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ABSTRACT The paper presents a new method to detect economic growth regimes based on time-series
similarity analysis. The procedure builds upon a fuzzy concept-based model, the Jaccard Index, and a
hierarchical clustering procedure. Having introduced the proposed method, we apply it to the time series
of economic growth and its proximate factors. Further, we study the stability of the obtained results under
different parameters. The proposed procedure allows us to detect groups of countries that share a common
growth performance and akin growth mechanisms. Simultaneously, the method let us identify countries that
escape any fixed classifications.

INDEX TERMS Concept-based models, economic growth, growth regime, fuzzy sets.

I. INTRODUCTION
Understanding the vast differences in economic growth per-
formance and its mechanisms and underlying reasons is one
of the fundamental topics in economics. An important strand
of research within growth economics deals with the existence
of growth regimes, which help explain observed heterogene-
ity in the growth processes.

The problem of economic growth regimes has an important
meaning for macroeconomic theory and empirical studies.
The existence of different growth regimes contradicts many
theoretical predictions that model growth process as a sta-
ble path, accompanied by short-term fluctuations. Moreover,
it gives support to models that allow for multiple steady-
states, where economies are attracted to different basins of
convergence [1], given their initial incomes, the deep deter-
minants of growth [2], or the transitions to prosperity through
various growth stages [3]. Simultaneously, the research on
economic growth regimes may also have substantial policy
implications. As pointed out in [4], detecting distinct growth
processes that result in diverging convergence clubs necessi-
tates extensive interventions to address catching-up barriers.
Moreover, the identification of growth regimes can aid in the
formulation of growth enhancing policies that are regime-
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specific, and thus - better suited for individual countries.With
this study, we hope to contribute to the literature by proposing
a novel procedure for identifying growth regimes that is more
comprehensive than existing methods.

There exist two distinct approaches to the research on
growth regimes. In the first one, the growth regime is under-
stood as a set of circumstances, that affect the mechanisms
of the GDP (Gross Domestic Product) growth process [5].
In such a view, the regime is associated with a set of deep and
long-lasting determinants of development possibilities [2].
As a result, each regime is characterized by a different
relationship between proximate growth determinants and the
growth itself. In such an approach, the methods to detect
growth regimes rely on identifying the differences in these
relationships. Thus, a regime is detected on the basis of
the analysis of the growth time-series generation process.
In the second approach, a growth regime is understood as a
temporal characteristic of the growth time series. The regime
is defined as a model or situation of economic performance
that qualitatively differs from the others [6]. Within this
perspective, the growth regime is strictly associated with the
GDP time series rather than with its determinants. Within
this approach, the growth regime is hardly distinguishable
from a growth pattern, as defined in [7]. Nevertheless, the
silent assumption that accompanies the search for growth
regimes within this strand of research is that a different set
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of structural determinants generates qualitatively different
growth
performance.

Thus, the main difference between the two approaches is
the starting point of the analysis. In the first one, the starting
point is the relationship between growth and its determinants,
while the second is the growth performance itself. Simul-
taneously, the general notion of the ‘regime’ identified in
both approaches is the structural difference in the growth
mechanism.

In the current paper, we propose to identify growth regimes
with a novel, multi-dimensional concept-based model. The
proposed method allows operating in the two realms of
regime definitions. It determines growth regimes based
on growth performance and different growth mechanisms,
understood as the temporal relationship between growth and
its proximate factors. In other words, the model helps to iden-
tify countries (or growth episodes) that are similar in terms of
performance and in terms of the proximate driving forces of
such performance. In this sense, the growth regime is defined
not only as a growth pattern but as a pattern explained by
a given set of conditions. Notably, the pattern itself and the
growth conditions can vary over time and be non-linear.

On themethodological level, the new approach brings forth
ideas from the fuzzy sets theory, which is used to build an ini-
tial data model. Subsequently, classic clustering and regres-
sion analysis algorithms are involved in extracting patterns
from the fuzzy concept-based model. The proposed method
is a fusion between soft and crisp computing technologies.
The proposed approach is a continuation of our research
on imprecise knowledge representation schemes applied to
model temporal data addressed in [8] and [9].

The rest of the paper is structured as follows. Section II
reviews existing literature on the topic, Section III describes
the proposed model, Section IV provides the application of
the model and the corresponding results. Further, we study
robustness of the main results in Section V. Conclusions are
stated in Section VI.

