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Abstract

Background: The implementation of the Common Agricultural Policy of the European Union aims at a
balanced territorial development and economic convergence of the rural areas. However, in some cases, EU
rural funding didn’t manage to reduce the gaps between regions, but quite the contrary, the wealthiest regions
attracted most of the resources.

Purpose: The main objective of the paper was to assess whether EAFRD funding reached the most
vulnerable areas. This is a measure of the contribution of CAP to economic convergence.

Study design/methodology/approach: Cluster analysis was performed on Galati County in Romania. The
analysis was performed at LAU level, considering four variables: population, poverty, agricultural area and the
value of implemented EAFRD projects.

Findings/conclusions: The analysis concluded five clusters, with poorer areas receiving less funding, calling
for better development strategies, focused on the central, northern and north-eastern parts of the county,
where these areas are concentrated. Also, territorial reorganization of rural areas may be necessary in some
cases, in order to address the uneven development and poverty.

Limitations/future research: The present research focused only on EAFRD funding related to agricultural
exploitations. For more precise conclusions and recommendations, further research will also need to include
other EAFRD submeasures.

Keywords
EAFRD, agriculture, rural development, uneven territorial distribution, cluster analysis, rural poverty, economic
convergence

and localities, is one of the drawback factors and

Introduction

Homogeneous development of rural areas is one of
the objectives of the Common Agricultural Policy
of the European Union (CAP), and economic
convergence represents the most important
contribution to the achievement of this objective.
On the other hand, the persistence and deepening
of development gaps between regions, counties

increase internal migration.
As an important part of the CAP, the Second

Pillar, implemented through the FEuropean
Agricultural Fund for Rural Development
(EAFRD), aims at a balanced territorial

development of rural economies and communities.
The Second Pillar focuses on rural development
and had an allocated budget of approx. 95.6 billion
euros for the 2014-2020 timeframe. Its
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implementation  contributes  positively  to
resilience, risk prevention, climate change
adaptation and economic convergence (Tijanic &
Korent, 2019).

A  more detailed analysis, at Local
Administrative Unit (LAU) level, can reveal
potential territorial differences within the same
county, regarding the distribution of EU funds.
Cluster analysis has proven its usefulness in
identifying and contextualizing these differences,
by considering other aspects as well, such as
poverty, population or agricultural potential. Thus,
this study aimed to analyse, considering the above
variables, the territorial distribution in the
absorption of EU funds for rural development, at
the level of local communities in Galati County in
Romania.

1. Literature review

Disparities in rural development have been
observed in rural areas all over the world and
economic convergence in target areas needs
prioritization of underdeveloped communities
(Singh & Kumar, 2022).

Previous  studies  highlighted important
differences between countries and development
regions regarding absorption of EU rural
development funds, with most funding being
absorbed by the most developed areas (Cardenas
Alonso & Nieto Masot, 2017; Sin, Nowak &
Burlacu, 2020; Beluhova-Uzunova & Hristov,
2020; Kiryluk-Dryjska, Beba & Poczta, 2020; Dax,
Machold & Roberts, 2022).

In many cases, even if Pillar II contributed to
economic  development of rural areas,
implementation of EAFRD projects failed to
achieve all of CAP’s goals, most importantly
economic  convergence, and support the
engagement of small farms in market activities in a
relevant manner (Sin, 2014; Popescu, 2018;
Sodano & Gorgitano, 2021). Beside an overall low
absorption rate (Marin, 2019), the extremely
unequal territorial ~ distribution across the
Romanian business environment (Chivu, 2019)
played a part in this outcome as well.

Creating jobs in rural areas proved to be a good
driver of rural development, EU funding having a
positive effect on a significant number of cases
(Loizou, Karelakis, Galanopoulos & Mattas, 2019;
Unay-Gailhard & Bojnec, 2019; Castaio, Blanco
& Martinez, 2019). Thus, some countries
prioritized measures targeting non-agricultural
activities, but for most cases, funding targeted the
farmers, limiting the effect on reducing economic
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disparities, while high administrative requirements
for small farmers reduced the effectiveness of the
programme (Schuh, Brkanovic, Gaugitsch et al.,
2021; Balodis & Pilvere, 2021; Grodzicki &
Jankiewicz, 2022). Also, in some cases, the
employment increased in  non-agricultural
industries and services at the expense of
agricultural labour (Zawalinska, 2019).

