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Terraces are a defining feature of Mediterranean mountain landscapes, enabling agriculture on steep slopes while
providing multiple ecosystem services. Land suitability analysis (LSA) can guide authorities and land users to
sustainably manage and expand these environments. It typically requires fully labelled datasets, but in many
real-world applications only a fraction of positive examples is available, with the rest unlabelled. This study aims
to present an integrated predictive modelling framework that combines GIS with data-driven Machine Learning
(ML) techniques, capable of learning from Positive and Unlabelled (PU) datasets for LSA. The proposed frame-
work was applied to develop a terrace suitability map for Cyprus’ Troodos Mountains. A 5-m DEM was processed
to extract the mountain area, with elevation > 500 m and slopes > 15%, defining the study area. Crop plots
registered under the Single Area Payment Scheme of the European Common Agricultural Policy were used to
classify the study area into Terrace-Present (TP) and Terrace-Absent (TA) cells, with TP serving as labelled
positive and TA as unlabelled samples. A two-step ML approach was applied, first identifying reliable negatives
from TA cells, then using these with TP cells for suitability prediction. The developed PU-classifier was evaluated
under the selected completely-at-random (SCAR) assumption, achieving a Recall of 84.6%, Precision of 81.5%
and an F1 score of 83%. Feature importance analysis identified land cover, terrain slope and tree cover density as
the most influential parameters for terrace suitability. Comparative analysis between 2017 and 2024 revealed
abandonment of terraced agricultural land (29% decrease) as well as revitalisation (12% increase). The resulting
suitability map and accompanying data layers are accessible through a Google Earth Engine application, aiming
to support informed decision-making for sustainable landscape planning.

1. Introduction

Terracing is a long-established conservation practice in mountainous
regions, offering benefits such as improved water management,
increased arable land, crop diversification, and slope stabilization (Chen
et al.,, 2017; Deng et al., 2021). It also provides a range of ecosystem
services, contributing both directly and indirectly towards achieving
sustainable development goals, as summarized by Zoumides et al.
(2025). Despite their significant value, terraced fields are often
underutilized (Chen et al., 2022). Over the past decades, many terraces
have been abandoned due to socioeconomic shifts, high labour de-
mands, and maintenance costs, leading to a progressive increase in land
degradation and the loss of soil functions in mountain environments
(Dax et al., 2021; Tarolli, 2018; Zoumides et al., 2022). However, in
recent years, the adoption of mechanised construction has reduced these
constraints and contributed to the development of new terraced systems
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(Ramos et al., 2007; FAO, 2019; Franco et al., 2020; Romeo et al., 2021).
As a result, the protection and rehabilitation of terraced agriculture have
gained renewed interest (Zoumides et al., 2022), supported by various
policy initiatives that have emerged in the early 21st century to conserve
these mountain terraced landscapes, as summarized by Lasanta et al.
(2013). The Troodos Mountains in Cyprus represent a typical example
of such landscapes, where traditional terraces face increasing pressures
from land abandonment (Zoumides et al., 2025) and associated soil
erosion risks (Djuma et al., 2017; Camera et al., 2018), underscoring the
need for evidence-based tools to support sustainable planning and
resource allocation. To advance such conservation efforts, Land Suit-
ability Analysis (LSA) can offer scientifically-based guidance to au-
thorities, decision-makers, and land wusers for the -effective
implementation of agricultural policies and land use frameworks (Geng
et al., 2019; Alonso et al., 2025).