II. LITERATURE REVIEW
The existing methods aimed at discovering growth regimes
can be grouped into two strands of literature. In the first
one, a growth regime is understood as the overall environ-
ment influencing the behavior of economic agents, connected
with deep determinants of growth, such as economic insti-
tutions, which shape the relationship between growth and
its proximate determinants, i.e. accumulation of production
factors and economic policy [5]. Searching for GDP growth
regimes under this approach depends on statistical procedures
aimed at discovering distinct clusters of economies, which
are differentiated in terms of the relationship between growth
determinants and the growth itself.

In an early attempt to achieve this aim researchers tried to
exogenously define sub-populations of countries on the basis
of a qualitative assessment of their initial conditions [10].
Considering the arbitrariness of such attempts, researchers

moved towards more data-driven approaches. Reference [11]
proposed an application of a regression tree to search for
such a split of the data, that would maximize the fit of the
cross-section growth regression model. This approach has
been developed in [12], where a regression tree was applied
to identify threshold levels of a set of candidate variables that
cluster economies into distinct groups. The outcomes of these
studies revealed that the coefficients of growth determinants
in the linear models vary across groups. In this sense, the
groups could be interpreted as countries that follow dis-
tinct growth regimes. A further extension was proposed by
Fiaschi et al. [2], who compared Generalized Additive Mod-
els of economic growth, and identified a sampling split, that
is the most informative (as measured by Akaike Information
Criteria). Such a procedure allowed to account for the fact that
the relationship between growth and its determinants may be
non-linear.

Another method applied to the task of regime detection is
a finite mixture model. The finite mixture model assumes
that the observed conditional distribution of the variable
of interest comes from several unobserved sub-populations.
These latent sub-populations are discovered by estimating the
probabilities of falling into a given class. In its application
to economic growth regime problems, the modeled distri-
bution of economic growth rates is conditional to the class
membership and the set of independent variables – typically
to the standard set of growth factors. An essential feature
of the model is that the classes and the parameters of the
growth regression, are estimated jointly within the model and
may vary across classes (regimes). Thus, the latent classes
may reflect the differences in the marginal effects of the
growth factors. The finite mixture model has been applied,
among others, by Owen et al. [5], Di Vaio and Enflo [13],
Flachaire et al. [14], and Liu et al. [15].

In the second strand of literature, a growth regime is under-
stood as a temporal characteristic of the growth time series.
Within this approach, the effort of researchers is concentrated
on pinpointing the episodes of high/low growth. As proposed
by Brida et al. [6], one possible solution is to use a sym-
bolic representation of the growth rates, which facilitates
classifications based on external thresholds. A growth rate
exceeding the given threshold is classified as ‘‘high’’, and
‘‘low’’ in another case. A possible extension to this technique
is growth rate quantization. Other approaches use Markov-
switching models, where the growth process is interpreted as
a series of transitions between growth states. A growth state
is modeled as an auto-regressive process, which is described
with state-specific coefficients that reflect the growth rate
and its volatility typical to a given state. Then, a growth
state is interpreted as a growth regime. In this way, the
growth regimeswere studied by Jerzmanowski [16] where the
author focused on the impact of economic institutions on the
probabilities of transition between regimes. In another paper,
Kerekes [17] clustered economies based on similarities in
transition probabilities and described clusters with a series of
economic variables. Finally, Morier and Teles [18] extended
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the previous work with the application of the time-varying
Markov-switching model and analyzed the regime-specific
relationship between investment and growth.

To sum up, we can state two generalizations:

• The current state of the art enables to group countries
based on distinct growth performance. This may serve
as a starting point for the analysis of the group-specific
determinants of GDP growth, as well as the analy-
sis of the factors impacting growth accelerations [19],
and growth spells [20], [21]. Within this approach,
the grouping itself does not relate to the similarity
in the growth processes and mechanisms but rather to
the growth performance.

• Another set of methods enables the identification of
groups of countries with similar growth processes, i.e.,
with a similar relationship between growth and its prox-
imate determinants. These methods do not take into
account the episodic character of growth [7] and the
possibility that countries may experience a change in the
structural characteristics (which may impact the growth
process itself). Also, themethods based on finitemixture
models lack treatment of non-linearities between growth
and its factors.

The model we propose below is aimed at merging the exist-
ing approaches, i.e., our method can detect growth regimes
resulting from the growth performance and the differences in
the growth mechanisms.

