of this paper, namely afully automatic algorithm of simul-
taneous grouping of regionsand sectors. Discussion of the propertiesand results of the
algorithm is made through the presentation of two applications, namely Argentinaand
Brazil in the fourth section. The last section gathers some concluding remarks. These
ones discuss some relationships between the related biclustering algorithms and the
proposed a gorithm, with particular emphasis on itsinnovative aspects making use of
the SIA point of view.

2 The conceptual background of the algorithm

Asastarting point, consider thefinite framework for the analysis of specialization and
concentration. For a given country, afinite set of digoint regionsi € Z = {1, ..., |},
and afinite set of sectors j € J = {1, ..., J} are considered, where a sector is the
basic structure of a classification of economic activities.

For each pair (i, j) € Z x J, anumber Nj; of primary units are observed; these
could be for instance number of employees or number of establishments. Putting
together these data, atwo-way | x J contingency table N = [N;;] is obtained, with
theith row for regions, jth column for sectors. Thetabletotal s are denoted asfollows:

J | | J J
Ni~=ZNij N.j:ZNij N"ZZZNijZZN'j: Ni.. (D)
=1 i—1

i=1j=1 j=1 i=1

These data may also be given in terms of the total number of data, N.., along with the
conditional and marginal proportions:
Nij Ny 2N

Pi=nN Pi=N PEN

N @

o N
Pji = W
The issues of specialization of regions in terms of sectors and of concentration of
sectors within regions are to be analyzed from the contingency table N in terms of
profiles, or conditional distributions, characterizing regions and sectors. Following
the stochastic independence approach (SIA), as developed in Haedo and Mouchart
(2018), the relative measures of sectorial specialization and of regional concentration
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are based on the comparison of two distributions, by means either of adistance or of a
divergence. The term discrepancy is used to designate either one or the other one and
d(q | r) denotesthe discrepancy of distribution g with respect to distributionr. When
d(- | -) isnot symmetric, as may be the case with a divergence, the distribution r acts
as abenchmark against which distribution g isto be evaluated. When the components
of a vector are indexed by i (regions) or by j (sectors), an arrow above the index
that marks the components of the vector is used; for instance, one writes p-; =
(Pyjis---» Pjji»---» P3ji) and for the global row profile (or marginal distribution) one
writes pj= (P1yo-vs Pjse-vs PI).

The relative sectorial specialization of region i is measured by a discrepancy
d(pj~|i | p. Jr) that operates a comparison between its profile (or conditional distri-
bution) of the ith row, Pjji» and the global row profile (or margina distribution),
P used as a benchmark of non-specialization. Similarly, the relative regional con-
centration of sector j is measured by a discrepancy d(ql- | p;.) that operates the
comparison between the profile (or conditional distribution5 of the jth column, Pr
and the global column profile (or marginal distribution), p; , used as a benchmark of
non-concentration.

The discrepancy d([pij] | [pi. p.j]) compares the actual bivariate distribution, on
regions x sectors, with the product of their marginal distributions that represents the
closest distribution revealing independence between regions and sectors and is taken
asabenchmark of acompletely non-specialized, or non-concentrated, economic struc-
ture. This measure represents the (global) information provided by the contingency
tableN about the overall localization of the economy. Notethat for overall localization,
Bickenbach and Bode use the term polarization in (2006) but localization in (2008);
moreover Haedo (2009) used global speciaization. In Bickenbach et al. (2010) use
localization. Overall localization is used for instance by Alonso-Villar and del Rio
(2013) and is also adopted in Haedo and Mouchart (2018) and in this paper.

Thisanalysis may be conducted by means of the so-called L ocation Quotient L Qjj
(Florence 1939), also known as the (estimated) Hoover-Balassa coefficient for the
cdl (i, j). Moreinformation may also be found e.g. in Haedo and Mouchart (2018).
This quotient, well known in the literature on relative sectoria specialization and on
relative regional concentration, may be written as follows:

Py _ Pui _ P

LQji = =
Qi PP P P

©)

and is alocal indicator, for the cell (i, j) of the contingency table, that reveals, for
example, the following feature of sector j inregioni:

LQjj=1 or pjj=p.pj nhon-specialization
>1 or pij>p.pj over-speciaization
<1 or pij <pi.pj under-specialization (4)
where “non-specialization” stands for no sectorial specialization of region i or no

regional concentration of sector j. Note that pijj = O or LQjj = Oisan indicator of
maxima under-specialization.
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For the measures of relative sectorial specialization, of relative regional concen-
tration and of overal localization, three different discrepancies are the object of
attention, namely the x 2-divergence or Inertia, the Kullback—Leibler divergence and
the Hellinger-distance. Once ameasure of overall localization is considered as an ade-
guate summary representation of the regional and sectorial structure of the economic
activity, an algorithm for optimal groupings of rows and columns should minimize the
loss of that measure. The three approaches sketched in Table 1 suggest three families
of that algorithm. The A2 family rather speaks of Inertiaand isthe one explicitly used
in this paper. The KL family uses the expression of “loss of information” because of
its roots in information theory. Hellinger-distance is rather frequently used in math-
ematical statistics and presents a specific interest: it is an Lo-distance on the square
root of the probabilities and is valued in the bounded interval [0, 1], where the value
1 corresponds to mutually singular distributions and O corresponds to two identical
distributions.

3 Two-mode clustering of regions and sectors
3.1 Motivation of the algorithm

A purpose of this algorithm is to summarize the original information contained in
the complete contingency table N = [N;j ], in order to extract from the data the most
relevant patterns of overall localization. The nature of the actual challenge should be
kept in mind. Inthe case of Brazil, for instance, thereare | = 5138 regions. Using just
thefirst 2 digitsof theInternational Standard Industrial Classification of manufacturing
sectors (ISIC-Rev.3), thereare J = 22 sectors. In 1998, for example, the total number
of employeesis N = 6,018,445. Therefore, the contingency table is a 5138 x 22
matrix of 6,018,445 primary units spread in 113,036 cells. Thus, it should be expected
that many cells have either avery small number of employees or no employee at all.

The skeleton of the proposed algorithm may be viewed as follows. An optimal
grouping of regions and sectors should compromise between two opposite desiderata:
the collapsed table should be as small as possible but should also display a minimum
loss on the overall localization of the country. Collapsing tables means building tables
of smaller dimension through aggregated regions (rows) and/or sectors (columns). In
an exhaustive algorithm, the total number M of collapsed tables to be examined for
thel x J matrix N is;

| J
M = 5
Z(mlu-l"ﬂi ...mp) <m1 R 1 T m|> x Z(nlmnimnk) (nl N | T nk> ©)

wherel <1 -1, k<J—-1m+...+m+...+m < landng+...+nj+...+
ng < J. Equation (5) may also be written as a product of two Bell nhumbers B, =
S menm) (g m) = S0zken () Wherel < n—Lmy-+. +mi+..+m < n.
The Bell number is the sum of Stirling numbers of the second kind S(n, k) that are
equal to the number of partitions with k elements of a set with n members. Thus, the
Bell number representsthe total number of partitions of aset of n elements. In Eq. (5),
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C. Haedo, M. Mouchart

wehaven = | and m = J. More information may be found in Rota (1964), Gardner
(1978), Branson (2000) or Sloane (2001). For | and J large, asinthepresent case, M is
hugeandtrying al possibilitiesiscomputationally either unfeasible or very expensive.
Therefore, for large tables, a greedy algorithm that ensures a suitable approximation
of the global optimum is preferred, as already mentioned in Gan and Jiang (1999). For
agood overview on theinteractive, exhaustive and greedy biclustering a gorithms see
also Ben Saber and Elloumi (2015).

3.2 Singular value decomposition and correspondence analysis

L et the algorithm be presented on the basis of the stochastic independence approach
(SIA). Let
oo N _ [N_}
N.. N..

be the probability matrix corresponding to N, r = [pi.] = p; the vector of row
marginals, ¢ = [p.j] = P the vector of column marginals and D, and D¢ be the
diagonal matrices formed with the row marginals and column marginals, respectively.
Let R = [pij — pi. p.j] bethe | x J matrix of residuals between an observed pij
and an expected one, under an hypothesis of independence, pi. p.j. The matrix of the
residuals may be conveniently written as: R = P — rc’. Later on, it will be rather
worked on the matrix of the standardized residuals defined as:

Pij — Pi-P.j

S_ Dr_l/zRDc_l/z sj = P
A Pi- P

(6)

The standardized residua sj is connected to the location quotient L Qjj by the fol-
lowing relationship:

sj = PP [LQij —1] ™

Therefore, the sign of the standardized residual gives exactly the same information on
the cdl (i, j) as the position of the location quotient with respect to the pivot value
1. The standardized residual may also be viewed as an homothetic transformation
of the location quotient, by a factor ,/pi-p.j. This scale factor may be viewed as an
adjustment for the problemsraised by small regions, and small sectors, inlinewith the
works of Moineddin et al. (2003), O’ Donoghue and Gleave (2004) and Guimaraes,
Figueiredo and Woodward (Guimaraes et al. 2003, 2009).

