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Abstract

Madeira’s agricultural sector is characterised by pronounced structural heterogeneity, land
fragmentation, and increasing socio-economic and environmental pressures. However, com-
prehensive typological and spatial analyses remain limited, particularly in small island con-
texts. This study addresses this gap by providing a typological and spatial analysis of the
agrarian structure in the Autonomous Region of Madeira, Portugal, using 2019 Agricultural
Census data. An integrated framework combining Principal Component Analysis (PCA),
Partitioning Around Medoids (PAM) clustering, and Random Forest validation—representing
a novel approach in agrarian typology studies—is employed to identify three agricultural
models: Intensive Subtropical Agriculture (24.1% of parishes), characterised by small holdings
and high labour intensity; Extensive Traditional Agriculture (64.8%), featuring moderate farm
size and diversified cropping; and Pasture-based Agriculture (11.1%), dominated by larger
farms and low labour input. The results confirm significant structural trade-offs, including a
strong inverse relationship between farm size and labour intensity (r = −0.653) and a negative
correlation between specialisation and crop diversity (r = −0.673). Spatially, the models exhibit
clear territorial differentiation, with subtropical systems concentrated in southern coastal areas
and traditional systems prevailing in northern and interior regions. These findings support
the hypothesis of a hybrid agrarian transition. Despite relying on cross-sectional data, the
results provide a robust basis for targeted and place-based policy design within the Common
Agricultural Policy (CAP) framework.

Keywords: land fragmentation; agricultural diversification; rural resilience; island agriculture;
cluster analysis; spatial heterogeneity

1. Introduction
Small island regions concentrate many of the structural constraints shaping contempo-

rary agriculture, including steep topography, land scarcity, microclimatic variability, and
high exposure to climatic and market shocks. These conditions restrict mechanisation and
economies of scale, favouring small-scale, labour-intensive, and spatially adaptive farming
systems [1–3]. In this context, agriculture plays a multifunctional role, extending beyond
food production to include landscape management, cultural identity, and environmental
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services, with diversification often enhancing resilience to economic and environmental
shocks [4,5].

The Autonomous Region of Madeira in Portugal illustrates these dynamics. Terraced
slopes shape its agricultural landscape, with pronounced altitudinal gradients and extreme
land fragmentation, historically supporting smallholder systems adapted to local ecological
conditions [6,7]. Although agriculture contributes modestly to regional output, it remains
central to rural livelihoods, territorial identity, and ecosystem maintenance. Recent struc-
tural evidence shows that between 2019 and 2023, the number of agricultural holdings
declined by 9.8%, while utilised agricultural area increased by 2.1%, resulting in only a
marginal rise in average farm size to 0.39 hectares. Despite this limited consolidation,
more than 77% of holdings remain economically very small, and agricultural labour re-
mains overwhelmingly family-based, accounting for over 85% of total work units. Land
use has become increasingly polarised, with permanent crops exceeding 50% of the total
Utilised Agricultural Area (UAA), driven primarily by the expansion of subtropical fruits in
southern coastal areas. At the same time, diversified cropping systems and pasture-based
agriculture persist in interior and upland zones [8]. Together, these patterns point to a
structurally heterogeneous agrarian system composed of multiple, territorially embedded
production models.

Despite Madeira’s relevance in regional agricultural strategies, its internal agrarian
organisation remains poorly quantified. Existing studies are largely descriptive, emphasis-
ing family farming, terraced micro-holdings, or niche crop expansion without producing a
statistically validated and spatially explicit typology [3,9]. This limitation has direct policy
implications. Aggregate indicators obscure heterogeneity across Madeira’s 54 parishes,
while case studies cannot determine whether observed patterns reflect coherent produc-
tion systems or localised exceptions. Consequently, agricultural interventions under the
Common Agricultural Policy (CAP) risk being weakly aligned with territorial realities.

The absence of a robust typology also constrains the understanding of key structural
relationships emphasised in agrarian economics. The literature consistently identifies an
inverse relationship between farm size and labour intensity, particularly in fragmented
smallholder systems [10,11]. A further central trade-off concerns specialisation versus
diversification: while specialisation may enhance efficiency and market integration, diver-
sification improves resilience to climatic and economic shocks [4]. In small island contexts,
these strategies often coexist as adaptive responses rather than linear transitions towards
uniform modernisation [12]. However, these relationships have not been systematically
examined for Madeira using spatially disaggregated data.

Building on this context, the study develops a parish-level, data-driven, and statis-
tically validated agrarian typology for Madeira using the 2019 Agricultural Census. It
contributes to the literature by providing an integrated framework to capture structural
diversity and spatial differentiation in small island agricultural systems, where such ap-
proaches remain limited. The methodological strategy combines established multivariate
and machine learning techniques, whose detailed implementation is presented in the
Section 3 [13–15].

The analysis is guided by the central question of how Madeira’s agrarian structure
is organised in terms of structural diversity, productive specialisation, and territorial
patterning, and which agricultural systems emerge from this organisation. Six hypotheses
are tested.

Hypothesis 1. First, Madeira’s parishes are expected to cluster into distinct production models re-
flecting differentiated agrarian systems, consistent with typological approaches in rural development
and island studies [3,16].
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Hypothesis 2. Second, an inverse relationship between farm size and labour intensity is anticipated
reflecting the prevalence of family labour in fragmented systems [10,11].

Hypothesis 3. Third, productive specialisation, particularly in subtropical fruits, is expected to be
negatively associated with crop diversity, reflecting the efficiency–resilience trade-off documented in
agroecological and agrarian literature [14].

Hypothesis 4. Fourth, agricultural systems are hypothesised to exhibit clear territorial segmen-
tation across municipalities and ecological zones, as observed in other island and Mediterranean
contexts shaped by altitude, exposure, and historical land use [3].

Hypothesis 5. Fifth, the coexistence of intensive, traditional, and pasture-based systems is in-
terpreted as evidence of a hybrid agrarian transition rather than a linear modernisation pathway,
consistent with the concept of agrarian multiplicity [12].

Hypothesis 6. Finally, higher land fragmentation is expected to be associated with greater reliance
on family labour, reflecting institutional and structural constraints on mechanisation and scale
efficiency [17].

By providing a validated, spatially explicit typology, this study advances the under-
standing of agrarian structure in small island regions and offers a robust empirical basis
for differentiated, place-based agricultural policy aligned with CAP objectives on farm
viability and resilience, environmental sustainability, and balanced territorial development.

The remainder of the paper is structured as follows. Section 2 reviews the literature;
Section 3 outlines the material and methods; Section 4 presents the results and agrarian
typology; Section 5 discusses the findings; and Section 6 concludes with implications and
policy recommendations.

2. Literature Review
Small islands face distinctive agricultural constraints arising from land scarcity, steep

topography, microclimatic variability, and exposure to climatic and market shocks [1,5].
These conditions favour small-scale, labour-intensive, and diversified production systems
aimed at risk mitigation rather than scale efficiency. This logic is central to the FAO
framework for resilient island agriculture [2] and is consistent with evidence identifying
diversification as a key resilience strategy [4].

Structural vulnerability in island agriculture is reinforced by fragmented land
tenure [18], topographic barriers to mechanisation [19], and diseconomies of scale that
increase production costs [2]. These constraints historically promoted adaptive practices
such as terracing, mixed cropping, and the use of altitude gradients to exploit microclimatic
variation [1]. Empirical studies across the Caribbean, Pacific, and Mediterranean islands
consistently report smallholder systems combining crop diversity, family labour, and spatial
adaptation [1,5].

Madeira reflects these structural characteristics. Madeira reflects typical small-island
structural constraints, including land fragmentation and altitude-conditioned land use [6,7].
Recent evidence indicates modest land consolidation, suggesting the emergence of spatially dif-
ferentiated agrarian clusters [8], supporting the clustered agrarian structure hypothesis (H1).