III. FUZZY CONCEPT-BASED MODEL
A. PRELIMINARY NOTES
The model utilized in this study is a specific variant of
a concept-based model delivered in a unified formalism by
Jastrzebska et al. [8]. In this study, we have performed the
required alterations of this generalized formalism to repre-
sent and process data concerning growth regimes. Thus, the
novelty of the contribution presented in this paper relies on
a creative adaptation of an existing modeling framework.

In our previous work, we have already delivered one par-
ticular adaptation of the original concept-based model to
economics. The mentioned study by Bartak and Jastrzeb-
ska [9] targeted the discussion on evaluating the similarity of
transitional growth. The model presented in the current paper
differs from [9] in several ways:

• It applies the proposed procedure to a multi-dimensional
problem, whereas in [9], the model was applied to two
dimensions.

• The concepts are generated with fuzzy c-means algo-
rithm run on multidimensional data instead of the Carte-
sian product of the c-means algorithm run separately for
each variable.

• In the preprocessing stage, the weights attached to
the variables impact the concept generation procedure.
Specifically, the input variables are normalized to have
a mean equal to 0 and a standard deviation equal to 1.
Then, the so-normalized data are multiplied accordingly

to reflect the assumed weights. In this way, depending
on the research objective, the model returns an outcome
better suited to the specific research question.

• The model is run not only for countries but also for
country-episodes, defined as an episode of economic
growth which is not interrupted by any structural break.
In this way, we can account for the possibility that
a country switches growth regimes along its develop-
ment path.

B. PROPOSED MODEL ADAPTATION
The procedure can be roughly split into three steps:

1) Concept extraction and membership matrix computa-
tion.

2) Similarity evaluation.
3) Exploration of countries’ similarities

1) STEP 1: CONCEPT EXTRACTION AND MEMBERSHIP
COMPUTATION
On the input to the model, we receive multivariate time series
concerning several countries. Eq. (1) specifies the input data
format.

country 1:


variable 1: z111 , z112 , . . . , z11

N 1

variable 2: z121 , z122 , . . . , z12
N 1

...

variable P: z1P1 z1P2 , . . . , z1P
N 1

country 2:


variable 1: z211 , z212 , . . . , z21

N 2

variable 2: z221 , z222 , . . . , z22
N 2

...

variable P: z2P1 z2P2 , . . . , z2P
N 2

(1)

...

country R:


variable 1: zR11 , zR12 , . . . , zR1NR

variable 2: zR21 , zR22 , . . . , zR2NR

...

variable P: zRP1 zRP2 , . . . , zRPNR

Let us use P and R to denote the number of variables and
countries, respectively. N j, j = 1, . . . ,R is the length of
each time series for country j, and it is the same for all
time series for one country. The lengths may differ between
various countries. P,R,N j

∈ N+. z
jk
i ∈ R is an ith element of

a series assigned to country j, variable k , i = 1, . . . ,N j, j =

1, . . . ,R, k = 1, . . . ,P. Let us also assume that variables are
sorted. That is, the kth variable is the same for all countries in
the dataset. Let us note that time series are collected at equal
time intervals.

The first step of the procedure relies on concept extraction.
This step results in the creation of a concept-based model of
the input data. Concepts can be implemented using various
formalisms. In this study, like in previous ones, we use fuzzy
sets. The role of the concepts is to aggregate and represent the
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raw data. Thus, fuzzy sets are a good choice. One can conve-
niently extract fuzzy sets using the fuzzy c-means algorithm
proposed by Bezdek [22].

Concepts are extracted for input data organized in amanner
that each column corresponds to one variable and each row
corresponds to one observation. The fuzzy c-means algorithm
does not consider temporal dependencies in the data. That is,
the order of rows is not important. In our case, input data is
formed by concatenating the data concerning all the coun-
tries. It is performed so that corresponding variables are con-
catenated with each other. For example, the first variable after
concatenation is given as follows: z111 , z112 , . . . , z11

N 1 , z
21
1 , z212 ,

. . . , z21
N 2 , . . . , z

R1
1 , zR12 , . . . , zR1NR . The number of countries is

R and the length of time series for a country j is N j. Thus,
after concatenation, we obtain N 1

+ N 2
+ . . . + NR-long

variables. For the convenience of notation let us denote this
sum asN , that is,N = N 1

+N 2
+. . .+NR. Supposewe collect

concatenated variables into a single matrix necessary for the
fuzzy c-means algorithm. In that case, we obtain an N × P
matrix of real values, where each column corresponds to one
variable. Let us denote this matrix as X = [x1, x2, . . . , xN ],
where xi = [xi1, xi2, . . . , xiP], xik ∈ R is a single row of the
matrix X.
Fuzzy c-means is an iterative clustering algorithm. It starts

with an initialization of the location of centroids (interpreted
as fuzzy sets), which can be performed with something
as simple as a random choice. Subsequently, the algorithm
adjusts the location of the existing centroids by minimizing
an objective function given in Eq. (2).