When elaborating a simultaneous grouping of regions and sectors, a singular
value decomposition (SVD) of a matrix operates simultaneously on the rows and
the columns. More specifically, aSVD of S may be written as:
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S=UD,V’ )
where L = (A1,..., Ak) is the vector of the strictly positive singular values, or
eigenvalues, of S organized in descending order: A1 > A2 > --- > Ag > 0 with
K =min(l —1,J — 1) and, evidently, Ak +1 = - - - = Amax(1,J) = 0. Thedimension

of Uisl xK,of VisJx K and D, isaccordingly K x K ; moreover U'U = V'V = | k.
The space RX is called the factor space. Remembering that with a matrix E = [g il
onehas:tr (E'E) = }_; 3 €f;, the x >-divergencebetween [pij ] and [ pi. p.j ], or total
inertia, may now be written as:

I J
de ([Pl Ippil) =02 =D > (P pl‘;JpJ ZZs”_trS’S

i=1j=1

MX
>
~N

©)

k=1

Thus, the SVD decomposes simultaneously the linear space generated by a matrix
and the x2-statistic, or inertia. This is precisely the way correspondence analysis
(CA) operates. Indeed, CA defines a sequence of subspaces containing an increasing
proportion of the total inertia; for more information see e.g. Benzécri (1973; 1992),
Lebart et al. (1984), Greenacre (1984, 1993, 2007). More explicitly, the principal
coordinates for the rows (regions) are defined as:

F=D;"?UD, =[fi] fik=p. Paux  @(,0el xK (10

where fiy representsthe score of regioni in the kth dimension of the factor space R¥ .
Later on, we shall systematically use the decomposition of F into its | -dimensional
columnsdenoted asF = [ fr;, ..., fr ]. [t may be checked that:

FDF=D; ie =) pfi (12)
i

Thus, Eq. (11) decomposes the kth eigenvalue of S'S, also the kth component of the
inertia, according to the contribution of each region i, namely pj. f Simllarly the
principal coordinates for the columns (sectors) are defined as:

G=D:"?VDy=lgikl  gik=p;"rvik (LK eIxK (12

where gjk represents the score of sector j in the kth dimension of the factor space
RK. Similarly, the decomposition of G into its J-dimensional columns is denoted as
G= [ngl, e gFK]. Here also:

GDG=D? ie 2Z=) pjdgi (13)
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Thus, Eqg. (13) decomposes the kth eigenvalue of S'S according to the contribution of
each sector j, where p. g-2k measures the contribution of the sector j.

The SVD of S will be used in the following spirit. Let Dym) be the principal
submatrix of D, corresponding to the mfirst eigenvalues A and U and V () bethe
submatrices made of the m first columns of U and V, respectively. The least-squares
rank m approximation of S is obtained as: Sm) = Um) Dim) V{y, (Eckart-Young
theorem, see e.g. Eckart and Young 1936). For each m = 1, ..., K, the agorithm
will consider a sequence of hierarchical clusterings corresponding to a sequence of
improved approximations of S. Therefore, the SVD of S provides a decomposition of
the total overall localization measure ¢2, in Eq. (9), in terms of the contributions of
each factor k and of the contribution of the regionsi, respectively the sectors j:

¢?=> > mfk=> > pjdi (14)
ik ik

For more information, see e.g. Mardia et al. (1979), Jobson (1992) and Greenacre
(2007).
L et us write the rows and columns profiles as follows:

DF1P=[%]=[IOJH] PD51=[g—ﬂ=[pnj] (15)

Comparing, by means of a divergence, a profile with the corresponding marginal

distribution provides a measure of relative sectorial specialization of region i and of
relative regional concentration of sector j:

)2 ,
d,2 (Pﬂi | IO.;) = Z(p“p—Jpj) = (pﬂi - p.;) Dél(Pﬂi - p.f) = Xk: fi%

i

R B e e A LR CIRT R ot

i Pi.

Therefore, the decomposition of the total inertia as a measure of overall localization,
in (14), may also be written in terms of average of relative sectorial specialization or
of regional concentration:

$? = m.de (P 1 p5) =D pide (I py) (18)
i j

3.3 Automatic optimal collapsed table: the algorithm based on HCCA

This section gives the essentials of the algorithm, devel oped using the software R.
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An overview

In line with (16) and (17), the distance between regions or sectors is provided by
means of a“ square of weighted Euclidean distances’ among profiles. Thedissimilarity
between the profiles of two regionsi and i’ or two sectors j and j’ is accordingly
measured as follows:

dg, (p;“ I p;“/) = Zpij (pii — pjir)* = (Pni - pﬂv)/ Dc_1<pf|i - Pm/)
J

(19)
d3, (m“ | rri“-/) = Zpil (P — piy)° = (I%' - F*iu/)/ DFl(‘}ili - I[*ili/)
(20)