Land fragmentation, driven by inheritance practices, socio-cultural norms, and com-
plex topography, is a defining feature of small-island agriculture [17,20]. Although fragmen-
tation can enhance crop diversity and optimise microclimate, it also increases transaction
costs, limits mechanisation, and increases dependence on family labour [10].
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Empirical literature consistently identifies an inverse relationship between farm size
and labour intensity, with smaller and fragmented holdings relying disproportionately on
family labour [11]. These patterns reflect technological constraints and household-based
production strategies. In Madeira, microplots embedded in terraced landscapes reinforce
labour-intensive systems, with permanent crops dominating land use and family labour
remaining the primary workforce component, despite a recent decline [8]. These features
support the size–intensity hypothesis (H2) and the fragmentation–labour dependence
hypothesis (H6).

A central trade-off in agrarian economics concerns efficiency versus resilience. Di-
versification stabilises income and reduces climate risk, while specialisation enhances
technical efficiency but increases vulnerability [4]. Madeira exhibits this trade-off: spe-
cialised subtropical fruit production has expanded in southern coastal parishes, while
interior highlands maintain mixed cropping and permanent pastures [8]. This coexistence
supports the specialisation–diversification trade-off hypothesis (H3) and the structural
transition hypothesis (H5).

Agricultural typologies are essential for analysing structural heterogeneity and inform-
ing policy under the Common Agricultural Policy [16]. Empirical applications across island
and Mediterranean regions demonstrate their value for territorial planning and targeted
interventions [3]. In Madeira, however, existing classifications remain descriptive and lack
quantitative and spatial validation [9,21], highlighting the need for a rigorous typological
framework and reinforcing H1. Complex island agrarian systems require multivariate
methods to identify latent structures [13]. Principal Component Analysis (PCA) is widely
used to reduce dimensionality, while Partitioning Around Medoids (PAM) offers robust
clustering in the presence of outliers [22]. Random Forest approaches further validate ty-
pologies and assess variable importance. Although applied elsewhere in Southern Europe
and the Azores, this integrated framework has not been applied to Madeira.

Spatial differentiation in island agriculture is strongly shaped by altitude, slope,
exposure, and historical specialisation [3]. In Madeira, subtropical fruits dominate the
southern coast, viticulture is concentrated in the northern valleys, and the interior highlands
support mixed cropping and pastures, notably on the Paul da Serra plateau [8]. These
patterns support the territorial segmentation hypothesis (H4).

By integrating PCA, PAM clustering, Random Forest validation, and spatial anal-
ysis using Agricultural Census data, this study delivers the first statistically validated
agrarian typology for Madeira. It provides an empirical basis for CAP implementation,
territorial planning, and sustainable agricultural policy, while directly testing hypotheses
(H1–H6). Indeed, Figure 1 synthesises the literature by linking land structure and territorial
conditions to agrarian production systems and their spatial typologies in small island con-
texts. The framework provides the theoretical basis for analysing structural heterogeneity,
specialisation–diversification trade-offs, and territorial segmentation in Madeira.

Figure 1. Conceptual framework linking land structure, agrarian production systems, and spatial
typologies in small island agriculture. This figure was created by the authors.

https://doi.org/10.3390/su18073545

https://doi.org/10.3390/su18073545


Sustainability 2026, 18, 3545 5 of 28

3. Materials and Methods
3.1. Material

This study uses secondary data from the 2019 Agricultural Census on the Structure of
Agricultural Holdings [8]. The study area is Madeira Island, part of Portugal’s Autonomous
Region of Madeira, located in the North Atlantic Ocean. The analysis covers the entire
agricultural sector across 54 parishes and 11 municipalities (see Table A1 in Appendix A).

The dataset provides a structural snapshot of agriculture in 2019. The analysis em-
ploys primary census variables in their original units (ares) and derived indicators that
capture intensity, diversification, and specialisation. Area-based variables were converted
to hectares only for selected indicators (e.g., farm size and labour density), while pro-
portions and standardised scores remain unitless. Variable selection and transformations
follow standard practices in agricultural economics and rural geography. Table 1 reports all
variables, sources, and transformations.

Table 1. Variables used in the analysis.

Variable Category Variable Name Original Source/Calculation Transformation & Final Unit

Analytical Unit Parish Census Geography –
Municipality Census Geography –

Primary Variables

Number of Farms
(n_explorations) [8] Count

UAA (Utilised Agricultural
Area) [8] Ares—Maintained in original unit;

used for calculations

Family Labour (Family_Labour) [8]
Annual Work Units

(AWU)—Used as input for Labour
Density calculation

Per cent Agricultural Land
(Percent_Agricultural_Land) [8]

Percentage (%)—Agricultural
land as proportion of total

parish area

Potato Area (Potato) [8] Ares—Used for proportion
calculations and analysis

Vegetables Area (Vegetables) [8] Ares—Used for proportion
calculations and analysis

Subtropical Fruits Area
(Subtropical_Fruits) [8] Ares—Used for proportion

calculations and analysis

Vineyard Area (Vineyard) [8] Ares—Used for proportion
calculations and analysis

Permanent Pastures Area
(Permanent_Pastures) [8] Ares—Used for proportion

calculations and analysis
Family Garden Area

(Family_Garden) [8] Ares—Used for proportion
calculations and analysis

Clean Arable Land
(Clean_Arable_Land) [8] Ares—Used for proportion

calculations and analysis

Derived Structural
Variables

UAA per Farm
(UAA_per_exploration) UAA/Number of Farms Ares per farm

UAA per Farm in hectares
(UAA_per_exploration_ha) UAA_per_exploration/100

Hectares per farm
(ha/farm)—Converted from ares

for interpretability
(1 ha = 100 ares)

Labour Density
(Labour_density) (Family_Labour/(UAA/100)) × 100 AWU per 100 hectares (AWU ≈

one full-time person-year)

Labour Normalized
(Labour_normalised) Standardised (z-score) of Family_Labour

Standardized score (mean = 0,
SD = 1)—For comparative

analysis

Production &
Specialization Variables

Crop Proportions (prop_[crop]) Crop Area (ares) ÷ Total UAA (ares)
Proportion (0–1) or Percentage

(0–100%)—Relative specialisation
within each parish

Shannon Diversity Index
(Shannon_diversity_index)

H’ = −Σ(p_i × ln(p_i)), where p_i is crop
proportion

Dimensionless index—Higher
values indicate greater crop

diversity [23]
Dominant Crop

(dominant_culture) Crop with the highest proportion in UAA Categorical—Identifies primary
agricultural specialisation
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Table 1. Cont.

Variable Category Variable Name Original Source/Calculation Transformation & Final Unit

Variables for Specific
Analyses

PCA Variables

UAA_per_exploration, Labour_density,
Shannon_diversity,

Percent_Agricultural_Land,
prop_Subtropical_Fruits, prop_Vineyard,

prop_Vegetables, prop_Potato,
prop_Permanent_Pastures,
prop_Clean_Arable_Land

Standardised values
(z-scores)—For dimensionality

reduction analysis

Correlation Matrix Variables Above PCA variables plus n_explorations
and Family_Labour

Original units/proportions—For
bivariate relationship analysis

Random Forest Variables
All PCA variables plus

prop_Clean_Arable_Land and
cluster assignment

Original units/proportions—For
supervised classification

validation

Primary census variables were transformed into derived indicators to ensure stan-
dardisation and comparability. UAA and crop areas were converted from ares to hectares
to align with SI units and with Eurostat, FAO, and regional datasets. Labour density was
calculated as persons per 100 hectares by converting AWU to person equivalents. Crop
proportions were computed relative to total UAA to assess specialisation, while diversifica-
tion was measured using the Shannon Diversity Index [24]. Prior to Principal Component
Analysis and clustering, all variables were standardised (mean = 0, SD = 1) to eliminate
scale effects and ensure equal weighting [25]. These transformations provide a consistent
framework for analysing structural, intensity, and specialisation dimensions.