Jm =

N∑
i=1

C∑
j=1

µm
ij ∥xi − vj∥2. (2)

In Eq. (2), centroids are denoted as vj, j = 1, . . . ,C , C is the
number of centroids. We must specify C before the algorithm
is launched since in consecutive iterations the number of
centroids does not change. Please note that vj is written in
bold font since it is a vector of real values. Centroids are
located in the space of variables used to execute the algorithm.

µij is computed according to Eq. (3),

µij =
1

C∑
k=1

(
∥xi−vj∥
∥xi−vk∥

)2/(m−1)
(3)

and

vj =

N∑
i=1

µm
ij · xi

N∑
i=1

µm
ij

, (4)

where m is a fuzzification coefficient m ∈ (1, ∞), defining
the degree of fuzziness of the solution. m → 1 results in the
behavior analogous to the behavior of the crisp k-means clus-
tering algorithm. Increasing m leads to more fuzzy assign-
ments to the centroids in a model. This parameter is often set
to 2, the value recommended by Hathaway and Bezdek [23].

The algorithm terminates its operation after a predefined
number of iterations is reached or when a difference between
subsequent locations of the centroids does not change more
than a specified threshold ε. In this case, we assume that
the centroids have stabilized, and we exit the procedure. The
outcome of the fuzzy c-means algorithm is a collection of
centroids (fuzzy sets) and a membership matrix [M] = µij,
i = 1, . . . ,N , j = 1, . . . ,C specifying the membership of
each data point from the input dataset to each fuzzy set. Please
note that formulas Eq. (3) and (4) ensure that for each data
point, the respectivememberships add up to 1.More formally,
∀i

∑C
j=1 µij = 1.

Fuzzy c-means can be susceptible to outlying observations.
Therefore, it is recommended to remove them before the initi-
ation of the procedure. After outlier removal, we standardize
the data employing the well-known formula x ′

=
x−x̄
σ

with
standard deviation σ and mean value x̄ of a variable.

The next step is concept extraction. As matrix X from
Eq. (2)–(4), we take concatenated and preprocessed multi-
variate data given originally in Eq. (1). The number of con-
cepts C is a model parameter, which can be set individually.
The experiments presented in this paper use C = 100. The
number of concepts should be large enough to reflect various
regularities present in the data, but at the same time, too many
concepts may be redundant. Since the model anyway is to be
interpreted by an expert, we suggest testing several values of
this parameter.

The advantage of a concept-based knowledge represen-
tation is that we can interpret the values (locations) of the
concepts using expert knowledge and treat concepts as knowl-
edge aggregates. In other words, concepts represent ‘‘typical’’
raw data points. This interpretation is valid as fuzzy c-means
is essentially a clustering algorithm that aims at the detection
of groups of observations.

2) STEP 2: SIMILARITY EVALUATION
The subsequent step of the procedure aims at the similar-
ity evaluation of data concerning different countries. Thus,
for data concerning each country individually, we compute
membership values for each one of the concepts extracted in
the previous step. The formula for membership evaluation is
given in Eq. (3). Subsequently, we sum the belongingness to
each concept. In the end, for each country, we obtain a single,
C-element vector in the form ai = [a1i, . . . , aCi], where
i is the country index and aji =

∑Ni
k=1 µkj is the sum of

memberships for all data points concerning country i to the
concept j. For the sake of simplicity of notation, let us assume
that Ni is the number of membership values being summed.
This sum is a real number, and thus, after computing ai for
each country, we normalize these values to the [0, 1] interval
by employing the standard min-max normalization (that is
x ′

=
x−min(x)

max(x)−min(x) ).
One may say that given the unequal length of the time

series concerning different countries the sum (and normaliza-
tion) operations may lead to some distortions in the percep-
tion of the regularities present in the data. Far from it, wewant
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to utilize knowledge about the shorter series since, typically,
the lack of prior data points is also something distinctive for
a given country.