The impact of EU funding on diversification
towards non-agricultural activities and labour
structure in rural areas proved to be questionable
(Garrone, Emmers, Olper & Swinnen, 2019;
Galluzzo, 2020; Lillemets, Ferté & Viira, 2022).
However, in assessing that issue, local structure of
rural economy needs to be taken into consideration.
Funding non-agricultural activities in areas where
agriculture is predominant did not generate the
desired growth, but the same approached worked
well where the importance of agriculture was
relatively low (Hyytid, 2014).

Cluster analysis has proven to be an effective
tool in assessing the level of socio-economic
development of rural areas in general and for
analysing the results of CAP’s implementation in
particular ~ (Popescu,  Dragomir,  Popescu,
Horablaga & Chis, 2016; D’Urso, Manca, Waters
& Girone, 2019; Shcherbak, et al., 2020; Okereke
& Wojciechowska, 2022). From the scientific point
of view, cluster analysis is an exploratory method
based on an unsupervised classification of data into
groups. The characteristics of these groups are not
determined in advance, but are an expression of the
natural positioning of the analysed data. The
formed groups contain objects (instances) with a
maximum degree of similarity between them and a
maximum degree of dissimilarity to the objects
belonging to the other groups. This analysis,
however, focuses more on group homogeneity than
on differences between groups (Hennig, Meila,
Murtagh & Rocci, 2015). Cluster analysis is useful
for identifying patterns, to provide insights into the
underlying structure of data, and studying
significant relationships between data (Rotariu,
Culic, Badescu, Mezei & Muresan, 2006; Kim,
Kim & Cho, 2020).

In partition cluster analysis, the similarity
between two objects is defined by their distance,
which can be measured as Euclidean distance. The
partition divides the analysed objects (instances)
into k groups. The most widely used method for
partitioning cluster analysis is the k-means method
(Lucke & Forster, 2019). The advantages of this
method are the ability to process large volumes of
data and the flexibility of the analysis regarding the
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belonging of objects to groups (Govender &
Sivakumar, 2020).

2. Materials and method

The efficiency of evaluation methods for CAP
implementation are still being discussed, but they
should focus on evidence-based policy-making and
good governance (Thoyer & Préget, 2019). The
tools for analysing if the implemented policies
generated the expected outcomes should be
orientated more towards development actors and
the people living within the target area, and less
towards academics (Cagliero, Licciardo &
Legnini, 2021). For this study, data expressing the
potential, development state and financial aid for
the target arecas was used: population, relative
poverty rate, available agricultural area and
EAFRD spending.

K-means clustering method was used to analyse
data corresponding to all LAUs in Galati County,
Romania. The aim was to relevantly partition the
65 LAUEs into clusters, based on four variables.

For a more accurate identification of the
optimal number of clusters, three methods were
used: Elbow, Silhouette and Dunn.

The Elbow method uses the sum of squares
(WCSS) as a function of the number of clusters.
The internal mean sum of squares is defined as the
average distance between points within a cluster:

k
1

WCSS), = Z —D,
o

where k is the number of clusters, n; the number of
points in cluster r and Dr the sum of distances
between all points in cluster r. As the number of
clusters increases, the score decreases. This is
because the points will be closer to the centroids
they are assigned to. The Elbow method aims to
identify the k value, for which the score drops the
fastest, before the graphic representation (the
curve) reaches a plateau. Increasing the number of
clusters beyond this value will not further improve
the analysis and will not lead to further relevant
conclusions (David & Vassilvitskii, 2007).