The 2019 Agricultural Census provides full coverage of all holdings in Madeira,
eliminating sampling error and enabling detailed spatial analysis. As a decennial survey,
the 2019 reference year captures structural change since 2009. It offers a robust baseline
for evaluating contemporary agrarian structures relevant to rural development, land-use
planning, and the European Union’s Common Agricultural Policy.

3.2. Methods

This study applies an integrated methodological framework to characterise the agrar-
ian structure of the Autonomous Region of Madeira. Analyses were conducted in R 4.4.1
using specialised packages, including readxl for data import, dplyr and tidyr [26] for
data manipulation, ggplot2 [27] for visualisation, FactoMineR and factoextra [28] for Prin-
cipal Component Analysis (PCA), cluster [14] for Partitioning Around Medoids (PAM),
corrplot [29] for correlation visualisation, and randomForest [15] for machine learning
validation. Additional packages, such as viridis, RColorBrewer, and ggrepel, were used to
enhance the graphical representation, while sf and geodata supported spatial analysis and
mapping. Figure 2 presents an overview of the methodological workflow, which includes
data preprocessing and variable construction, descriptive and correlation analyses, dimen-
sionality reduction via PCA, cluster identification, machine-learning validation, spatial
analysis, and robustness checks.
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Figure 2. Methodological workflow for agrarian structure analysis. This figure was created by
the authors.

3.2.1. Data Preprocessing and Variable Construction

Primary data from the 2019 Agricultural Census were processed using a standardised
transformation pipeline to ensure comparability and interpretability. To maintain consis-
tency in internal calculations (e.g., crop proportions), most area-based variables (e.g., UAA,
crop areas) were kept in their original unit (ares). However, for specific derived indicators
intended for human interpretation and alignment with standard agricultural reporting (e.g.,
farm size in hectares, labour density per 100 hectares), conversions from ares to hectares
were applied where analytically meaningful.

(a) Standardisation

Before multivariate analysis, continuous variables were standardised to eliminate scale
effects and ensure comparability across different measurement units (e.g., hectares, per-
centages, counts). The standardised value zi represents the number of standard deviations
that an observation deviates from the mean and is computed as follows:

zi =
xi − µx

σx
(1)

where xi is the original value of the variable x for observation i (expressed in its original
unit, e.g., hectares, percentage, or number of workers), µx is the mean of the variable x, and
σx is the standard deviation. The resulting zi is a dimensionless (unit-free) variable.

(b) Crop Proportions

Crop specialisation indicators were calculated as proportional shares of the total
utilised agricultural area (UAA), ensuring comparability across parishes of different sizes:

pi =
Ai

Atotal
(2)

where pi represents the proportion (unitless, ranging from 0 to 1) of the crop i in the total
agricultural area, Ai is the cultivated area of the crop i (measured in ares), and Atotal is the
total Utilised Agricultural Area (UAA) of the parish (also measured in ares).
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(c) Agricultural Diversification (Shannon Diversity Index)

Agricultural diversification was measured using the Shannon Diversity Index, which
captures both crop richness and evenness:

H = −
S

∑
i=1

piln(pi) (3)

where H is the Shannon Diversity Index (dimensionless), S is the total number of crop
categories considered, and pi is the proportion (unitless, ranging from 0 to 1) of the crop i
in the total utilised agricultural area (UAA), as defined in Equation (2). This index increases
with both the number of crops (richness) and the evenness of their distribution across
the total area [24]. All variables were screened for missing values. Proportional variables
were set to zero where the corresponding crop area was absent. Extreme values were
identified using the Interquartile Range (IQR) method, but were retained to preserve the
full heterogeneity of Madeira’s agrarian structure.

3.2.2. Descriptive and Correlation Analysis

Descriptive statistics were computed using dplyr [25]. Pearson correlations assessed
pairwise relationships (α = 0.05; [26,30]), visualised with corrplot and hierarchical clus-
tering (Euclidean distance, Ward’s method) to identify patterns prior to dimensionality
reduction [29].

3.2.3. Dimensionality Reduction via PCA

To address multicollinearity and extract dominant dimensions of agricultural vari-
ation, PCA was applied to nine standardised variables (UAA per farm, labour density,
Shannon Diversity Index, agricultural land share, and proportional areas of subtropical
fruits, vineyards, vegetables, potatoes, and permanent pastures) using FactoMineR [28].
PCA is widely used in agricultural and rural studies to reduce dimensionality and iden-
tify latent structural patterns in complex datasets [13,31]. Variables were standardised
(mean = 0, standard deviation = 1) to ensure equal weighting and eliminate scale effects
across variables with different measurement units (e.g., hectares, proportions). The Princi-
pal Component Analysis (PCA) transformation is expressed as follows:

Z = XW (4)

where X is the matrix of standardised variables (dimensionless), with n observations
(parishes) and p variables; W is the matrix of eigenvectors (loadings), representing the linear
combinations of the original variables; and Z is the matrix of principal component scores
(dimensionless), representing the projection of the observations onto the new orthogonal
component space.

Component retention followed the Kaiser–Guttman criterion (eigenvalues > 1) [32]
and was supported by scree plot inspection [33]. Based on these criteria, three principal
components were retained (eigenvalues: 3.124, 1.886, and 1.172), which together explained
68.68% of the total variance. The component loadings informed the interpretation of
the underlying structural dimensions and provided the reduced-dimensional input for
subsequent clustering [13].

3.2.4. Cluster Analysis and Validation

Cluster analysis was conducted on PCA scores using PAM, selected for its robustness
to outliers and use of observed medoids in heterogeneous agricultural data [14]. Clustering
approaches such as PAM have been widely applied in agrarian typology studies to classify
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heterogeneous farming systems into homogeneous groups [31,34]. Clustering employed
Euclidean distance, defined as follows:

d(x, y) =

√√√√ p

∑
i=1

(xi − yi)2 (5)

where d(x, y) is the Euclidean distance (dimensionless) between observations x and y; xi

and yi are the values of the i-th variable for observations x and y, respectively; and p is
the number of variables. As all variables were standardised prior to analysis, the resulting
distance measure is unit-free and ensures equal contribution of each variable.

The number of clusters (k) was selected based on a combination of internal valida-
tion metrics, stability analysis, and theoretical interpretability. Internal criteria included
silhouette width [35], Dunn Index [36], and connectivity [37], while cluster stability was
assessed through 30 bootstrap iterations using the Adjusted Rand Index [38]. In addition,
Kruskal–Wallis tests were conducted to confirm statistically significant differences across
clusters for the main variables [39].

The selection of a three-cluster solution (k = 3) was based on a combination of internal
validation metrics (silhouette coefficient, Dunn index, and connectivity), cluster balance,
and theoretical interpretability. This specification provided the best compromise between
cohesion and separation (silhouette = 0.286; Balance Index = 0.171), outperforming alter-
native configurations. The choice was further supported by NbClust results and k-means
comparisons [40].

3.2.5. Machine Learning Validation (Random Forest)

The Random Forest (RF) model was employed as a supervised validation tool to assess
the robustness, discriminative power, and internal consistency of the clustering solution [15].
Random Forest has been increasingly applied in agricultural and environmental studies due
to its ability to model complex, non-linear relationships and interactions [41]. Specifically,
the PAM-derived cluster labels were used as the response variable, while the original
variables served as predictors. High classification accuracy and low out-of-bag error
indicate that the identified clusters represent structurally meaningful groupings rather than
artefacts of the clustering algorithm. The model was built in R (randomForest package)
with 500 trees (ntree = 500) and mtry = 3 [42]. The RF model predicts the cluster label ŷ as
the majority vote of all decision trees:

ŷ = majority_vote
{

ht(x)}T
t=1 (6)

where x =
(

x1, x2, . . . , xp
)

is the vector of predictor variables (dimensionless, as all variables
were standardised), ht(x) is the prediction of the t-th decision tree, and T = 500 is the total
number of trees.