Subsequently, we are ready for similarity evaluation, which
is performed with the use of the Jaccard index. In its general-
ized form, it is given as follows:

SIM_Jaccard(A,B) =
|A ∩ B|

|A ∪ B|
=

|A ∩ B|

|A| + |B| − |A ∩ B|
, (5)

where A and B are sets. When applied to normalized real
vectors, we can formulate it as follows:

SIM_Jaccard(u, v) =

∑N
i=1min(ui, vi)∑N
i=1max(ui, vi)

(6)

u, v are vectors v = [vi],u = [ui], i = 1, . . . ,C, ui, vi ∈

[0, 1]. We obtain R × R similarity matrix with rows and
columns indexed with country names.

Algorithm 1 outlines the procedure in the form of a pseu-
docode.

Algorithm 1 The Procedure at a Glance
Data:Multivariate time series concerning R countries

formalized in Eq. (1).
Result: M, R× R similarity matrix.
Choose C , the number of centroids;
Concatenate corresponding variables from each
country;
Remove significant outliers from the concatenated
data (values beyond mean plus/minus triple standard
deviation);
Run fuzzy c-means for concatenated multivariate
dataset to obtain C centroids;
for i = 1, . . . ,R do

Initialize C-elements vector, denote it as ui;
for c = 1, . . . ,C do

Compute membership values for the ith
country to the cth centroid;
ui[c] = sum of membership values
corresponding to the concept c.;

end
end
for i = 1, . . . ,R do

Normalize ui to [0, 1] using min-max
normalization;

end
for i = 1, . . . ,R do

for j = 1, . . . ,R do
M[i, j] = SIM_Jaccard(ui,uj), according to
the formula Eq. (6);

end
end

3) STEP 3: EXPLORATION OF COUNTRIES’ SIMILARITY
Having obtained a similarity matrix, we can perform further
data exploration. This exploration aims to the identification

TABLE 1. Variables’ averages by growth regime. The model with no
weights.

of groups of countries deemed to be similar according to the
intermediate data representation produced with Steps 1 and 2
outlined above. To automate this task, we propose to apply
hierarchical clustering.

Hierarchical clustering generates a tree-based representa-
tion of a given input data set or a similarity matrix such that
observations within a given branch are deemed to be more
similar to each other than observations placed in a different
branch. The algorithm builds a tree (typically a binary tree),
in whose root we have all observations, and in leaves we have
single observations. Splits are defined based on the similarity
of observations that end up in created nodes. The outcome of
the processing is conveniently visualized with the so-called
dendrogram. An expert decides where to perform a cut, that
is, how many groups should be identified. The lower the cut,
the more clusters we generate. The decision about the number
of clusters to be generated in the application, as addressed in
this study should be made manually by looking at the created
dendrogram.

IV. DATA AND RESULTS
The study uses an unbalanced panel with annual observa-
tions over the period 1951–2017. From the original database
(PWT database version 9.1 by [24]), the countries with less
than 30 observations were filtered out, and we deleted the
outlying observations. This procedure returned a data set
comprising 122 countries with a total number of observations
equal to 6929. The following variables were used as input
in the model: the rate of per capita GDP growth, the natural
logarithm of income, human capital, the share of gross capital
formation (at current Purchasing Power Parities), and the rate
of population growth. Thus, the set of variables includes the
standard variables of a Solowian-type growth model.

At first, we turn to the result obtained for the model with
no weights. As evidenced in Table 1, the model returned
three clusters with fairly similar average growth rates (Clus-
ters 1 to 3) and one group of countries that experienced
stagnation throughout the analyzed period (cluster 4). Such
a sample split gives interpretation opportunities since the
clustering revealed that similar growth rates were obtained
in different conditions. Countries in cluster 1 were able to
develop despite the rapid population growth rate. Compared
to stagnating countries in cluster 4, this group (although rel-
atively poor) is characterized by much higher human capital
and investments in fixed assets. Countries in cluster 3, which
form the group of relatively prosperous economies with the
highest stock of human capital, maintained relatively high
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FIGURE 1. Regimes discovered for the model with countries, no weights.

growth. Countries in the second cluster seem to be in between
clusters 1 and 3. Regarding the relationship between growth
and its proximate determinants, we can also observe some
compelling insights (Figure 1). First, the relationship between
income and growth is positive in cluster 4. This contrasts the
negative relationship (in line with the convergence hypoth-
esis) for countries grouped in clusters 1 to 3. Furthermore,
a positive correlation is found between human capital and
growth in the case of clusters 1 and 4, whereas the opposite
is evidenced in clusters 2 and 3. Finally, the high population
growth rate negatively correlates with GDP growth in all clus-
ters except cluster 3, which may point to the aging problems
in well-developed countries.