Modern machine learning (ML) algorithms are increasingly
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employed in LSA and have been reported in some applications to
improve predictive performance and reduce subjectivity relative to
traditional multi-criteria decision-making approaches (Radocaj &
Jurisi¢, 2022). Models such as Random Forest (RF) (Sahu et al., 2023;
Singh et al., 2022), Convolutional Neural Networks (CNN) (Carranza-
Garcia et al., 2019; Luan et al., 2023), K-Nearest Neighbors (KNN)
(Ganesan et al., 2021), Extreme Gradient Boosting (XGBoost)
(Batunacun et al, 2021), and Support Vector Machines (SVM)
(Taghizadeh-Mehrjardi et al., 2020) have been widely applied for land
classification and suitability prediction. Numerous comparative studies
focusing on different supervised machine learning algorithms have
indicated that ensemble methods, particularly RF and XGBoost, consis-
tently outperform other algorithms due to their advanced learning
strategies of bootstrap aggregating (for RF) and sequential boosting (for
XGBoost) (Shawon et al., 2025; Xing et al., 2022; Sinchana et al., 2024;
Negussie et al., 2024; Karongo et al., 2025, Lekshmi et al., 2025).
However, direct comparisons between RF and XGBoost have produced
mixed outcomes. For instance, Xing et al. (2022) compared RF and
XGBoost for tea cultivation suitability for an area of 139.03 km? using 12
covariates, reporting that RF achieved slightly higher performance
(AUC = 0.86) than XGBoost (AUC = 0.82). Georgiades et al. (2025)
compared XGBoost and RF using a global climate dataset spanning 18
years (290 million data points) with constant hyperparameters. They
reported that RF required three times longer training and over three
times more memory than XGBoost. Moreover, predictions generated by
XGBoost were more closely aligned with the ground truth than those of
RF. The study also emphasized the importance of incremental learning
for handling datasets of this scale, which is supported by XGBoost but
not by RF. Lekshmi et al. (2025) also reported the superiority of XGBoost
over RF in handling non-linear patterns, complexity, and class imbal-
ance in the dataset due to its capabilities of incorporating regularization
parameters (L1 and L2) and boosting strategy. These findings suggest
that model performance is context-specific, depending on dataset
characteristics, feature selection, and tuning strategies (Torgbor et al.,
2023; Mali et al., 2023).

While supervised ML models have demonstrated strong performance
in land suitability classification, they have typically relied on fully
labelled datasets with clearly defined positive and negative examples
(Saunders and Freitas, 2025). However, in many real-world applica-
tions, this condition is not satisfied, and only a set of the positive ex-
amples is available while the remaining majority of instances are
unlabelled (i.e., unclear if they are positive or negative) (Saunders and
Freitas, 2025). For instance, in landslide susceptibility mapping, rele-
vant inventories provide historical records of landslide events and are
treated as positive examples. However, the absence of recorded land-
slide events does not necessarily indicate an absence of susceptibility
(Zhao et al., 2023). Therefore, such instances should be considered
unlabelled rather than negative. To address such issues, numerous PU
(positive and unlabelled) learning techniques, i.e. specialized cases of
semi-supervised learning, have been proposed, as summarized by
Bekker and Davis (2020). One of the techniques is a two-step method
that consist of identifying reliable negative examples from the unla-
belled data and utilizing positive labelled and reliable negative exam-
ples to classify remaining unlabelled data using traditional supervised
classification (Bekker and Davis, 2020; Zheng et al., 2019). Zhang et al.
(2024a) developed a landslides susceptibility map by integrating tradi-
tional ML algorithms including RF, KNN and Decision Tree (DT) with the
PU-learning technique under the Selected Completely at Random
(SCAR) assumption, as introduced by Elkan and Noto (2008). They
concluded that PU learning substantially improves the Area Under
Curve and Recall, leading to a more conservative LSM compared to bi-
nary classification methods. Li et al. (2022) compared the Presence and
Background Learning with Constraints (PBLC) PU-learning technique to
a traditional Artificial Neural Network (ANN) for flood susceptibility
prediction. They trained a binary classifier using case-control positive
and unlabelled samples without truly labelled negative data, alongside
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14 environmental covariates. The study concluded that PBLC provides
better calibrated probabilistic predictions, more accurate binary classi-
fication, and more reliable urban flood susceptibility mapping than the
traditional ANN. Numerous other PU learning applications are available
in different fields such as in mapping groundwater potential (Bi et al.,
2025), classification of remote sensing data (Desloires et al., 2022),
ecological studies (Li et al., 2011), bioinformatics (Yang et al., 2012) and
computer vision (Wei et al., 2020). Although PU-learning approaches
are widely used, they still face model validation challenges, as the
absence of negative examples complicates the assessment of classifica-
tion performance. The SCAR assumption provides a way to overcome
this challenge by assuming that the labelled positive samples are
randomly drawn from the entire positive set, allowing reliable evalua-
tion of classifier performance despite the absence of true negative data
(Saunders and Freitas, 2025).