Out-of-bag (OOB) error provides an unbiased estimate of predictive performance:

OOB Error =
1
N

N

∑
i=1

I(ŷOOB
i ̸= yi) (7)

where N is the number of observations, ŷOOB
i is the predicted class for observation i using

trees where i was not included in the bootstrap sample, yi is the true class label, and I(·) is
the indicator function, which equals 1 if the condition is true and 0 otherwise.
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Validation included stratified 5-fold cross-validation [43], with evaluation metrics
defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(8)

Precision =
TP

TP + FP
(9)

Recall (Sensitivity) =
TP

TP + FN
(10)

Specificity =
TN

TN + FP
(11)

F1-score = 2 · Precision · Recall
Precision + Recall

(12)

Cohen′s Kappa =
po − pe

1 − pe
(13)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively; po is the observed agreement, and pe is the expected agreement by
chance. All metrics are dimensionless.

Variable importance was assessed using Mean Decrease in Accuracy (MDA) and Mean
Decrease in Gini (MDG):

MDA(xj) = Accuracyoriginal − Accuracypermuted xj
, MDG(xj) =

T

∑
t=1

∑
nodes n split on xj

∆Gini(n) (14)

where xj is predictor j, and ∆Gini(n) is the decrease in Gini impurity at the node n. Both
measures are unitless.

Finally, the RF proximity matrix P, which measures the proportion of trees in which
two observations fall in the same terminal node, was analysed using Classical Multidimen-
sional Scaling (MDS):

Dij =
√

1 − Pij, Y = MDS(D) (15)

where Pij ∈ [0, 1] is the proximity between observations i and j, Dij is the derived distance
(dimensionless), and Y represents the coordinates in the reduced-dimensional space.

High classification accuracy and clear separation in the MDS space indicate that the
clusters represent structurally meaningful agrarian groupings rather than artefacts of the
clustering algorithm.

3.2.6. Spatial and Territorial Analysis

The geographic distribution of clusters was examined at the municipal level by cal-
culating the proportion of parishes in each cluster and identifying the dominant crop per
parish (i.e., the crop with the highest UAA proportion) [44].

3.2.7. Robustness Checks and Sensitivity Analysis

Robustness was assessed using complementary approaches. Multivariate outliers were
identified via the Interquartile Range (IQR) method, and cluster stability was evaluated by
comparing PAM assignments with and without outliers. Algorithm robustness was tested
by comparing PAM results with k-means [45] and Ward’s hierarchical clustering, using
the Adjusted Rand Index (ARI) to measure agreement. Variable sensitivity was examined
by re-running PCA and clustering with alternative transformations (logarithmic or square
root) for skewed variables. Sample stability was assessed through 30 bootstrap iterations,
with ARI evaluating consistency across resampled datasets.
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4. Empirical Results
4.1. Descriptive Statistics of the Agricultural Sector

Descriptive statistics for the 54 parishes of Madeira (Table A2, Appendix A) reveal
substantial heterogeneity in agricultural structure, see Figure 3 below.

Figure 3. Administrative Division of Freguesias in the Madeira Archipelago. This figure was created
by the authors.

The average number of farms per parish is 250.63 (median 175.00; SD 225.06), with
a mean UAA of 85.27 ha (median 59.27 ha; SD 72.08). Family labour averages 0.68 AWU
per farm (SD 0.64), and agricultural land represents 9.82% of parish territory (median
6.89%; SD 8.01%). Crop areas are unevenly distributed, with mean values of 4.82 ha for
potatoes, 13.37 ha for vegetables, 19.93 ha for subtropical fruits, 13.31 ha for vineyards,
9.57 ha for permanent pastures, and 2.41 ha for family gardens. At the municipal level
(Table A3, Appendix A), disparities persist. The share of agricultural land ranges from
19.5% in Câmara de Lobos to 2.8% in Porto Moniz, while average UAA per parish varies
from 35.78 ha in Funchal to 212.85 ha in Porto Santo. Family labour remains low overall,
peaking in Ponta do Sol (1.25 AWU per farm) and reaching a minimum in Porto Moniz
(0.238 AWU per farm).

Derived indicators (Table A4, Appendix A) show a mean UAA per holding of 0.38 ha,
labour density of 0.86 persons per 100 ha, and an average Shannon Diversity Index of 1.36
(range 0.19–1.88), indicating moderate levels of agricultural diversification.

4.2. Patterns of Agricultural Structure and Specialization

The analysis of Pearson correlations [26,30] revealed key relationships between land
size, labour intensity, and productive specialisation in RAM. As shown in Table 2.

The results indicate a strong negative correlation between farm size and labour den-
sity (r = −0.653) and between subtropical fruit specialisation and agricultural diversity
(r = −0.673), supporting H2 and H3. A near-perfect positive correlation between the num-
ber of farms and total family labour (r = 0.997) strongly supports H6 and reflects the census
definition of family labour as a relatively fixed number of AWU per holding. Both variables
are retained for descriptive completeness; however, multivariate analyses (PCA and PAM
clustering) rely on standardised composite indicators and are robust to multicollinearity.
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Table 2. Correlation matrix of agricultural variables.

Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

1. UAA per Farm 1.000 −0.653 0.047 −0.016 −0.178 −0.181 −0.404 0.049 −0.104 0.040 1.000
2. Labour Density −0.653 1.000 −0.195 −0.057 0.151 0.174 0.536 −0.090 −0.084 −0.293 −0.540
3. Shannon Diversity Index 0.047 −0.195 1.000 −0.173 0.207 0.195 −0.673 0.270 0.452 0.457 0.109
4. Agricultural Land (%) −0.016 −0.057 −0.173 1.000 0.477 0.484 0.130 0.052 −0.076 −0.243 −0.202
5. Number of Farms −0.178 0.151 0.207 0.477 1.000 0.997 0.004 0.123 −0.009 −0.091 −0.229
6. Family Labour −0.181 0.174 0.195 0.484 0.997 1.000 0.016 0.133 −0.023 −0.102 −0.230
7. Subtropical Fruits −0.404 0.536 −0.673 0.130 0.004 0.016 1.000 −0.389 −0.466 −0.499 −0.412
8. Vineyard 0.049 −0.090 0.270 0.052 0.123 0.133 −0.389 1.000 −0.006 0.094 −0.086
9. Vegetables −0.104 −0.084 0.452 −0.076 −0.009 −0.023 −0.466 −0.006 1.000 0.029 −0.111
10. Potato 0.040 −0.293 0.457 −0.243 −0.091 −0.102 −0.499 0.094 0.029 1.000 0.137
11. Permanent Pastures 0.738 −0.540 0.109 −0.202 −0.229 −0.230 −0.412 −0.086 −0.111 0.137 1.000

Notes: Pearson correlation coefficients are reported for the main agricultural variables at the parish level (N = 54).
UAA per farm is in hectares, and labour density is measured per 100 hectares. Shannon’s Diversity Index
quantifies crop diversity. Correlations were computed using R 4.4.1 with the cor() function.

This correlation structure arises from the low variability of family labour per farm
(mean ≈ 0.68 AWU), implying that total family labour is largely proportional to the number
of holdings (Family labour ≈ number of farms × 0.68 AWU). These patterns characterise
Madeira’s highly fragmented agrarian structure, with an average farm size of 0.38 ha and
77.2% of holdings classified as very small, sustained by intensive family labour, which
represents 85.5% of the agricultural workforce [21].