Although the above-presented procedure revealed some
insights, it also has disadvantages. Namely, the groupings are
based chiefly on the level of crucial variables (which are cor-
related to some degree) and mimic the common knowledge

TABLE 2. Variables’ averages by growth regime. The model with weights
(0.6 to growth rate, 0.1 to the remaining variables).

about the growth process. Thus, the growth rates within each
cluster can be explained by the corresponding levels of its
proximate variables. For example, the low rates of growth
in cluster 4 can be explained by low capital formation, high
population growth, and low human capital. This explanation
is rather non-controversial but at the same time, it does not
add up to the existing knowledge.

Thus, going forward and trying to discover clusters of
countries that vary in economic performance but share some
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FIGURE 2. Regimes discovered for the model with countries, and with weights (0.6 to growth rate, 0.1 to the remaining variables).

common characteristics of proximate growth determinants,
one may use a modification of the proposed procedure and
attach weights to the input variables. To study such a proce-
dure, we attached 0.6 weight to the economic growth variable
and 0.1 weight to the remaining ones. In this way, we seek
clusters that differ mainly in the average growth rates. At the
same time, the model seeks patterns and levels of growth
factors that constitute a growth regime, but these factors have
a lesser impact on the composition of the final clusters.

The outcome of the model with weights is presented in
Table 2 and Fig. 2. Given the average growth rates and income
level, one can label the clusters as catching up (cluster 1),
poor (cluster 2), rich (cluster 3), and developing (cluster 4).
Striking differences are observed between clusters 2 and 4,
i.e., between clusters with similar income, human capital,
population growth, and capital formation, but with growth

rate in the 4th group doubling the rates in the 2nd group.
Such an outcome calls for follow-up studies, which could
seek to understand why cluster 4 countries outperformed
cluster 2 countries in such a remarkable way. Identification
of clusters 2 and 4 can also confirm the need to look for
patterns of economic growth in relation to other dimensions
of development. The bi-variate relationships presented in
Fig. 2 point to correlations similar to the ones discussed in
the case of the model with no weights.

Last but not least, while detecting growth regimes, coun-
tries may switch regimes due to undergoing structural
changes. The basic idea of a regime switch refers to signifi-
cant economic changes which impact themechanisms and the
dynamics of development. Thus, we avoid any analysis that
confuses structural change with temporary shock in growth
performance. For this purpose, we detect structural breaks in
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FIGURE 3. Regimes discovered for the model with episodes, and with weights (0.6 to growth rate, 0.1 to the remaining variables).

growth time series with the genetic algorithm. On this basis,
we identify episodes with different growth rates and different
volatility. We choose the genetic algorithm rather than the
Bai-Perron algorithm (reckoned as a standard procedure in
this area of study), because it outperforms the Bai-Perron
method in two ways [25]:

• It separates episodes of volatile growth from episodes of
stable growth, even if both of them have similar average
growth rates.

• It is unlikely to detect break-points in case of temporary,
short-lasting shocks.

Episodes detected with the genetic algorithm served as
objects in the concept-based model, i.e., the average mem-
berships for each concept were calculated for each country-
episode. Then, country-episodes were used for computing the
similarity matrix and the corresponding clustering procedure.

TABLE 3. Variables’ averages by growth regime. Model for growth
episodes with weights (0.6 to growth rate, 0.1 to the remaining variables).

The clustering results are presented in Figure 3 and Table 3.
The process revealed two clusters with periods of stagnation,
one cluster of episodes of very high growth, and one cluster of
stable and long-lasting growth. Even though the duration of
episodes was not used as an input of the model, it turned out
to be a vital feature in partitioning our sample. Specifically,
the duration of episodes impacts cluster composition through
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membership-values summing and normalization procedure.
As an aftermath, the country-episodes of shorter length are
evaluated as different from long country-episodes. This fea-
ture is advantageous since the duration of the episodes has
important economic meaning [21]. Thus, separating, e.g.,
clusters 1 and 3 is informative and can serve as a building
block for the qualitative or quantitative analysis of the deter-
minants of growth slowdowns and their duration.