Following Ward (1963)’s approach, the least decrease in inertia is identified by the
pair of rows (i, i”) which minimize the following measure:

pi. P 1 N2 PP N A R
m;a(plll Pjii’) __pi.+pi/.(pj“ Pyi) De (pj\i pi\i’)

(21)

Theoverall localization of an economy decreases asaconsequenceof clusteringand
this loss of information is reduced by clustering the most similar regions or sectors.
Thus, the algorithm chooses pairs of regionsi and i’ and pairs of sectors j and j’
minimizing the measures of dissimilarity (19) and (20). The two rows are then merged
by summing their frequencies and the profile and mass are recalculated. The same
measure of difference as (21) is calculated at each stage of the clustering. Similarly,
mergings of two columns are also operated. By doing so, each clustering decreases
the dimension of the table.

A collapsed table is characterized by two partitions: a partition Z,. of the rows and
a partition J, of the columns. Thus, a collapsed table is denoted as Tz, . 7, and is
obtained by merging the rows and the columns of the original table according to the
relevant partitions. Hierarchical clustering, of the rows or of the columns, generates a
nested sequence of (I + 1) partitionsof therowsand (J + 1) partitions of the columns,
with the first and the last ones being:

Zo ={1}.{2}..... {1} Jo = {1}.{2}..... {I}} (22)
oy ={{1.2..... 1} Joy=1{{1.2...,3} (23)

The other not extreme (I — 1) and (J — 1) partitions corresponds to the levels of a
dendrogram.
First step: building collapsed tablesfrom HCCA

1. Work on the rows (regions). For eachm, withm=1,2, ..., K:
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Consider the first m columns of F, i.e. let the | x m matrix Fm =
(frpo ooy fro o ooy f), where 7 represents the kth column of F, and obtain
ahierarchical clustering of the rows of F ), corresponding to the regions, or rows
of S Fora=0,...,1, let Z;agm beapartition of Z with | — a elements, i.e.
I(a,m) = {Il,(a,m)a ceey I|,(a’m), R A _a,(a’m)}, with vym : I(O,m) = I(o) and
Za.my = L)y, and each element of the partition Zj (a.m) is a subset of regionsin
thefirst m ones. Consider now the nested sequence of | + 1 partitions of regions,
starting with Z ) and where each cluster is obtained as an optimized clustering
scheme based on Z(a—1,m). Thus for each m, there are only | — 1 relevant levels
of the hierarchical clustering.
2. Work on the columns (sectors). Again, for eachm, withm=1,2, ..., K:

Repeat the same with the columns of G, with the J x m matrix Gm, =
(gj—l, e O e gfm), where 9k represents the kth column of G, and obtain a
dendrogram through an hierarchical clustering of the rows of Gm), corresponding
to thesectors, or columnsof S. Similarly, forb =0, ..., J,letZ m) beapartition
of J with J — b elements, i.e. &b,m) = {jl,(b,m), ey ﬂ’(b,m), ey jJ_b,(b,m)},
with vm : Jo.m = Jo) and Ja.my = J3), and each element of the partition
A .m,m) is asubset of sectorsin the first m ones. Again, consider now the nested
sequence of J + 1 partitions of sectors, starting with (o) and where each cluster
is obtained as an optimized clustering scheme based on J(b—1,m). Thus for each
m, there are only J — 1 relevant levels of the hierarchical clustering.
3. Building collapsed tables:

For each level of the row and column dendrograms, build K collapsed tables,
each of dimension (I — 1)(J — 1), repeat the operation for each m, obtaining
accordingly K collapsed tables Tz, .\ « 7, m @d calculate the corresponding

P
inertia ¢ (TI(a,m) X J(b,m) ) :

Second step: identifying an optimal collapsed table through bootstrapping

Up to now, the greedy algorithm has built, from all the dendrograms levels, an array
Aof (I —1)(J — 1)K collapsed tables. Thefinal question is: which of these collapsed
tables is better in the sense of an optimal compromise between a smallest table and
an highest overall localization (i.e. association) possible? This control is realized by
permutation bootstrapping that provides an efficient tool for achieving this trade-off.
Let us consider whether aparticular table Tz, . x 7, , iSOptimal inthe sense alluded
above. At least, one should check that thistable is not dominated by a table obtained
through arandom shuffling of the labels (of rows and/or of columns) based on asame
level of the dendrogram.