Given the robustness of PCA and PAM clustering to multicollinearity [14], the ob-
served correlations reflect substantive structural features rather than methodological arte-
facts. Figure 4 presents the updated correlation matrix of the agricultural variables.

Figure 4. Correlation matrix of agricultural variables. This figure was created by the authors.

4.3. Dimensionality Reduction and Cluster Identification

PCA was used to reduce dimensionality and identify key patterns in the agricul-
tural structure [13,46]. The first three components explained 68.68% of the total variance
(PC1 = 34.71%, PC2 = 20.95%, PC3 = 13.02%; see Table S1 in the Supplementary Materials
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for eigenvalues and cumulative variance), providing a robust foundation for subsequent
cluster analysis (Figure 5, below) and capturing meaningful variation in land size, labour
intensity, and crop specialisation.

Figure 5. Variance explained by principal components. This figure was created by the authors.

Loadings of the first three principal components (Table S2) reveal distinct sources
of structural variation. PC1 is dominated by subtropical fruit specialisation (−0.900)
and labour density (−0.741), with secondary contributions from permanent pastures,
farm size, and agricultural diversity. PC2 contrasts diversified systems, reflected by the
Shannon Diversity Index (0.588) and vegetables (0.580), with extensive pasture-based
systems, indicated by negative loadings for permanent pastures (−0.597) and UAA per
farm (−0.654). PC3 captures land-use structure, driven by agricultural land share (0.804)
and vineyards (0.569), reflecting the intensity and type of land occupation.

These components quantitatively corroborate trends reported by [21]: PC1 aligns with
the 12.3% expansion of subtropical fruits and the dominance of family labour (85.5% of the
workforce); PC2 reflects the decline of arable land to 31.2% of UAA alongside the expansion
of permanent pastures to 13.5%; and PC3 corresponds to the 623.3 ha of vineyards and
spatial variation in land-use intensity. The PCA scatter plot (Figure 6) shows the distribution
of parishes in the reduced component space, highlighting distinct agricultural profiles and
supporting cluster identification.

For clustering, K-means and PAM were evaluated for k = 2–6 using multiple internal
validation metrics, including silhouette scores, Dunn index, connectivity, and cluster
balance (Tables S3 and S4). Following internal validation criteria [47], PAM with k = 3 was
selected because it achieved a higher silhouette score (0.286, compared with 0.272 for k = 2)
and superior cluster separation (Dunn index 0.180 vs. 0.142), despite moderate imbalance
(Balance Index 0.171). This choice is further supported by NbClust results [45], which
identifies k = 3 as optimal for 8 of 23 indices. Statistical tests confirm significant differences
across clusters for key agricultural variables. The resulting solution identifies three distinct
agricultural systems with clear territorial patterns across parishes (Table S5 and Figure 7).
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Figure 6. PCA-agricultural variables. This figure was created by the authors.

Figure 7. Cluster of parishes—PAM. This figure was created by the authors.
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Table 3 summarises cluster-level characteristics, including the number of parishes,
average UAA, labour density, Shannon Diversity Index, and land-use proportions. Cluster 1
is dominated by subtropical fruits, with relatively low diversity and high labour density.
Cluster 2 exhibits higher diversity, a predominance of arable crops, and moderate labour
density. Cluster 3 comprises larger farms, with an average holding size of 0.86 hectares,
and lower labour intensity.

Table 3. Cluster-level agricultural characteristics: UAA, crop proportions, and labour density.

Variable

Cluster 1
Intensive Subtropical

Agriculture
(13 Parishes, 24.1%)

Cluster 2
Extensive Traditional

Agriculture
(35 Parishes—64.8%)

Cluster 3
Pasture-Based

Agriculture
(6 Parishes—11.1%)

Number of Parishes 13 35 6
Percentage of Total (%) 24.1 64.8 11.1

Average UAA per Holding (ares) 25.12 34.54 85.94
Average UAA per Holding (ha) 0.251 0.345 0.859

Average Labour Density 1.114 0.847 0.378
Average Diversity (Normalised) 0.071 0.104 −0.759

Average Diversity (Shannon) 0.942 1.520 1.370
Min Shannon 0.193 1.171 1.078
Max Shannon 1.547 1.884 1.700

Average Agricultural Land (%) 11.77 9.88 5.23
Prop. Subtropical Fruits 72.2 15.1 5.0

Prop. Vineyard 5.4 18.3 8.3
Prop. Vegetables 6.0 20.1 9.9

Prop. Potato 2.2 7.1 6.8
Prop. Permanent Pastures 1.7 6.8 48.6
Prop. Family Garden (%) 3.2 3.3 0.4

Prop. Clean Arable Land (%) 13.8 41.7 27.5
Notes: Generated using R 4.4.1 with the dplyr package, based on the cluster assignments from Partitioning
Around Medoids (PAM) using the pam() function. Labour density is measured in AWU per 100 hectares, where
1 AWU corresponds to one full-time equivalent person-year.

Table 3 identifies three agricultural clusters in Madeira. Cluster 1—Intensive Subtrop-
ical Agriculture (13 parishes; 24.1%) is characterised by very small farms (0.25 ha), high
labour density (1.11 persons/100 ha), low diversity (Shannon 0.94), and strong specialisa-
tion in subtropical fruits (72.2%). Cluster 2—Extensive Traditional Agriculture (35 parishes;
64.8%) shows moderate farm size (0.35 ha), lower labour intensity (0.85 persons/100 ha),
higher diversity (1.52), and predominance of arable land (41.7%). Cluster 3—Pasture-based
Agriculture (6 parishes; 11.1%) comprises the largest farms (0.86 ha), the lowest labour
density (0.38 persons/100 ha), and a high share of permanent pastures (48.6%).

Table S6 confirms clear spatial segregation and strong contrasts in crop composition
among clusters. The profiles align with regional statistics [21]: Cluster 1 reflects the
12.3% expansion of subtropical fruits supported by intensive family labour (85.5% of the
workforce); Cluster 3 corresponds to the growth of permanent pastures (13.5% of UAA);
and Cluster 2 mirrors the decline of arable land to 31.2% of UAA. Overall, the results
confirm three spatially distinct agricultural models, supporting H1 and H5.

4.4. Territorial Specialisation Patterns

Table 4 shows clear territorial specialisation across Madeira’s municipalities, support-
ing H4. Extensive Traditional Agriculture dominates in Machico, Santa Cruz, Santana, and
São Vicente (80–100% of parishes), reflecting a diversified set of small-scale systems. Inten-
sive Subtropical Agriculture is concentrated in Funchal (60%) and Ponta do Sol (66.7%),
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consistent with recent structural expansion trends [21]. Pasture-based Agriculture domi-
nates Porto Santo (100%) and is present in Porto Moniz (25%), Calheta (25%), and Santana
(16.7%), aligning with the growth of permanent pastures (13.5% of UAA). Porto Moniz
and Calheta exhibit mixed systems, indicating local coexistence of crop- and pasture-based
models. Overall, the results confirm a spatially segmented agrarian landscape characterised
by the coexistence of traditional, intensive crop, and pasture-based systems.

Table 4. Municipality-level distribution of agricultural cluster types.