Despite the methodological developments, no mapping applications
of PU-learning for mountain terrace suitability have been reported in the
scientific literature. Similar to other PU-learning problems, the absence
of terraced land does not necessarily imply unsuitability of land for
terracing and should be treated as unlabelled rather than negative.
Therefore, this study aims (i) to present an integrated predictive
modelling framework that combines GIS with data-driven ML tech-
niques, capable of learning from positive and unlabelled datasets for
terrace suitability analysis, (ii) to generate a high-resolution terrace
suitability map for the Troodos Mountains, Cyprus (iii) to analyse the
environmental, regulatory and socio-economic parameters that affect
the suitability of land for mountain terraces and (iv) to analyse recent
land use dynamics (i.e., abandonment and expansion of mountain
terraces).

2. Methodology

This study was structured in six sequential steps (Fig. 1). First,
elevation and slope criteria were used to delineate the mountain area.
Second, within this area, all crop plots were assumed to be terraced land.
Following this assumption, areas occupied by these crop plots were
classified as Terrace-Present (TP) and areas without crop plots were
classified as Terrace-Absent (TA). Third, 16 covariates were identified
and a correlation analysis was performed to reduce redundancy among
variables. Fourth, a hybrid framework of PU-learning and supervised
XGBoost classification was adopted to predict the suitability of terrace
agriculture using the refined set of non-redundant covariates. The
resulting continuous suitability scores were then classified into four
distinct suitability classes using the k-means clustering method. Fifth,
the SHapley Additive exPlanations (SHAP) analysis was performed to
evaluate the influence of individual covariates on land suitability.
Finally, agricultural crop plots of 2017 and 2024 were utilized to
determine the abandonment and expansion of these environments and
corresponding suitability classes. The following sections provide a
detailed description of each step.

2.1. Study area

Cyprus is the third largest island in the Mediterranean with an area of
9,251 km? and lies between 34°-36°N and 32°-35°E. The Troodos
Mountains dominate the centre of Cyprus and cover 40% of the island
area (Fig. 2). It comprises an ophiolite complex surrounded by sedi-
mentary formations (Christofi et al., 2020). It has a mean slope gradient
of 31% with its highest summit at 1,951 m a.s.l. (Christofi et al., 2020).
The island exhibits significant variation in average annual rainfall along
its elevation gradient, ranging from 500 mm in the lower foothills to
1,100 mm near the peak of the Troodos Mountains (Camera et al., 2014).
Agricultural terraces in the Troodos Mountains have traditionally been
constructed by cutting and filling of steep slopes (Zoumides et al., 2017).
The Cyprus Rural Development Program 2014-2020 (Ministry of
Agriculture, Natural Resources and Environment, 2021) classifies the
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Fig. 1. Conceptual workflow summarizing the six methodological steps adopted for suitability mapping, feature importance analysis and recent land use dynamics;
rectangles denote computational processes and parallelogram show data inputs/outputs.

areas with altitude higher than 800 m, or between 500 and 800 m with
slopes > 15% as mountain areas. This was defined in line with EU
regulation 1305/2013, article 32 and Annex III (European Parliament
and Council of the European Union, 2013), which characterizes moun-
tain areas by the existence of a short growing season (< 180 days) or
steep slopes (>15%) or a combination of both. Numerous researchers
have reported varying values for the slopes of the terraced land (Stanchi
et al., 2012). According to the Food and Agriculture Organization (FAO,
1988), manually constructed bench terraces are recommended for
slopes ranging from 7 to 25 degrees (12%-47%), while machine-
constructed terraces are recommended for slopes between 7 and 20
degrees (12%-36%). To align with both Cyprus Rural Development
Program and FAO guidelines, this study delineates areas on Troodos
Mountains having elevation > 500 m and slopes > 15%, assuming that
these topographic thresholds represent the minimum conditions for the
feasibility of bench terrace construction in mountain areas (Step 1).