The Silhouette method is based on cluster
quality analysis. This is measured by calculating
the degree of objects’ membership to the clusters
that contain them. A high value of the Silhouette
index indicates good agglomeration. Thus, the
optimal number of clusters (k) is the one that
maximizes the indicator over a range of possible
values for k (Kaufman & Rousseeuw, 2005).
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The global Silhouette index is defined as:

S: Si

31

n
i=1

Where Si represents the Silhouette index of one
point:

. b() —a(d)

s(i)=——————F—
max(a(i), b(i))

Whereas a(i) is the average distance between
point i and all other points belonging to the same
cluster and b(i) is the average distance between
point i and all other points belonging to the nearest
cluster.

The "Dunn" method aims to identify clustering
solutions that provide compact and well-separated
clusters. Clusters must be far enough apart but with
little variation between points belonging to the
same cluster. The Dunn index is defined by:

_ 10,0

max Ay
1<ksm

DI,

where 6(Ci,Cj) is the distance between clusters i
and j (measured as the distance between their
closest points), Ak is the distance within the cluster
(measured as the distance between the most distant
points within the cluster) and m is the number of
clusters. The higher the Dunn index value, the
better the clustering, so the number of clusters that
maximize the Dunn index is considered as the
optimal number of clusters (Dunn, 1974).

The k-means algorithm uses a list of d-
dimensional points as input values, performing
data grouping in order to minimize the objective
function, considering the Euclidean distance in d-
dimensional space and being defined as:

The centres are first randomly initiated and are
subject to change, with new centres being assigned,
until the membership function doesn’t change
anymore (Aggarwal & Reddy, 2013).
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2. Research and results

Collected data for all 65 LAUs in Galati County
was analysed by k-means clustering. Analysed data
referred to four variables: total population by
residence (A), relative poverty rate (B),
agricultural area per population (C) and total value
of implemented EU agricultural projects per
population (D), as represented in Table 1.

Table 1 Analysed dataset for Galati county, Romania
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39 | MASTACANI 4683 | 555 | 110 | 78
40 | MOVILENI 3358 | 400 | 063 | 78
41 | NAMOLOASA 2038 | 210 | 287 | 257
42 | NICOREST! 3997 | 226 | 122 | 122
43 | OANCEA 1667 | 562 | 260 | 0
44 | PECHEA 11002 | 246 | 097 | 31
45 | PISCU 4747 | 314 | 106 | 126
46 | PRIPONESTI 2007 | 399 | 233 | 14
47 | REDIU 2016 | 365 | 171 | 763
48 | SCANTEIESTI 2392 | 406 | 179 | 170
49 | SCHELA 3839 | 498 | 106 | 230
50 | SLOBOZIACONACHI | 4163 | 640 | 136 | 0
51 | SMARDAN 5849 | 269 | 229 | 3
52 | SMULTI 1370 | 380 | 354 | 47
53 | SUCEVENI 1607 | 459 | 321 | 19
5 | Lo ey 5068 | 201 | 086 | 8
55 | TULUCESTI 7578 | 616 | 078 | 2
56 | TEPU 2372 | 438 | 129 | 344
57 | UMBRAREST) 7057 | 285 | 080 | 299
58 | VALEA MARULUI 3593 | 441 | 135 | 155
59 | VARLEZ 1971 | 603 | 397 | 264
60 | VLADESTI 2561 | 419 | 185 | 81
61 | RADESTI 1447 | 374 | 195 | 0
62 | NEGRILESTI 2583 | 433 | 140 | 416
63 | POIANA 1726 | 588 | 109 | 0
64 | CUZAVODA 2681 | 200 | 074 | 72

# LAU A B C | D
1 | GALATI 306617 | 89 | 0.04 | 20
2 | SENDRENI 5215 | 145 | 075 | 0

3 | VANATORI 6445 | 231 | 059 | 246
4 | TECUCI 45917 | 101 | 016 | 82
5 | DRAGANESTI 6694 | 469 | 080 | 109
6 | MUNTENI 7641 | 306 | 1.09 | 724
7 | BERESTI 3131 | 634 | 1.00 | 99
8 | BEREST-MERIA 3480 | 479 | 239 | 29
9 | TARGUBUJOR 7471 | 235 | 091 | 185
10 | BARCEA 6470 | 203 | 076 | 110
11 | BALABANESTI 1928 | 555 | 206 | 19
12 | BALASESTI 2205 | 615 | 238 | 0