The optimized tables from the dendrograms are completely characterized by the
three characteristics (a, b, m). Let 7; beapermutation definedonZ,i.e.ny : 7 — 7,
bijective and let us write 7y (Z(a,m)) for the image of the partition Z(a,m) transformed
by 7 . Similarly, let 7€ be apermutation defined on 7 and itsimage 7 ©(J(p,m)) of the
partition Jip,m). Given (r, 7°), atransformed table T, (7, ) x7¢(Jp.m) 1S defined
following the same partition scheme asthe optimized table Tz, .« 7, ,,, With shuffled
labels. The corresponding inertia 2 (Ty, (7, m)xx¢(Ji.m)) 1S then computed.

@ Springer



Two-mode clustering through profiles of regions and sectors

Note that the transformed table Ty (7., ) x7¢(Jpm) NS @ same dimension as
TZ 0 m x T+ tUS, their inertia are comparable. The difference ¢? (Tz,, 1 x Jom ) —
0% (Toy Tiarm) %7y ) 15 N €ffect of thelabel shuffling of rows and columns. The
permutation bootstrap is obtained by generating randomly the permutations (r;, ¢)
and evaluates the average, denoted as [E g, of the corresponding inertia. Thus, in the
array A, the differences

Y@ b,m = 6% (Tr, 0 xJom) — EB ¢ (an (I(aﬂm))xnc(.j(b’m))) (24)

represent how much the optimized table hasgained, ininertia, relatively to atablewith
a same cluster scheme but with randomly shuffled rows and columns. The algorithm
terminates defining the optimal collapsed table, Z(a+ m+) x Jb+,m+), by solving the
following maximization problem:

(a*,b*, m*) = arg max v (a. b, m), (25)
a,b,m

balancing the trade-off between the overall localization and the table dimension.

Remark In general, aclustering of atableinvolvesaloss of information, measured by
adecrease of theinertia In the extreme cases, Tz, x7,,, isal x 1 table representing
amaximum level of clustering and maximum loss of information, whereas Tz, « 7,
isal x J table representing the original table with no loss of information. In both
cases, bootstrapping isirrelevant. O

4 Applications

Preliminary workswith simul ated data had provided encouraging resultsabout the per-
formance of thisalgorithm, motivating afurther step with real data. The next step was
to let work thisalgorithm on real data of several countries. The purpose of these appli-
cations is to analyze and evaluate how far the functioning of this algorithm provides
suitable information on the regional—sectoria structure of the economic activity. Two
of these applications, for Argentinaand for Brazil, are presented for different aspects
of the results of this algorithm. These results are presented with the objective of mak-
ing explicit the characteristics of the proposed methodology and some insights about
how these might be used for policy making.

The sector classification used in both applications refers to the first 2 digits
(divisions) of the International Standard Industrial Classification (1SIC-Rev.3.1) of
manufacturing industry (23 divisions) and is given in Table 2.

The optimal collapsed tables of Argentina and Brazil are found using B = 1000
permutation bootstraps. The first eigenvalues selected in the steps of the algorithm
where the optimal collapsed tables were found are: thefirst 15 out of 22 for Argentina
and the first 15 out of 21 for Brazil.
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Table 2 Sectors of the manufacturing industry (Divisions ISIC-Rev.3.1)

Sector Description

15 Manufacture of food products and beverages

16 Manufacture of tobacco products

17 Manufacture of textiles

18 Manufacture of wearing apparel; dressing and dyeing of fur

19 Tanning and dressing of leather; manufacture of luggage, handbags, saddlery,
harness and footwear

20 Manufacture of wood and of products of wood and cork, except furniture;
manufacture of articles of straw and plaiting materias

21 Manufacture of paper and paper products

22 Publishing, printing and reproduction of recorded media

23 Manufacture of coke, refined petroleum products and nuclear fuel

24 Manufacture of chemicals and chemical products

25 Manufacture of rubber and plastics products

26 Manufacture of other nonmetallic mineral products

27 Manufacture of basic metals

28 Manufacture of fabricated metal products, except machinery and equipment

29 Manufacture of machinery and equipment n.e.c.

30 Manufacture of office, accounting and computing machinery

31 Manufacture of electrical machinery and apparatus n.e.c.

32 Manufacture of radio, television and communication equipment and apparatus

33 Manufacture of medical, precision and optical instruments, watches and clocks

34 Manufacture of motor vehicles, trailers and semi-trailers

35 Manufacture of other transport equipment

36 Manufacture of furniture; manufacturing n.e.c.

37 Recycling

4.1 Application for Argentina

Here, the regions are the lower level political-administrative jurisdictions called
departments (511) of Argentina. After eliminating those without employees in the
manufacturing industry, there are remaining 491. The data, related to the number of
employeesin the manufacturing industry, were obtained from of the National Institute
of Statistics and Censuses of Argentina (INDEC-2004: 941,337 employees).