2.2. Raster classification of study area

Crop-plot polygons, i.e., agricultural areas registered in 2024, under
the Single Area Payment Scheme from farmers’ applications for direct
subsidies, administered by the Cyprus Agricultural Payment Organiza-
tion (CAPO), were used to map TP land (Step 2). These polygons were
rasterized, at both 5-m and 30-m resolution, with each grid cell assigned
the crop type corresponding to the majority area of the underlying
polygon. A comparative analysis of the 5-m and 30-m DEMs was con-
ducted to evaluate the effectiveness of DEM resolution for LSA. The
analysis was conducted for the area above 500 m elevation and classi-
fied the agricultural land into two slope categories, >15% and < 15%.
The DEM resolution that produced a total rasterized agricultural area

closest to the original polygon area was selected. Based on this assess-
ment, the 5-m DEM was used for the LSA (Section 3.1).

2.3. Description of covariates and correlation analysis

Sixteen covariates were derived using environmental, regulatory and
socio-economic datasets, as summarized in Table 1. The 5-m DEM was
utilized to extract topographic parameters, including elevation, slope,
aspect, curvature and upstream contributing area. Soil pH, soil organic
carbon (SOC), and sand and clay content, were obtained from SoilGrids
(Poggio et al., 2021) at three depth intervals (0-5 ¢cm, 5-15 cm, and
15-30 cm). These data were used to compute a depth-weighted average
representing the top 0-30 cm of the soil profile. The weighted averages
for sand and clay content were subsequently classified into texture
classes using the HYPRES soil texture classification system (Moeys,
2024). Population density was derived for each community area,
expressed as inhabitants per km?, rather than being computed for in-
dividual grid cells. Additionally, Euclidean distance from each grid cell
to the nearest village centre was calculated to produce a spatial layer
representing proximity to settlement areas. The other covariates did not
require any significant pre-processing.

A standardized post-processing workflow was applied to all the
covariates, ensuring proper alignment and avoiding pixel shift. This
workflow includes: (1) transforming the derived covariate layers into
raster grids based on the majority area (applicable only to datasets
originally in shapefile format), (2) defining a uniform projection system
(WGS 1984 UTM Zone 36 N), (3) resampling to a 5-m resolution using
the nearest neighbour method, and (4) using the 5-m DEM of the study
area as a reference for both snap raster and masking layer. This resam-
pling was used solely to align all covariates with the 5-m DEM grid and
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Fig. 2. Elevation map of Cyprus with the 500 m isoline and slope map of areas above 500 m, highlighting the Troodos Mountains, delineated using the 5-m DEM

(Kyriakou, 2022).

crop-plot raster, without introducing any additional spatial detail
beyond the native resolution of the coarser input datasets.

To evaluate pairwise relationships among the identified continuous
covariates, Spearman rank correlation analysis was performed. The
resulting correlation (p) matrix illustrates the direction and strength of
monotonic relationships between variables. Similar to Maharjan et al.
(2021), covariates with |p| > 0.7 were excluded from the ML simula-
tions to avoid multicollinearity, reduce redundancy and avoid the risk of
overfitting (Step 3).

2.4. Model training and prediction workflow

The dataset contained approximately 64.4 million records covering
the whole study area at a resolution of 5 m. Each record contains
covariates (listed in Table 1, excluding highly correlated variables) and
is assigned to either TP or TA. Among these, approximately 62.1 million
records correspond to TA, while around 2.3 million records represent
TP. Given that the presence and associated attributes of existing terraces
(2.3 million records) are known, all TP records can be used as positive
examples for terrace suitability (herein referred to as positive). How-
ever, the remaining 62.1 million TA records lack confirmed labels
(herein referred to as unlabelled), as they may include both suitable
(positive examples) and unsuitable (negative examples) locations for
terracing. Considering the absence of confirmed negative examples, a
two-step ML framework was adopted to model terrace suitability.