13 | BALENI 2245 | 482 | 277 | 18
14 | BANEASA 2050 | 639 | 265 | 51

15 | BRANISTEA 4386 | 472 | 112 | 133
16 | BRAHASESTI 10074 | 414 | 030 | 12
17 | BUCIUMENI 2429 | 510 | 111 | 6

18 | CAVADINESTI 2845 | 588 | 300 | 47
19 | CERTESTI 2311 | 378 | 237 | 35
20 | COROD 7459 | 473 | 130 | 166
21 | CORNI 2109 | 670 | 235 | 109
22 | COSMESTI 6568 | 448 | 046 | 120
23 | COSTACHE NEGRI 2716 | 455 | 095 | 139
24 | CUCA 2085 | 411 | 179 | 7

25 | CUDALBI 7346 | 608 | 1.87 | 60
26 | DRAGUSENI 5682 | 418 | 1.06 | 8

27 | FARTANESTI 5048 | 244 | 138 | 20
28 | FOLTESTI 3162 | 501 | 1.83 | 441
29 | FRUMUSITA 5378 | 242 | 177 | 131
30 | FUNDENI 3765 | 390 | 085 | 20
31 | GHIDIGENI 6924 | 244 | 078 | 311
32 | GOHOR 3245 | 438 | 133 | 173
33 | GRIVITA 3730 | 626 | 1.01 | 83
34 | INDEPENDENTA 4614 | 318 | 120 | ©

35 | IVESTI 10114 | 198 | 068 | 21

36 | JORASTI 1772 | 213 | 264 | 0

37 | LIESTI 10856 | 463 | 067 | 34
38 | MATCA 12300 | 28.7 | 0.65 | 680

Source: the authors, based on INS, INCE and AFIR data

For three of the variables, calculations were
made based on the latest available data: population
by residence on 01.07.2020 and available
agricultural area, both sourced from the Romanian
National Institute of Statistics (INS, 2022), and
total value of implemented EU rural development
projects on 27.06.2022, sourced from the Agency
for Financing Rural Investments (AFIR, 2022).

Total value of implemented EU agricultural
projects referred to all EAFRD projects
implemented for agricultural exploitations, in all
agricultural areas: cultivation of cereals, legumes
and oilseeds plants, vegetables, melons, grapes and
fruit trees and bushes, as well as pigs, cattle, sheep,
goats, birds and other animals farming (EAFRD
submeasures 4.1, 4.1A, 6.1, and 6.3)