Table 3 shows a summary of results in terms of the three measures of overall
localization proposed in Table 1, concerning the original and the optimal collapsed
table, namely the number of cells and the resulting loss of information about the level
of overall localization.

Thelossof information, between 18.9% and 34.5%, seems quite attractivevis-a-vis
a substantial reduction in the size of the table (94.9%). The percentages of the loss
of information clearly depend on the underlying divergences. That d2 be associated
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Table 3 Summary results of Argentina

Measure Original table Optimal collapsed table Lost level of overall
localization (%)
dy2 1.9519 1.5833 18.9
dk L 0.2060 0.1350 345
dy 0.0949 0.0671 29.4
#of cells 11,293 578
(491 x 23) (34 x 17)
Reduction # of cells 94.9%

with the smallest loss of information may be connected to the fact that this version
of the algorithm is based on optimizing the loss in terms of d 2. Figures 1 and 2 are
heatmaps that allows to summarize and visualize large tables by representing each
cell by one color: whitefor cells non-specialized or non-concentrated, yellow for cells
under-specialized or under-concentrated and orange for cells over-specialized or over-
concentrated. Thesefigures providethe contribution to overall localization of each pair
(region, sector): Figure 1, for the original data—thus 491 rows and 23 columns—and,
Fig. 2, for the optimal collapsed table- thus 34 rows, corresponding to g-regions, and
17 columns, corresponding to g-sectors. In Fig. 1, the g-regions are separated by an
horizontal black line and numerated in the first column (under GR). Similarly for the
g-sectors, in the first row, in case of two lines, the first one gives the number of the
g-sector (GS) and the second one gives the original labels of the sector.

These results provide adeeper understanding about the realization of specialization
and concentration in economy. Thus, it may be clearly viewed that every GR has a
specific characterization in terms of sectorial specidization and every GS in terms
of regional concentration. For instance, the GR1 is over-specialized in 5 sectors and
GSL1 is over-concentrated in 2 GR’s. These facts suggest that the results of the two-
mode clusterization provides underlying information on the process leading to these
specializations and concentrations for specific GR’'sand GS's.

Let usnow have aspatial view on the results of the algorithm. Figure 3 givesamap
of the GR4 where the right-hand side part gives a zoom in of the metropolitan zone
of Buenos Aires. As mentioned in the Introduction, this algorithm does not impose
restrictions of contiguity or of some distance-based pattern on the regions to be clus-
tered. Nevertheless, it should be noted that in the metropolitan zone of Buenos Aires
and in the rest of Argentina several neighboring original regions are clustered within
the GR4. The GR4 clusters 37 regions with 26.3% for the manufacturing occupation
at the national level and is specialized in the 7 g-sectors: 17, 21, GS2, GS3, 29, 34
and 37 with 30.5%, 34.3%, 41.5%, 39.8%, 28.7%, 28.1% and 33.6%, respectively,
of manufacturing occupation at national level. In the metropolitan zone of Buenos
Aires, 18 regions are contiguous representing 83.8% of the occupation in GR4 and
22.0% at the national level. These 18 regions represent, on the specialized sectors
in GR4, a manufacturing occupation of 88.5%, 77.6%, 81.7%, 87.1%, 83.9%, 93.0%
and 60.2%, respectively; and 27.0%, 26.6%, 33.9%, 34.7%, 24.1%, 26.2% and 20.3%,
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Fig. 1 Heatmap of the original
table of Argentina
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Two-mode clustering through profiles of regions and sectors
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Fig.2 Heatmap of the optimal collapsed table of Argentina

respectively, of manufacturing occupation at national level. These results provide an
information in a form particularly relevant for developing economic spatial and sec-
torial multilevel policies.

4.2 Application for Brazil

Again, the regions are the lower level political-administrative jurisdictions called
municipalities (5138) of Brazil. The data, related to the number of employeesin the
manufacturing industry, were obtained from of the National Institute of Statistics and
Censuses of Brazil (IBGE-1998: 6,018,445 employees).

Similarly to Table 3 for Argentina, Table 4 shows a summary of results obtained
from the three measures of overall localization proposed in Table 1.