2.4.1. Pu-learning classification of unlabelled datasets

The PU learning method proposed by Elkan and Noto (2008) offers a
semi-supervised approach to estimate the likelihood that unlabelled
data belong to the positive class (Step 4). This method relies on the
Selected Completely At Random (SCAR) assumption, which states that
the positive examples in the labelled set are representative of all positive
examples (both labelled and unlabelled). In other words, the labelled
positive examples form a randomly selected subset of all positive ex-
amples (Saunders and Freitas, 2022). Let x € R™ denote the feature
vector of an example, described by m number of covariates, representing
a 5-meter grid cell of the study area. Lety € {0, 1} be the binary class for
each example, where y = 1 indicates a positive example (suitable for
terracing) and y = 0 indicates a negative example (not suitable for
terracing). Additionally, let s € {0,1} be a binary indicator with s =1
indicating a labelled example and s =0 indicating an unlabelled
example. Under the SCAR assumption, Elkan and Noto (2008) proved a
lemma to estimate a traditional classifier f(x) = Pr(y = 1|x), which
models the probability of an example belonging to the positive class.
This is done through a non-traditional classifier g(x) = Pr(s = 1|x),
which estimates the probability of an example being labelled, and a
constant ¢ = Pr(s = 1|y = 1) indicating the probability that a positive
example is labelled. The relationship between these quantities is given
by (Elkan and Noto, 2008):

flo) =82 )

C

To address the absence of confirmed negative examples, the Elkan
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Table 1
Environmental, regulatory and socio-economic covariates for suitability analysis of terraced land.
Derived covariates Unit Type* Dataset Spatial Year Source
resolution
Elevation m Continuous Digital elevation model S5mand30m 2014 and Kyriakou, 2022 and ASTER Global
Slope % Continuous 2019 Digital Elevation Map
Aspect ° Continuous https.//asterweb.jpl.nasa.gov/gdem.
Upstream area m? Continuous asp
Curvature 1/100m  Continuous
Land cover - Categorical (21 CORINE land cover 100 m 2018 Copernicus land monitoring services
classes) https.//land.copernicus.eu/en
Planning zones - Categorical (82 Land zonation 8,171 2017 Ministry of Interior
classes) polygons https://www.gov.cy/moi/en/
Tree cover density % Continuous Copernicus canopy area 10m 2018 Copernicus Land Monitoring Services
https.//land.copernicus.eu/en
Geological formations - Categorical (31 Geological map of Cyprus 1.250,000 1995 Geological Survey Department
classes) https.//https://www.moa.gov.cy/
Depth-weighted average for soil - Continuous SoilGrids (soil pH, soil organic 250 m 2022 ISRIC - world soil information
pH (0-30 cm) carbon, % of sand and clay) https.//https://www.isric.org/
Depth-weighted average for soil % Continuous
organic carbon (0-30 cm)
Depth-weighted average for soil - Categorical (3
texture (0-30 cm) classes)
Average annual precipitation mm Continuous CYOBS (precipitation and 1 km 1980 to Camera et al., 2014 and Sofokleous
Average annual temperature °c Continuous temperature indicators) 2019 et al., 2021
Population density count/ Continuous Community boundaries 615 polygons 2018 Department of Lands and Surveys
km? https.//portal.dls.moi.gov.cy/en
Population census 615 points 2021 Statistical Service of Cyprus https.//htt
ps://www.cystat.gov.cy
Distance of terraces from centre m Continuous Village centre 615 points 2010 Department of Town planning and

of village

Housing
http.//https://www.moi.gov.cy/

" For categorical datasets, only the classes present in the study area are reported (e.g., 21 out of 44 CORINE land cover classes).