One of the objectives of the research was to find
out if rural funding was properly directed to where
it was needed the most, i.e. poorer areas. Thus,
when including the variable referring to the relative
poverty rate, the situation at the beginning of the
implementation of the 2014-2020 CAP was
considered most relevant, more specifically data
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corresponding to the year 2016, when actual 40 | MOVILENI 047 | -0.02 | -1.00 | -0.29
ﬁnancing the 2014-2020 EAFRD projects began. 41 | NAMOLOASA 020 | -1.31 1.65 0.78
Data was sourced from the results of SIPOCA4 42 | NICORESTI 015 | 121 | 030 | 003
research project (INCE, 2019). :
The (Ii)atziset (was s’tandar)dized based on the 43 | OANCEA 021 | 109 | 133 | 076
mean and standard deviation results (Table 2). 44 | PECHEA 004 | 407 | -060 | 057
45 | PISCU 013 | 060 | -050 | 0.00
Table 2 Standardized dataset 46 | PRIPONESTI 020 | 002 | 101 | -067
" LAU z-scores 47 | REDIU 020 | 026 | 027 | 379
A B c D 48 | SCANTEIESTI 019 | 002 | 037 | 026
1 | GALATI 791 | 214 | 170 | -0.64 49 | SCHELA 016 | 065 | -050 | 061
2 | SENDRENI 012 | 176 | -086 | 0.76 50 | SLOBOZIACONACHI | -0.15 | 163 | -0.13 | -0.76
3 | VANATORI 009 | 147 | 105 | 071 51 | SMARDAN 010 | 091 | 097 | -0.74
4 | TECUCI 096 | 206 | -156 | -0.27 52 | SMULTI 022 | 016 | 244 | -047
5 | DRAGANESTI -0.08 | 045 | -080 | -0.11 53 | SUCEVENI 021 | 038 | 206 | -0.65
o e Pl D [ [ 0x [0 o0 [on
8 | BERESTI-MERIA 017 | 053 | 1.09 | -058 % | TULUCEST 006 | 146 | 082 | 075
9 | TARGUBUJOR 007 | 115 | -067 | 034 % | TEPU 019 | 024 | 022 | 130
ro | BARCEA 200 075 | 085 | o10 57 UMBRARI?$TI 007 | 081 | -080 | 103
11 | BALABANEST o2t |10t | 060 | o0 58 VALEA MARULUI 016 | 026 | -015 | 017
12 | BALASESTI 020 | 145 | 107 | -0.76 % VAVRLEZ' 021 | 137 | 295 | 08
13 | BALENI 020 | 054 | 153 | -065 &0 VL,ADEST' 019 | 011 | 045 | 028
12 | BAnEASA AR EREREY 61 | RADESTI 022 | 021 | 056 | -0.76
5 | BRANSTER ot T oar | 042 | oo 62 | NEGRILESTI 019 | 021 | -009 | 172
16 | BRAHASESTI 001 | 008 | -139 | -068 63 | POIANA _ 021 | 127 | 046 | 076
17 | BUCIUMENI 019 | 074 | -043 | -0.72 64 | CUZA VODA 019 | 071 | 087 | 033
18 | CAVADINESTI 0418 | 127 | 192 | 047 6 | SUHURLU 022 | 094 | 035 | 050
: Source: the authors
19 | CERTESTI 020 | 017 | 105 | -055
20 | COROD 006 | 048 | -021 | 023 Elbow, Silhouette and Dunn analysis were
21 | CORNI 020 | 183 | 103 | -0.1 performed, in order to identify the optimal number
22 | COSMESTI -0.08 | 031 | -1.20 | -0.04 of clusters. Data was processed using Jupyter
23 | CoSTACHENEGRI | -019 | 036 | 062 | oo7  @pplication on Phyton platform.
Results were conclusive, as all three methods
24 | CUCA 020 | 006 | 037 | -0.71 identified an optimum number of five clusters
25 | CUDALBI -0.06 | 140 | 047 | -040  (Fig.1, Fig.2 and Fig.3). Thus, a number of five
26 | DRAGUSENI 0.1 | 011 | -049 | -0.71 clusters were chosen for further analysis.
27 | FARTANESTI 012 | 4109 | 011 | -064
28 | FOLTESTI 017 | 067 | 042 | 187 ! S oo A v =1
29 | FRUMUSITA 041 | 110 | 035 | 003 '
30 | FUNDENI 016 | 009 | -0.74 | 064 " :
31 | GHIDIGENI 007 | 108 | 082 | 100 i
32 | GOHOR 017 | 024 | 047 | 027 P
33 | GRIVITA 016 | 152 | 05 | 026 1
34 | INDEPENDENTA 013 | 058 | -033 | -0.76 * i
35 | IVESTI 001 | 140 | 095 | -0.63 ® !
3 | JORASTI 021 | 430 | 137 | 076 o
37 | LIESTI 003 | 041 | -095 | -055 2 s a4 s s s e e
38 | MATCA 0.07 | -079 | -097 | 330 Figure 1 The Silhouette score graph results
39 | MASTACANI 013 | 104 | -045 | 029 Source: the authors

STRATEGIC MANAGEMENT, Vol. 28 (2023), No. 4, pp. 004-014
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1 2 3 4 5 6 7 8
Number of clusters

Figure 2 The Davies—Bouldin method graph results
Source: the authors
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Number of clusters

Figure 3 The Dunn method graph results
Source: the authors

The algorithm started with five random
observations and was replayed until no further
improvement was possible and the best clustering
solution was reached, based on the minimum total
value of distances between observations and
centres (Table 3).