Municipality Cluster Name n n_Total Prop

Calheta Extensive Traditional Agriculture 3 8 0.375
Calheta Intensive Subtropical Agriculture 3 8 0.375
Calheta Pasture-based Agriculture 2 8 0.250

Câmara de Lobos Extensive Traditional Agriculture 4 5 0.800
Câmara de Lobos Intensive Subtropical Agriculture 1 5 0.200

Funchal Intensive Subtropical Agriculture 6 10 0.600
Funchal Extensive Traditional Agriculture 3 10 0.300
Funchal Pasture-based Agriculture 1 10 0.100
Machico Extensive Traditional Agriculture 5 5 1.000

Ponta do Sol Intensive Subtropical Agriculture 2 3 0.667
Ponta do Sol Extensive Traditional Agriculture 1 3 0.333
Porto Moniz Extensive Traditional Agriculture 3 4 0.750
Porto Moniz Pasture-based Agriculture 1 4 0.250
Porto Santo Pasture-based Agriculture 1 1 1.000

Ribeira Brava Extensive Traditional Agriculture 3 4 0.750
Ribeira Brava Intensive Subtropical Agriculture 1 4 0.250

Santa Cruz Extensive Traditional Agriculture 5 5 1.000
Santana Extensive Traditional Agriculture 5 6 0.833
Santana Pasture-based Agriculture 1 6 0.167

São Vicente Extensive Traditional Agriculture 3 3 1.000
Notes: Generated using R 4.4.1 with the dplyr and tidyr packages, summarizing the distribution of agricultural
cluster types across municipalities.

Moreover, Table 4 further supports the spatial differentiation of agrarian systems by
linking structural characteristics with territorial distribution. The observed variation across
clusters reflects differing levels of exposure to geographic, economic, and environmental
conditions, reinforcing the interpretation of distinct agrarian regimes within the island.

Figure 8 presents the spatial distribution of the identified agrarian systems across the
Madeira archipelago. Although the analysis is conducted at the parish level, the spatial
representation is aggregated at the municipality level by assigning the dominant agrarian
system within each municipality. The results reveal a clear territorial differentiation, with
intensive subtropical systems concentrated in southern coastal areas, traditional mixed
systems predominating in interior and northern municipalities, and pasture-based systems
occupying more marginal and less densely cultivated regions.

The spatial distribution of agrarian systems (Figure 9) confirms a clear coastal–interior
differentiation. Global Moran’s I for dominant cluster assignment (I = 0.412; p < 0.01)
indicates significant positive spatial autocorrelation, with similar agricultural systems clus-
tering geographically. Intensive Subtropical Agriculture concentrates along the southern
coast, while Extensive Traditional Agriculture dominates the northern and interior areas.
This spatial segregation reflects agro-ecological conditions, infrastructure, and historical
land-use patterns, underscoring the need for place-based policies that explicitly account for
spatial dependence rather than treating parishes as independent units.
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Figure 8. Spatial distribution of agrarian systems in the Madeira archipelago based on parish-level
PCA–PAM clustering, aggregated at the municipality level (2019 Agricultural Census). This figure
was created by the authors.

Figure 9. Distribution of agrarian systems by municipality. This figure was created by the authors.

Table S7 reports the predominant crops by cluster, clarifying patterns of agricultural
specialisation. Cluster 1 is fully specialised in subtropical fruits (100% of parishes), reflecting
the 12.3% sector expansion and intensification of permanent crops [21]. Cluster 2 exhibits
a diversified structure dominated by clean arable land (74.3%), with vineyards (14.3%)
and subtropical fruits (11.4%), consistent with the decline of arable land to 31.2% of UAA.
Cluster 3 is pasture-oriented, with 66.7% of parishes dominated by permanent pastures,
aligning with their growth to 13.5% of UAA. These patterns translate aggregate statistics
into distinct territorial agricultural models, supporting H3 and H4 on specialisation and
spatial differentiation across Madeira’s parishes.

4.5. Model Validation and Robustness Check

To validate the clustering solution, a Random Forest model was applied using PAM-
derived cluster assignments as training labels [15]. The dataset included 54 parishes
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and 11 variables, distributed across clusters (13, 35, and 6), corresponding to the optimal
three-cluster solution identified through PAM balance diagnostics (Table S8).

The three-cluster solution proved robust across multiple criteria. The Random Forest
achieved 92.85% accuracy in 10 × 5-fold cross-validation (95% CI: 80.41–100%) and a low
out-of-bag (OOB) error of 4.55% (Table S9). Confusion matrices indicate minimal misclassi-
fication: two errors in the training set (Table S10) and 90% accuracy with Kappa = 0.75 in
the test set, exceeding the No Information Rate (0.70) (Tables S11–S13). Outlier analysis
identified six parishes (11.1%); their removal preserved 64.58% concordance in cluster as-
signments, indicating structural stability. Statistical tests confirmed significant differences
across clusters for all key agricultural variables.

Variable importance results (Table S14) show that subtropical fruit area is the dominant
predictor, followed by arable land and permanent pastures. The Shannon Diversity Index,
average farm size, and labour density also contribute substantially, while potato area
and total agricultural land have limited influence. Figures 10 and 11 illustrate these
patterns. Overall, the low error rates, high accuracy, stability to outliers, and coherent
variable importance confirm that the identified clusters represent structurally meaningful
agricultural typologies rather than methodological artefacts [15].

To examine cluster separability, a Multidimensional Scaling (MDS) plot based on
the Random Forest proximity matrix was generated (Figure 12). The two-dimensional
representation visualises parish similarity, enabling a direct assessment of cluster cohesion
and distinctness.

The MDS plot identifies three agricultural clusters. Clusters 1 and 2 are clearly sepa-
rated, indicating strong dissimilarity, whereas Cluster 3 is more dispersed, reflecting higher
internal heterogeneity and a smaller sample size. These patterns indicate that the Random
Forest model captures meaningful structural differences among clusters rather than ran-
dom classification artefacts [15]. Five-fold cross-validation yielded an accuracy of 90.91%
(SD = 11.13%). For the full dataset, overall accuracy reached 98.15% (95% CI: 90.11–99.95%),
with a Kappa coefficient of 0.963. The full-sample confusion matrix is reported in Table S15,
while cross-validation confusion matrices and class-level and cluster-level performance
metrics are presented in Tables S16–S18.

 

Figure 10. Importance of variables in the discrimination of agrarian systems (Mean Decrease accuracy).
This figure was created by the authors.
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Figure 11. Importance of variables in the discrimination of agrarian systems (Mean Decrease Gini).
This figure was created by the authors.

Figure 12. Proximity analysis between clusters—Random Forest MDS: based on the Random Forest
proximity matrix. This figure was created by the authors.

Overall, the Random Forest analysis validates the clustering results, confirming that
observed patterns of subtropical fruit specialisation and high labour density (Cluster 1),
diversified arable systems (Cluster 2), and pasture-based structures (Cluster 3), reflect
statistically robust agricultural typologies rather than clustering artefacts.

5. Discussion
This study provides a comprehensive, data-driven characterisation of Madeira’s agrar-

ian structure, identifying three spatially and structurally distinct agricultural models. The
results strongly support all proposed hypotheses and demonstrate that Madeira’s agri-
cultural sector is undergoing a hybrid agrarian transition, reflected in the simultaneous
coexistence of intensive subtropical systems, diversified traditional farming, and pasture-
based structures. This configuration indicates non-linear, territorially embedded adaptation
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pathways. In this modernisation, the persistence of smallholder practices, and land-use ex-
tensification occur in parallel rather than sequentially, a pattern characteristic of structurally
constrained small-island systems.

The core hypothesis (H1) was confirmed by identifying three clusters using PAM,
validated with Random Forest classification (98.15% accuracy). This tripartite pattern also
supports H5, revealing intensive subtropical, extensive traditional, and intensive pasture-
based systems. Several structural trade-offs explain this configuration and directly underpin
the hybrid transition dynamic. The inverse correlation between farm size (measured
as hectares of UAA per holding) and labour intensity (H2, r = −0.653) highlights the
persistence of a smallholder economy reliant on family labour. This is reinforced by the
near-perfect correlation between the number of farms and family labour (H6, r = 0.997) [21].