and Noto (2008) PU learning method was implemented in Python, by
wrapping an XGBoost classifier within the ElkanotoPuClassifier. The
dataset was randomly divided into training and validation sets, with
80% of the samples used to train the model and 20% reserved for in-
dependent validation to monitor performance. Hyperparameter tuning
was performed by testing multiple combinations of model parameters
and evaluating their performance on the validation dataset, with the
configuration yielding the highest validation accuracy selected for the
final model. Accordingly, the underlying XGBoost model was configured
to fit 500 trees with a maximum depth of 15 nodes per tree. A learning
rate of 0.1 was selected to promote gradual and stable convergence. L2
regularization was applied to reduce overfitting, with L1 regularization
set to zero. Furthermore, a gamma value of 1 was used to enforce a
minimum loss reduction for further splitting of leaf nodes, improving
split quality (Tarwidi et al., 2023;). Similar to Pawluszek-Filipiak and
Lewandowski (2025), the class imbalance between the positive and
unlabelled data was addressed using the scale_pos_weight. This value
was set to 4. Additionally, 20% of the labelled positive examples was
used as a held-out set in the ElkanotoPuClassifier for the estimation of
label frequency “c¢” (Bekker and Davis, 2020). Training was conducted
on a single node (cpus-per-task = 64) of a High-Performance Computing
Facility (HPCF), equipped with dual Intel(R) Xeon(R) Gold 6248 pro-
cessor and 94 GB of RAM, utilizing a total of 1,172 CPU hours.
Traditional supervised classifiers are typically evaluated using met-
rics such as Precision, Recall, and F1-score. However, in PU-learning, the
absence of true class labels makes it infeasible to compute these metrics
directly. Nevertheless, under the SCAR assumption, the classifier's
behaviour on the labelled positive set is representative of its behaviour
on the entire positive set (Saunders and Freitas, 2025). As theorized by
Tabatabaei et al. (2021), let, M := {1, ..., n} be the set of all examples,
P C M be the set of all positive examples, S C P be the set of all labelled
positive examples and U C M\S be the set of unlabelled examples which
may contain both positive and negative examples. Consider a classifier
trained using S and U. According to the SCAR assumption, the expected
fraction of predicted positives in the labelled positive set is to be the
same as the fraction of predicted positives in total positive examples.

Therefore, an estimation of P can be obtained which can further be
utilized to calculate p’ (i.e., p = S/P), as S is already known. This esti-
mate p’ can be used to modify the standard evaluation metrics for PU-
learning. These equations are presented in Table 2.

TP, FN, and FP represent the true positive, false negative and false
positive predictions; P; is the number of positive examples that are also
predicted positive (equivalent to TP); P is the total positive examples; M;
is the total number of predicted positive examples; S; is the total pre-
dicted positive from the labelled positive set; S is the labelled positive
examples.

The trained model was evaluated on the 20% validation set by
computing performance metrics (Table 2) under the SCAR assumption.
This PU-learning classification resulted in a continuous probability
distribution for the unlabelled dataset indicating the likelihood that an
example belongs to the positive class. This was further used to extract a
set of reliable negatives as described in the following section.

2.4.2. Supervised learning with XGBoost

To obtain a sample of reliable negative examples from the unlabelled
data, all grid cells with predicted probabilities (of being positive) < 0.3
were stratified into three probability bins: 0.0-0.1, 0.1-0.2, and 0.2-0.3.
Based on these bins, three datasets were constructed, while preserving
the original class imbalance of each bin. The first dataset included only
grid cells from the 0.0-0.1 bin; the second combined grid cells from the
0.0-0.1 and 0.1-0.2 bins; and the third included grid cells within the
0.0-0.3 range, incorporating all three bins. Each dataset was then

Table 2
Evaluation metrics for PU-learning under SCAR (Tabatabaei et al., 2021).