Table 3 Clustering solution (Sol.) based on the minimum
total distances

# 1 2 3 4 5 Min. | Sol.
7999 | 8470 | 68.16 | 73.67 | 0.00 | 0.00
2 9.04 | 2002 | 123 | 581 | 6526 | 1.23
3 9.10 874 | 102 | 355 | 67.04 | 1.02
4 | 15610 | 1889 | 3.65 | 9.06 | 48.34 | 3.65
5 379 | 1484 | 303 | 017 | 7158 | 017
6
7
8

21.00 0.00 | 12.81 | 13.73 | 84.70 | 0.00
403 | 19.00 | 791 1.30 | 80.67 | 1.30
0.00 | 21.00 | 5.31 265 | 79.99 | 0.00
9 6.77 | 10.64 | 025 | 279 | 66.55 | 0.25
10 560 | 1356 | 053 | 1.70 | 66.81 | 0.53
11 139 | 1424 | 619 | 1.69 | 8270 | 1.39
12 089 | 2549 | 960 | 3.82 | 86.28 | 0.89
13 0.21 2317 | 6.89 | 429 | 8328 | 0.21
14 129 | 2470 | 11.05 | 4.80 | 89.37 | 1.29
15 265 | 1373 | 284 | 0.00 | 73.67 | 0.00
16 636 | 1944 | 337 | 163 | 6736 | 1.63

slalalalalalw|lw|als o] [w|w|w|o
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17 237 | 2032 | 437 | 065 | 7548 | 065 | 4
18 125 | 2567 | 1132 | 6.35 | 90.11 1.25 1
19 049 | 1946 | 326 | 293 | 77.09 | 049 1
20 236 | 1244 | 291 009 | 7327 | 009 | 4
21 193 | 2194 | 11.05 | 3.98 | 89.23 | 1.93 1
22 557 | 1448 | 312 | 064 | 7044 | 064 | 4
23 337 | 1329 | 256 | 0.06 | 7338 | 0.06 | 4
24 0.75 | 19.51 2.61 1.37 | 74.85 | 0.75 1
25 119 | 2081 7.61 1.85 | 80.79 | 1.19 1
26 269 | 1884 | 232 | 070 | 7070 | 070 | 4
27 | 403 | 1795 | 050 | 298 | 6810 | 050 | 3
28 6.49 543 | 747 | 412 | 8398 | 412 | 4
29 356 | 1335 | 044 | 3.08 | 7004 | 044 | 3
30 3.71 1805 | 189 | 087 | 7015 | 087 | 4
31 9.05 6.39 | 143 | 371 | 6855 | 143 | 3
32 240 | 1172 | 219 | 047 | 7408 | 017 | 4
33 380 | 1943 | 762 | 121 | 7991 1.21 4
34 325 | 1868 | 102 | 174 | 6898 | 102 | 3
35 786 | 18.36 | 0.91 424 | 6343 | 091 3
36 343 | 2242 | 344 | 6.98 | 76.02 | 343 1
37 | 420 | 1834 | 342 | 066 | 6910 | 0.66 | 4
38 | 21.10 037 | 11.37 | 1259 | 7925 | 037 | 2
39 270 | 1774 | 518 | 043 | 7643 | 043 | 4
40 | 474 | 1558 | 2.01 069 | 7030 | 069 | 4
41 556 | 1262 | 438 | 802 | 7961 | 438 | 3
42 5.31 12.81 000 | 284 | 6816 | 000 | 3
43 0.41 2494 | 857 | 407 | 85652 | 041 1
44 541 1727 | 050 | 2.81 | 6427 | 050 | 3
45 | 411 1272 | 040 | 117 | 6880 | 040 | 3
46 0.31 2052 | 364 | 280 | 7757 | 0.31 1
47 | 2042 0.77 | 1539 | 1512 | 9279 | 077 | 2
48 148 | 1209 | 2.02 | 088 | 7534 | 0.88 | 4
49 395 | 1044 | 384 | 037 | 7579 | 037 | 4
50 272 | 24.01 868 | 2.04 | 8150 | 204 | 4
51 2.11 20.61 230 | 445 | 7273 | 2.1 1
52 232 | 2497 | 890 | 884 | 8713 | 232 1
53 097 | 2515 | 857 | 6.61 | 8640 | 0.97 1
54 694 | 1884 | 076 | 4.08 | 6598 | 076 | 3
55 | 454 | 2319 | 800 | 175 | 7715 | 175 | 4
56 5.31 604 | 373 | 168 | 7723 | 168 | 4
57 7.94 6.57 | 1.4 277 | 6895 | 141 3
58 215 | 1250 | 221 014 |1 7392 | 014 | 4
59 617 | 23.33 | 17.89 | 12.80 | 101.8 | 6.17 1
60 067 | 1618 | 241 098 | 7535 | 0.67 1
61 085 | 1992 | 236 | 207 | 7484 | 0.85 1
62 6.81 429 | 492 | 302 | 7917 | 3.02 | 4
63 296 | 2240 | 677 | 127 | 79.06 | 127 | 4
64 541 15.31 069 | 173 | 6831 | 069 | 3
65 | 416 | 1663 | 036 | 231 | 6937 | 036 | 3