Likewise, the negative association between subtropical fruit specialisation and crop
diversity (H3, r = −0.673) reflects classic efficiency–resilience tensions in specialised sys-
tems [47] These structural relationships manifest in three distinct models.

Cluster 1—Intensive Subtropical Agriculture is defined by very small farms, averaging
0.25 hectares per holding, high labour intensity, and strong specialisation in subtropical
fruit (72.2% of UAA). This system is predominantly located in southern coastal parishes
(e.g., Funchal, Ponta do Sol), as illustrated in Figure 7. The typology reflects highly spe-
cialised and labour-intensive production systems, with elevated labour density indicating a
strong concentration of the agricultural workforce in these areas. This configuration corrob-
orates H4 and mirrors patterns observed in other island regions, particularly the Canary
Islands and parts of Sicily, where high-value crop specialisation coexists with structural
fragmentation [20,48]. While competitive, its low crop diversity heightens vulnerability
to market or climate shocks, requiring sustainable intensification strategies [49]. Within
the hybrid agrarian transition framework, this cluster represents the intensification and
market-oriented pole of the agrarian system.

Cluster 2—Extensive Traditional Agriculture is the most widespread and forms the
structural backbone of Madeira’s agrarian landscape. Spatially, this system predominates
in interior and northern areas (Figure 7). It is characterised by moderate farm size, greater
crop diversity, and balanced land use, supporting a more distributed agricultural workforce
than in more specialised systems. With moderate farm size, high diversity, and mixed
vegetables, vineyards, and arable land, it sustains food security and cultural heritage [50].
Its concentration in interior and northern municipalities aligns with H4. This system is
comparable to diversified smallholder structures found in Mediterranean island regions such
as Sicily and Crete, where mixed farming persists under structural constraints. However,
demographic ageing and declining crop areas [21] echo broader pressures observed across
Southern Europe and the Mediterranean [51–53]. In the context of a hybrid agrarian transition,
this cluster reflects the persistence of traditional, resilience-oriented farming systems.

Cluster 3—Pasture-based Agriculture occupies specific ecological niches, with larger
farms, lower labour intensity, and dominance of permanent pastures (48.6%). As shown in
Figure 7, this system is concentrated in more marginal and less densely cultivated areas.
The relatively low labour density reflects a reduced agricultural workforce, consistent with
extensive production systems and land-use specialisation. It plays a multifunctional role in
biodiversity conservation and fire-risk mitigation. Its emergence follows the abandonment
of marginal arable land, paralleling extensification trends observed in the Azores, South-
ern Apennines, and the Guadalquivir Valley [10,32,54–57]. Within the hybrid transition
framework, this cluster represents a process of land-use extensification and ecological
reconfiguration, highlighting how structural adjustment in small island systems may lead
to simultaneous intensification and abandonment dynamics.
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The integration of spatial and structural evidence highlights clear patterns of terri-
torial differentiation and functional specialisation. Intensive systems are concentrated in
accessible coastal areas and exhibit high labour intensity and crop specialisation, while
traditional systems maintain diversified production and broader territorial distribution.
In contrast, pasture-based systems are associated with more marginal areas, lower labour
requirements, and greater land concentration. These patterns suggest the coexistence of
differentiated agrarian regimes, reflecting processes of spatial segregation and varying
degrees of agricultural specialisation.

Theoretically, the results challenge linear modernisation narratives predicting uniform
shifts toward specialised, large-scale agriculture. Instead, Madeira exemplifies a hybrid
agrarian transition in which multiple production logics coexist across space, reflecting
differential responses to environmental constraints, market integration, and labour dy-
namics. This position places Madeira alongside other small island regions, yet with a
particularly pronounced degree of structural coexistence across contrasting agricultural
systems. Instead, Madeira reflects a hybrid transition consistent with [12] “agrarian multi-
plicity,” shaped by differential market integration, labour dynamics, and environmental
constraints. This coexistence represents a strategic adaptation that balances specialisation
and diversification, while also exposing vulnerabilities, including fragmentation, ageing
farmers, and subsidy dependence. Although Madeira follows broader European trends
toward specialisation and consolidation [58,59], it maintains a distinct agrarian identity
grounded in mixed farming and family labour [60,61].

From a practical standpoint, differentiated, place-based policies are required. For inten-
sive subtropical systems, priorities include sustainable intensification and risk-management
tools for monoculture-prone areas. For extensive traditional systems, policy measures
should focus on leveraging their high diversification value by supporting short supply
chains, local food systems, and quality-labelled products (e.g., geographical indications).
Targeted incentives for agroecological practices, combined with programmes for genera-
tional renewal (e.g., access to land, training, and financial support for young farmers), are
critical to maintaining the socio-economic viability of these systems.

For pasture-based systems, policy interventions should prioritise the formal recog-
nition and remuneration of ecosystem services (e.g., fire risk reduction, biodiversity con-
servation, and landscape maintenance) through targeted CAP instruments. Support for
sustainable grazing management, including incentives for extensification practices and
the development of livestock value chains, is essential to enhance the economic viability
of these structurally marginal but environmentally critical systems. Cross-cutting mea-
sures should address structural constraints, such as land fragmentation, through land
consolidation mechanisms and improved access to land markets, strengthen institutional
coordination across agricultural and territorial governance levels, and promote the inte-
gration of agricultural, environmental, and spatial planning within the CAP framework.
Establishing a regional agrarian observatory to monitor structural dynamics and support
evidence-based policymaking would further enhance policy effectiveness.

Beyond structural and spatial differentiation, the findings raise important consid-
erations regarding the implications for the local population. The coexistence of highly
specialised, labour-intensive systems alongside more extensive, less labour-intensive sys-
tems suggests uneven distributions of employment opportunities, income stability, and
exposure to market and environmental risks. While intensive subtropical systems may gen-
erate higher short-term economic returns, they may also increase vulnerability to external
shocks. In contrast, more diversified traditional systems can contribute to greater resilience
and food security at the local level.
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However, the extent to which current agricultural policies and regulatory frameworks
effectively support these different agrarian models remains an open question. In particular,
it is unclear whether existing policy instruments adequately address the structural imbal-
ances, demographic challenges, and territorial disparities identified in this study. These
aspects warrant further investigation, particularly through longitudinal and micro-level
data, and represent a relevant avenue for future research.

Overall, the results consistently support all six hypotheses. The identification of three
distinct agricultural systems across Madeira’s parishes confirms structural heterogeneity
and a hybrid agrarian transition (H1, H5). The inverse relationship between farm size
and labour intensity (H2), together with the negative association between subtropical
crop specialisation and agricultural diversity (H3), highlights key efficiency–resilience
trade-offs. Clear coastal–interior territorial segmentation validates (H4), while the close
correspondence between the number of holdings and family labour inputs provides strong
support for (H6). Collectively, these findings reveal an agrarian structure shaped by embed-
ded trade-offs between scale, labour, diversification, and territorial conditions. Figure 13
provides a synthetic overview of the validated hypotheses (H1–H6), linking the three em-
pirically identified agrarian models to their underlying structural trade-offs and supporting
the interpretation of a hybrid agrarian transition in Madeira.

Figure 13. Empirical synthesis of agrarian models and validated hypotheses in Madeira. This figure
was created by the authors.

Despite the robustness of the analytical framework, several limitations should be
acknowledged. First, reliance on cross-sectional data from the 2019 Agricultural Census
limits causal inference and the ability to capture dynamic processes and structural transi-
tions over time, particularly in the context of evolving agrarian systems. Second, while the
census provides full territorial coverage, potential measurement and classification biases
may arise from reporting practices and the aggregation of heterogeneous farming activities,
thereby affecting the precision of some indicators. Third, parish-level aggregation may
conceal intra-parish heterogeneity, while the absence of farm-level socio-economic variables
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limits insight into behavioural drivers and decision-making processes. Moreover, some
observed structural relationships may reflect historical and institutional path dependencies
rather than independent causal mechanisms. External drivers such as climate change,
market dynamics, and Common Agricultural Policy reforms were not explicitly modelled,
indicating directions for future longitudinal and scenario-based research.