Metrics Supervised learning Modified under SCAR
Recall ™?w  ph S
TP+FN P s
Precision P P S
TP+FP M, p.M;
F-1 score Recall x Precision p'.Py
Recall + Precision [m]
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combined with the positive examples to form three complete sets,
referred to as Set 1, Set 2, and Set 3. For each set, 80% of the data was
used for training, and the remaining 20% was reserved for evaluating
model performance. Separate XGBoost classifiers were trained on each
set using identical hyperparameters and sample sizes, ensuring that the
only variable affecting model performance was the proportion of
negative examples included from the probability bins. This approach
minimized the potential confounding factors and allowed a fair assess-
ment for the impact of bin selection on classification performance. In
addition to the standard random-split evaluation, a cluster-based spatial
cross-validation (CV) approach was implemented to assess model
robustness across space. Following the recommendations of Sun et al.
(2023), the study area was partitioned into 10 spatial clusters using k-
means clustering based on the x and y coordinates of the grid cells. For
each set, five repetitions of the spatial-CV were performed. In each
repetition, seven clusters were used for training, while the remaining
three clusters were used for validation.

Following the evaluation of these sets using the Precision, Recall, F1-
score and Area Under the Curve (AUC) under both random-split and
spatial-CV, the bin combination that yielded the best performance was
selected as the reliable negative examples. The classifier trained on this
selected set was then used to predict suitability probabilities for each
grid cell across the study area. To enable practical interpretation and
support spatial planning, the resulting continuous probabilities were
further classified into discrete land suitability classes. The optimal
number of classes was determined using k-means clustering applied to
the predicted probability values. Cluster solutions ranging from 2 to 10
were evaluated by computing the within-cluster sum of squared errors
(SSE), also referred to as inertia (Yuan and Yang, 2019). The Elbow
Method was applied to identify the point at which adding additional
clusters resulted in minimal reduction in SSE. The number of clusters
corresponding to this point was then selected for the final classification
(Step 4).

2.5. Feature importance analysis

To evaluate the relative contribution of input features (covariates) to
the suitability predictions, a feature importance analysis was conducted
using SHapley Additive exPlanations (SHAP) technique (Step 5). This is
based on cooperative game theory and quantifies the contribution of
each feature to the model’s output through SHAP values. The TreeEx-
plainer algorithm was employed to compute SHAP values for the
XGBoost model. The SHAP values explain how each featur-
e additively shifts the model’s log-odds prediction from the base value.

To elaborate, let, x = (x1, X2, X3, -*-.,Xm) represent an individual grid
of the dataset defined by its m features. The XGBoost model made a
prediction f'(x) in log-odds space, representing the suitability of
terracing for the given feature. This prediction can be additively
expressed as (Lundberg and Lee, 2017):

fl(x) = @base + Z @xi (2)

i=1

where @ is the base value, defined as the expected model prediction
in log-odds, when no feature information is available. Mathematically, it
can be also defined as mean prediction of the model when all features
are marginalized out. @,, is the SHAP value for the feature i quantifying
its marginal contribution to the prediction f'(x) relative to @pqse-

SHAP values enable both global and local interpretation of feature
contributions to model predictions. Global interpretation reveals how
features influence model predictions across the entire dataset, while
local interpretation explains the contribution of each feature to indi-
vidual predictions. Global feature importance was assessed using the
mean absolute SHAP value plot, ranking features by their average
impact on model predictions. Additionally, a SHAP beeswarm plot was
generated to visualize both the magnitude and direction of feature
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contributions, indicating how high or low feature values drive pre-
dictions toward positive or negative outcomes. SHAP dependence plots
were also illustrated for the top three most influential features, high-
lighting their individual effects and interactions, capturing both local
contributions and global feature trends in the suitability analysis.

The land suitability map was intersected with all covariates in Arc-
GIS using raster algebra. The intersected grids were post-processed by
grouping categorical covariates into classes and continuous covariates
into ranges. For each covariate, the proportion of suitability classes
within these groups was quantified and analysed to assess their distri-
bution with respect to terrace suitability. To assess the influence of
dominating variable, a second analysis was also performed after
removing the top contributing covariate, replicating the similar ML
framework.