Corresponding to the best clustering solution,
the six resulting clusters included the following

LAUs:

Cluster 1:

Source: the authors

Beresti-Meria,

Balasesti, Baleni,
Certesti, Corni,

Balabanesti,
Baneasa, Cavadinesti,
Cudalbi, Jorasti,

Cuca,
Oancea, Priponesti, Radesti, Smardan, Smulti,

Suceveni, Varlezi and Vladesti.
Cluster 2: Munteni, Matca and Rediu.

STRATEGIC MANAGEMENT, Vol. 28 (2023), No. 4, pp. 004-014
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e Cluster 3: Sendreni, Vanatori, Tecuci, Targu
Bujor, Barcea, Fartanesti, Frumusita,
Ghidigeni, Independenta, Ivesti, Namoloasa,
Nicoresti, Pechea, Piscu, Tudor Vladimirescu,
Umbrdresti, Cuza Voda and Suhurlui.

e Cluster 4: Draganesti, Beresti, Branistea,
Brahasesti, Buciumeni, Corod, Cosmesti,
Costache Negri, Draguseni, Foltesti, Fundeni,
Gohor, Grivita, Liesti, Masticani, Movileni,

Negrilesti, Poiana, Scanteiesti, Schela,
Slobozia Conachi, Tulucesti, Tepu and Valea
Marului.

e Cluster 5: Galati.

Average values for each cluster were calculated
(Table 4).

Table 4 Clusters characteristics

No. of
# LAUS A B C D
Cluster 1 19 2.576 48 | 253 51.44
Cluster 2 3 7.319 32 | 115 722.44
Cluster 3 18 7.854 24 | 1.04 115.24
Cluster 4 24 4.591 49 | 1.07 125.69
Cluster 5 1 306.617 9 0.04 20.25

Source: the authors

As it can be noticed, Galati city formed a cluster
of its own. As the largest urban area in the county,
it has the largest population and being so much
different from all other LAUs, it stands as proof for
the gap between urban and rural areas, having by
far the lowest relative poverty rate, compared to the
other LAUs in the county. Thus, we’ll focus on
comparing the other four clusters, more similar,
between themselves.

The first cluster contains 19 LAUs, has low
population and a low value of implemented
projects. This cluster has the highest agricultural
area per population, but also shares, together with
the fourth cluster, the highest values of relative
poverty rate.

STRATEGIC MANAGEMENT, Vol. 28 (2023), No. 4, pp. 004-014
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The second cluster has a medium relative
poverty rate, large population and highest value of
implemented projects per population. It includes
only three LAUSs.

The third cluster contains 18 LAUs, has the
largest population, lowest relative poverty rate and
a medium value of implemented projects.

The fourth cluster has a medium to low
population, highest relative poverty rate and
medium value of implemented projects. This
cluster is the largest, containing 24 LAUs.

The third and fourth clusters also share some of
the lowest values regarding agricultural area per
population.