It may be noticed that the (5138 x 22) original tableis now reduced to a (52 x 17)
optimal collapsed table, i.e. a reduction of 99.2% of the number of cells but only a
loss of information of 21.1% in terms of the d y2.
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Fig.3 GR4 of Argentina

Table 4 Summary results of Brazil

Measure Original table Optimal collapsed Lost level of overall
table localization (%)
dy2 3.0604 2.4151 211
dk L 0.3222 0.2140 33.6
dy 0.1524 0.1067 30.0
# of cells 113,036 884
(5138 x 22*) (52 x 17)
Reduction # of cells 99.2%

*For Brazil, sector 37 isincluded in sector 36 (1SIC-Rev.3)

Similarly to Fig. 2 for Argentina, Fig. 4 is the heatmap of the optimal collapsed
table, thus 52 rows, corresponding to GR’s, and 17 columns, corresponding to GS's.
Again, it may be observed that every GR has a specific characterization in terms of
sectorial specialization and every GSin terms of regional concentration. For instance,
the GR2 is over-specialized in 2 sectors and GS2 is over-concentrated in 3 GR's.

Theresultsof the al gorithm for Brazil are now used to comment on the standardized
residuas, introduced in (7). Asmentioned before, these residuals may be viewed asan
homothetic transformation of the location quotient, thus as a measure of local relative
specialization and concentration, in connection to the concept of overall localization.
Figure 5 depicts the standardized residuals of the 113,036 cells of the origina table.
Most of the standardized residuals are around zero. Therefore, it isto be expected that
most of the cells are not significantly over- or under-speciaized or over- or under-
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Fig.4 Heatmap of the optimal collapsed table of Brazil
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Fig.5 Standardized residuals of the original table of Brazil
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Fig.6 Standardized residuals of the optimal collapsed table of Brazil

concentrated, suggesting that the degree of overall localization can be explained with
much less information. Figure 6 shows the standardized residuals for the 884 cells
of the optimal collapsed table obtained by grouping regions and sectors. The strong
decrease of the zero and close to zero residuals make the overall localization phe-
nomenon more apparent. As a matter of fact, grouping into g-regions and g-sectors
succeeds in better identifying simultaneously homogenous regions of similar rela
tive specialization structure and homogenous sectors of similar relative concentration
structure.

5 Conclusions

Section 3 describes in a systematic way the steps of the algorithm, based on the
HCCA procedure that has been widely used in combination with different types of
algorithms. The innovative aspects of the present procedure are now made explicit.
A distinctive feature of this greedy algorithm is to be completely automatic in the
sensethat, in the final solution, the number of clusters and the dimension of the factor
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space m are determined by the algorithmitself rather than by pre-specified parameters.
Therefore, the underlying concepts of GR’s and of GS's are completely specified by
the algorithm itself, at variance from an algorithm requiring the a priori specification
of some parameters. This algorithm produces an automatic computational program
based on the distributions (marginal and conditional) rather than on the cells.

Through the approach of SIA, this agorithm is providing an understanding of
the similarities and dissimilarities of the simultaneous dual processes generating a
family of concepts, namely sectorial specialization, regiona concentration and overall
localization. This innovative aspect has been illustrated on the heatmap of Fig. 1 for
the application of Argentina.

Thisgreedy a gorithm hasbeen devel oped asatrade-off between the computational
time and the approximation of a global optimum available from an exhaustive algo-
rithm. In an exhaustive algorithm, the total number of collapsed tables to be examined
is given by equation (5) for each m, to be identified from formulae (10) and (12), and
consequently the duration of computing is increasing exponentially with the size of
the table.

The proximity of the final result of this greedy algorithm with respect to the result
of an exhaustive algorithm is an important issue. The performances given in Tables 3
and 4 indicate that the result of an exhaustive algorithm is not better than the result
of the present greedy algorithm, in particular because the greedy agorithm achievesa
diminution of the number of cellsof thetable by morethan 95%. Interestingly enough,
the greedy algorithm solution of Argentina has been confronted to afurther clustering
of rows and columns separately according to the algorithm of Hahsler et a. (2019)
that revealed no further clustering. These positive performances are due to the use
of permutation bootstrap for controlling the efficiency of each step, as mentioned in
the second step of Sect. 3.3 and just after Table 2. Indeed, Gan and Jiang (1999) had
concluded that the bootstrapping techniques are a best way to progressively achieve
the global optimum on large tables.

Here, for each level of the row and column dendrograms are built K collapsed
tables, each of dimension (I — 1)(J — 1); this follows the strategy of working in
accordance with the dual processes just mentioned. The operation is repeated for
each m, obtaining accordingly K collapsed tables Tz, . x 7, and their bootstrap
VErsions Ty, (7, m)x®(Jim)» With the corresponding inertia ¢2 (Tz,, . « 7. ) a0d
their bootstrap versions ¢2 (T, (2, m) xr(Jipm) ) - SO: thefinal cutoff level of the row
and column dendrograms is obtained from the optimal collapsed table, rather from
the permutation bootstrap made separately for the rows and the columns. This may
be viewed as a contribution to the framework derived from SIA that simultaneously
considers afamily of concepts rather than a succession of separated concepts.