V. ROBUSTNESS ANALYSIS
In the current section, we test the stability of the clusters under
different values of the model’s key parameters. Specifically,
we formulate two research questions:

RQ1: Does the random initialization of the cluster-
ing partition matrix affect the model’s outcome?
RQ2: Does the parameter C (number of concepts)
impacts the model’s output?

To answer RQ1, we run our model 100 times, randomly
varying the initial partition matrix each time. To isolate the
effects of such randomization, we keep the other parameters
constant over 100 runs, i.e. we use C = 100, weight assigned
to economic growth variable = 0.6, and weights assigned to
the remaining variables = 0.1. To investigate how frequently
the models’ outcomes change, we report the percentage of
classifications into one of our four clusters for each country
in our sample (part A of Table 4).

To answer RQ2, we run the model 100 times, increasing
the parameter C (the number of concepts) by one each time.
We begin with C = 51 and end with C = 150. Similarly to
the first experiment, we keep the other parameters constant
over 100 runs, i.e. use a fixed initial partition matrix and
a weight of 0.6 for economic growth variable and a weight
of 0.1 for the remaining variables. We report the percentage
of classifications into one of our four clusters in part B of
Table 4.

As evidenced in part A of Table 4, in many cases, the
countries switch cluster memberships just because of the
random initialization of the partition matrix. We can draw
a similar conclusion from the experiments with a different
number of concepts. On the one hand, such an outcome can
be perceived as a marker of disadvantages of the proposed
method since the discovered uncertainty cast doubts on the
reliability of the groupings. On the other hand, one can also
get an interpretation that is more favorable to the model
itself. A closer look at those unstable results indicates that
countries that switch memberships due to random parame-
ters also tend to change classes due to different number of
concepts. Another finding is that the least stable clusters are
clusters 1 and 4, which are the closest in terms of the average
development levels achieved by their members. Both of these
facts can be interpreted as an indication that these ‘‘prob-
lematic’’ countries are indeed escaping a fixed classification
and could be treated as the ones with distinct or changing
economic growth regimes. One way of moving forward could
be excluding these economies from the subsequent analysis.

TABLE 4. Classification stability.
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TABLE 4. (Continued.) Classification stability.

An alternative is also the analysis of the country-episodes,
instead of countries, which accounts for the possibility of
a within-country regime switch. All in all, the experiments
point to the challenges associated with regime detection. The
proposed method requires a researcher to make subjective
decisions on the key parameters, and the decision itself has
significant consequences on the obtained results. On the other
hand, experimenting with a different set of parameters could
lead to the detection of countries that escape a crisp classifi-
cation.

VI. CONCLUSION
In the present paper, we introduced a novel procedure to
identify economic growth regimes. To detect growth regimes,
we proposed to adopt a fuzzy concept-based model. The
model is based on a set of abstract concepts generatedwith the
fuzzy c-means algorithm in multidimensional space. We run

this model on a panel data set comprising a set of annual
macroeconomic variables measured at the country level.
To compare countries, the memberships for a given concept
are summed across objects over all observations available.
Then, in the last step, the Jaccard index is used to get a
pairwise similarity measure, which serves as an input to a
hierarchical clustering procedure.

The method allows to group countries that follow a similar
growth regime, understood as a mix of growth performance
and growth mechanisms.

We showcased the workings of the proposed method in
three variants: the basic one, the variant with weights attached
to input variables, and the variant with weights operating on
country-episodes. Analyzing these variants, we showed that
the proposedmethod could be adapted and tuned to a different
research question. Importantly, each of the analyzed cases
returned country clusters potentially informative and can be
used as building blocks of follow-up studies.

Subsequently, we have investigated how robust our results
are. Specifically, we tested the stability of classification
into one of the discovered regimes under different numbers
of concepts and different random initial partition matrices.
We found many countries that are consistently classified as
following one regime. At the same time, there are also coun-
tries whose classification changes together with the values
of the parameters. To some extent, such a result is expected.
Given the complexity of the economic growth phenomena,
we can expect to find examples of economic development that
cannot be reliably assigned to one of the detected regimes.
Instead, we interpret these cases either as outliers or as coun-
tries whose development history shares the characteristics
of several regimes. Thus, the procedure of our robustness
analysis facilitates the identification of the cases that should
be treated with additional caution.
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