Focusing on the areas with the highest values of
relative poverty rate, clusters one and four, we can
notice some differences. Even if cluster one has the
largest agricultural area per population, it attracted
the lowest value of EAFRD funding, less than half
of the next lowest value. Cluster four performed
better, attracting almost 2.5 times more funding,
even with a much smaller agricultural area per
population, almost 2.5 times smaller, in fact.

These two clusters, having the highest relative
poverty rate and lowest populations, count for 66%
of all the LAUs in the county being a cause for
concern.

Cluster two is the obvious success story,
attracting more than 5.5 times more funding than
the next best situated cluster. As seen, the second
cluster contains only three LAUs of the total of 65,
making it an exception for the county.

Distribution-wise, a high concentration of
clusters one and four LAUs can be noticed in the
centre, North and North-East parts of the county,
making those areas hotspots for high poverty
incidence (Fig.4).
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Figure 4 Spatial distribution of clusters within Galati County
Source: the authors

Conclusions

In Romania’s case, reaching the proposed
objectives was somewhat limited for the 2014-
2020 National Rural Development Programme
(Paul, 2020). Moreover, previous studies
highlighted a tendency for the distribution of funds
towards already developed areas, on the expense of
less developed ones.

For Galati county, in Romania, a k-means
cluster analysis on LAU level, considering four
variables (total population, relative poverty rate,
agricultural area per population and total value of
EAFRD agricultural projects per population),
reached an optimum number of five clusters.
Cluster analysis proved to be a useful tool for rural
development because it allows identifying patterns
and grouping within data sets and helps in

identifying similar communities or regions, by
using different factors. It can be used to inform the
design and implementation of targeted rural
development programs and policies.

One cluster is composed by only one LAU, the
large city of Galati, as a proof for the wide gap
between urban and rural areas.

The two largest clusters by number of
composing LAUs are also the poorest, representing
together 66% of the county’s LAUs. One of those
clusters, even if having the most important
agricultural potential per population, attracted by
far the lowest value of EU funding. This cluster
also presents the lowest population per LAU.

Generally, LAUs with larger population
performed better in terms of population income,
having the lowest relative poverty rate. Among
them, the LAUs of cluster two performed
exceptionally well at attracting EU funding. This
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represents the opposite pole compared with cluster
one, with the lowest population and lowest
attracted EU funds, bringing up the case for the
small LAUs administration inefficiency and
necessity of territorial reorganization. Like other
areas in Romania, Galati County has been affected
by emigration, as many people have moved to
urban areas or other countries in search of better
economic opportunities. This has led to a decline
in population and economic activity in some rural
areas, further exacerbating the uneven
development. Communities with low population
performed poorly in attracting EU funds.
Territorial reorganization can address these issues
by consolidating smaller LAUs into larger ones,
creating new LAUs, or merging rural LAUs with
neighbouring urban areas. This can help create
more efficient and effective governance structures,
and make it easier for residents to access services
and markets. Additionally, it can also reduce
administrative costs and improve the delivery of
public services.

LAUs of cluster two represent success stories to
be followed, especially by LAUs of clusters one
and four. Know-how exchange can be beneficial in
this regards and Local Action Groups (LAGs) can
play an important role in this approach.

Rural development in Romania, including
Galati County, has been uneven. Some rural areas
have seen significant economic growth and
modernization, while others have been left behind.
This is due to a variety of factors, including
differences in access to resources, population and
EU funding.

For economic convergence at county level,
development strategies need to focus on
underdeveloped hotspot areas, like the central,
northern and north-eastern parts of the county.
Dedicated actions need to be designed especially
for these areas, considering the specific problems
they are facing. Further analysis of the differences
compared to the others clusters might give an
important insight on this matter. A bottom-up
approach would also include relevant LAGs in this
process.

Current research focused only on EAFRD
funding towards agricultural exploitations. For a
more detailed approach, further research is
necessary in order to highlight other relevant
differences between communities in different
clusters, including consideration of other EAFRD
submeasures, like economic diversification,
processing agricultural products or infrastructure
investments.
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