Severa challenges are at stake, three of which should be singled out. A first chal-
lenge consists in identifying regions, respectively sectors, with identical, or similar,
structure. These regions, respectively sectors, might be associated in view of devel-
oping a joint policy of between- and within-sectorial and regional cooperation. At
contrast, a second challenge consistsin identifying regions, respectively sectors, with
complementary sectorial, respectively regional, structure. It should be clear that any
regrouping, of regions and/or of sectors, involves a loss of information. The third
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challenge consists in obtaining a regrouping involving a controlled loss of informa-
tionwhilethereduction of the overall dimensionissubstantial. Thisisindeed acrucial
challenge with large tables.

e The basic criterion for grouping regions and sectors is the similarity of the dual
sectorial—regiona structure: thisis the natural answer to the first challenge.

e Distinct GR’s imply different sectorial structures between the GR’s and similar
sectorial structure of the regions within each GR. This property of the proposed
algorithm also provides a useful information for amultilevel policy maker, either
within a country or between several countries. For instance, it is of a particular
interest for policy cooperation to notice that the GR2 of Argentina (Fig. 2) and the
GR2 of Brazil (Fig. 4) are over- and under-specialized in the same sectors. This
feature may be viewed as a contribution to the second challenge. Interestingly
enough, thisinformation may also be used for extending the analysis of complexity
and ubiquity as proposed in the Atlas of Economic Complexity, see Hausmann
et a. (2015), when it is mentioned that “individual specialization begets diversity
at the national and global level.” This has also been a major achievement in the
development of the project Mapas Industriales de América Latina y el Caribe
(MIALC), see Haedo and Mouchart (2015b).

e Tables 3 and 4 indicate that the optimal collapsed tables of this greedy algorithm
have diminished the number of cells by around 95% and looses between 20 and
35% of theinformation, according to the used discrepancy. Thisisquitean achieve-
ment regarding the third challenge. These results al so demonstrate that one of the
innovative aspects of this algorithm isin providing flexibility for interpreting the
final results, through different discrepancies.

Theresults of the applications provide anew way for simultaneously understanding
the similarities and dissimilarities of the dual process of sectoria speciaization and
regional concentration, without spatial or technological closeness, respectively. The
non-inclusion of restrictionsof contiguity or of distance-based patternswithinthe GR’s
representsa‘“ spaceless’ framework motivated by multilevel policy-making rather than
by spatial diffusion issues. Concerning the issue of local agglomeration economies,
particular features of a country appear nevertheless more explicitly after collapsing
the original table:

e The metropolitan zone of Buenos Aires in GR4 of Fig. 3 is over-specialized in
various sectors and suggests the presence of urban economies (large cities and
economically diverse in terms of over-specialized sectors), while the GR10 of
Argentina, in Fig. 2, and GR24 of Brazil, in Fig. 4, are over-specialized in only
one sector and accordingly suggest the presence of localization economies.

e Moreover, in Fig. 3, it should be noticed that within GR4, 18 regions of the
metropolitan zone of Buenos Aires are contiguous, displaying aclear spatial clus-
tering that suggests an effect of specialized agglomeration; thisfact comforts some
of the findings of Haedo and Mouchart (2015a). This agrees with the First Law of
Geography, according to Tobler (1970), saying: “Everything is related to every-
thing else, but near things are more related than distant things.” Thisisadesirable
property due to the fact that in this spaceless framework contiguity is possibly
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observable and evaluated a posteriori in the final result rather than promoted a
priori in the algorithm.

Table 4 shows that, in line with the SIA, the choice of a specific discrepancy for
measuring the overall localization may be highly influential in the clustering proce-
dures. This paper is based on the x 2-divergence. Thus, a promising avenue for future
research might be to develop this algorithm on the basis of other metrics such as
Kullback—Leibler divergence (KL) or Hellinger-distance (H) and compare the results
with the present version. Inthisdirection, Rao (1995) and Marinelli and Winzer (2004)
provide useful starting points.

In line with the biclustering algorithms of Bhattacharya and Cui (2017) and Orze-
chowski et al. (2018) based on parallel computing platform, the extension of the present
algorithm to n-dimensional contingency tables is under development. Although the
object of the present paper was oriented toward tables of big size and was inspired by
the conclusions of Ben Saber and Elloumi (2015), another objective of future research
might be to look for a boundary of the dimension of the table allowing an exhaus-
tive algorithm and, in such a case, to evaluate the economy of time through a greedy
algorithm.
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