6. Conclusions and Policy Recommendations
This study provides the first statistically validated, spatially explicit typology of

Madeira’s agrarian structure, identifying three differentiated production systems with
distinct structural logics and territorial configurations. This tripartite structure confirms a
hybrid agrarian transition shaped by the interplay between modernisation forces, environ-
mental constraints, and longstanding smallholder traditions.

The intensive subtropical cluster is the most dynamic, driven by the expansion of
permanent crops and competitive value chains. However, its low diversity heightens expo-
sure to monoculture-related risks, requiring targeted resilience strategies. The traditional
diversified cluster remains central to food security, local cultural identity, and ecologi-
cal balance, but faces demographic decline, reduced horticultural areas, and structural
vulnerability. The pasture-based cluster ensures critical ecosystem services, such as fire
prevention, landscape conservation, and biodiversity, but remains economically marginal
and dependent on targeted support.

The sustainability of Madeiran agriculture will hinge on managing these differentiated
systems through place-based, tailored interventions rather than uniform policy approaches.
For intensive subtropical agriculture, priorities include risk management instruments (crop
insurance), investment in resilient crop varieties, and technological modernisation through
precision irrigation and improved value chains. For traditional diversified systems, policies
should focus on revitalisation through agroecological incentives, enhanced local markets,
and integrated programs for generational renewal. For pasture-based systems, strategic
support for sustainable grazing practices, ecosystem-service remuneration, and livestock
chain development is essential.

Across all clusters, broader governance measures are necessary. These include estab-
lishing the following: a permanent Agrarian Observatory to track structural evolution;
creating mechanisms to improve access to land and reduce fragmentation; integrating
agricultural policy with territorial planning, tourism, and environmental management to
reinforce multifunctionality and rural vitality.

This study is subject to limitations inherent to cross-sectional census data and parish-
level aggregation, as well as the absence of socio-economic variables and external drivers
such as climate scenarios or CAP reforms. In particular, the analysis does not directly assess
the socio-economic impacts of the identified agrarian systems on the local population, nor
the effectiveness of current policy frameworks in supporting these systems.

Future research should incorporate longitudinal approaches to capture temporal
dynamics and higher-resolution farm-level data to address potential aggregation and
coverage biases in census-based datasets. Moreover, further investigation is needed to
examine employment patterns, income distribution, and the effectiveness of agricultural
policies across different agrarian systems. Comparative analyses with other small island
regions, such as the Azores and the Canary Islands, would also provide valuable insights
into how insular agrarian systems respond to structural pressures and transition pathways.

Overall, the study offers a validated, spatially explicit framework for understanding
Madeira’s agrarian diversity and provides evidence-based guidance for designing differen-
tiated, resilient agricultural strategies. Strengthening the balance between specialisation,
diversification, and environmental stewardship will be central to ensuring the long-term
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vitality of Madeira’s agricultural sector and its contribution to regional identity, landscape
maintenance, and sustainable development.
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Appendix A

Table A1. Municipalities and parishes of the Autonomous Region of Madeira.

Municipality Parishes

Funchal Sé, Santa Maria Maior, São Pedro, Imaculado Coração de Maria, Santa Luzia, São Roque, São
Martinho, Santo António, Monte, Curral das Freiras

Santa Cruz Caniço, Santa Cruz, Camacha, Gaula
Machico Machico, Porto da Cruz, Água de Pena, Santo António da Serra
Santana Santana, Arco de São Jorge, Faial, Ilha, São Jorge, São Roque do Faial
Porto Moniz Porto Moniz, Achadas da Cruz, Ribeira da Janela, Seixal
São Vicente São Vicente, Boaventura, Ponta Delgada
Calheta Calheta, Arco da Calheta, Jardim do Mar, Paul do Mar, Prazeres, Estreito da Calheta
Ponta do Sol Ponta do Sol, Canhas, Madalena do Mar
Ribeira Brava Ribeira Brava, Campanário, Serra de Água
Câmara de Lobos Câmara de Lobos, Estreito de Câmara de Lobos, Jardim da Serra, Quinta Grande
Porto Santo Porto Santo

Notes: The table lists all 54 official parishes of Madeira by municipality, according to the 2019 administrative
divisions. Municipalities may contain a parish with the same name. The table provides complete coverage for
analyses at the parish and municipal levels.

Table A2. Descriptive statistics of the main variables.

Variable N Mean Median Standard Deviation Minimum Maximum

Number of farms 54 250.63 175.00 225.06 3 834
UAA (ares) 54 8526.59 5927.00 7208.12 58 29,684
Family labour 54 0.68 0.46 0.64 0.01 2.47
Agricultural land (%) 54 9.82 6.89 8.01 0.21 34.43
Potato (ares) 54 482.13 285.50 554.80 0 2580
Vegetables (ares) 54 1337.13 989.50 1480.85 0 8264
Subtropical fruits (ares) 54 1993.24 728.00 3043.61 8 14,284
Vineyard (ares) 54 1331.46 361.00 2425.14 0 12,350
Permanent pastures (ares) 54 956.76 341.50 2091.46 0 13,814
Family garden (ares) 54 240.69 57.00 340.35 0 1221

Notes: All variables are measured at the parish level (N = 54). UAA and crop areas are expressed in ares. Family
labour represents the share of work done by household members. All statistics were computed in R 4.4.1. The
tables were generated using the summarise(), group_by(), and mutate() functions from the dplyr package, and the
data were imported with readr.

Table A3. Agricultural statistics by municipality.

Municipality Parishes Total Farms Total UAA
(Ares)

Average UAA
(Ares)

Average Family
Labour

% Agricultural
Land

Santana 6 1486 70,544 11,757.3 0.647 12.7
Câmara de Lobos 5 2140 63,411 12,682.2 1.220 19.5

Santa Cruz 5 1405 46,287 9257.4 0.762 14.1
Calheta 8 1347 44,776 5597.0 0.425 5.8

Ponta do Sol 3 1345 44,643 14,881.0 1.250 18.4
Machico 5 1659 39,921 7984.2 0.944 9.1

Ribeira Brava 4 1323 39,512 9878.0 0.901 8.8
São Vicente 3 1036 35,932 11,977.3 0.918 5.6

Funchal 10 1310 35,776 3577.6 0.364 7.0
Porto Santo 1 114 21,285 21,285.0 0.320 5.3
Porto Moniz 4 369 18,349 4587.3 0.238 2.8

Notes: All statistics were computed in R 4.4.1. The tables were generated using the functions summarise(),
group_by(), and mutate() from the dplyr package, and data were imported with readr.

https://doi.org/10.3390/su18073545

https://doi.org/10.3390/su18073545


Sustainability 2026, 18, 3545 26 of 28

Table A4. Descriptive statistics of derived variables.

Variable Mean Median Standard Deviation Minimum Maximum N

UAA per farm (ares) 37,985.4 32,159.3 25,292.1 11,260.9 186,710.5 54
UAA per farm (ha) 0.3799 0.3216 0.2529 0.1126 1.8671 54
Labour density 0.8588 0.8383 0.3772 0.1503 2.5869 54
Shannon Diversity Index 1.3639 1.3973 0.3508 0.1932 1.8839 54

Notes: All variables are derived from parish-level data (N = 54). UAA per farm is expressed in ares and hectares,
respectively. Labour density measures the number of workers per 100 hectares. Shannon’s diversity index reflects
crop diversity. Statistics were computed in R 4.4.1 using dplyr.
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