2.6. Comparative analysis of terraced land for recent terrace dynamics

To assess recent changes in terraced agriculture, crop plot data from
2017 and 2024 were utilized (Step 6). A consistent post processing
framework (section 2.3) was applied for the rasterization of polygons.
Cells present in 2017 but absent in 2024 were classified as abandoned
terraced areas, while cells absent in 2017 but present in 2024 were
classified as expanded terraced areas. Abandoned terraced areas were
subsequently mapped to tabulate their crop types and land suitability
classes. A random sample of 100 agriculture plot polygons was used to
check if the expanded terraced areas were recently (2017-2024) con-
structed by earthwork machinery or revitalised abandoned terraces,
using Google Earth imagery, Orthophotos from 2014 and 2019 (avail-
able through the Department of Land and Surveys) and field visits.

3. Results
3.1. Selection of DEM resolution and study area classification

The total agricultural area above 500 m elevation, as derived from
the original crop plot polygons was 10,640.7 ha. Rasterization using
different DEM resolutions resulted in an underrepresentation, with the
5-m and 30-m DEMs retaining 99.8% and 88.3% of the original polygons
area, respectively (Table 3). This reduction is due to the omission of
small and fragmented parts of the polygons at coarser resolution. The 5-
m DEM preserves finer spatial detail, captures small and fragmented
agriculture, and produces a rasterized plot area that is closer to the
original polygon-based area, thus justifying its selection for the LSA.

Table 3

Fractions (%) of agricultural areas above 500 m elevation, classified by broader
crop type and slope class (>15% and < 15%), based on 5-m and 30-m DEMs
using majority area rule.

Crop classes Delineated using 5-m

elevation model

Delineated using 30-m
elevation model

Area > 15% Area < 15% Area > 15% Area < 15%

slope slope slope slope

Fallow (%) 6.2 5.2 5.3 5.7

Grapes (%) 18.9 13.1 19.2 14.7

Irrigated annual 1.8 0.9 1.2 1.0
(%)

Irrigated 10.9 5.2 9.3 5.4
perennial (%)

Olive & Carob 6.4 3.5 5.0 4.0
(%)

Rainfed annual 9.9 12.3 8.8 15.1
(%)

Pasture (%) 2.8 2.0 3.9 1.5

Not subsidised 0.3 0.2 0.3 0.1
(%)

Total % 57.5 42.5 52.5 47.5

Total area (ha) 10,626.7 9,396.4
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The crop types recorded by CAPO for individual plots, aggregated
into eight broader categories (Table 3) revealed that agricultural land
accounts for only 3.8% of the total study area (elevation > 500 m and
slope > 15%), of which a minor portion (~329.4 ha) is pasture or non-
subsidised. Table 4 summarizes the classification of study area based on
TP (all agriculture areas except pasture and non-subsidised) and TA (all
non-agriculture areas and land classified as pasture and non-subsidised).

3.2. Correlation analysis

Correlation analysis (Fig. 3) revealed a strong positive relationship
between elevation and precipitation (p = 0.73) and a strong negative
relationship between elevation and temperature (p = —-0.91). Precipi-
tation and temperature were also strongly negatively correlated (p =
-0.72). Due to these high correlations (|p| > 0.7), precipitation and
temperature were excluded, resulting in a final set of 14 covariates.
These remaining covariates displayed only low to moderate correlations
(Ip] < 0.7) and hence were retained as predictors for ML simulations.

3.3. Pu-learning predictions on unlabelled examples

The ElkanotoPuClassifier estimated the labelling frequency “c” as
0.72 based on a 20% hold-out subset of labelled positive examples. The
fraction of labelled positives among all positives (p'), derived from the
full training set was estimated as 0.77. Under the SCAR assumption, the
classifier was evaluated on 20% of unseen data using PU modified
metrics (Table 2). This PU-learning model achieved a Recall of 84.6%
indicating that most true positive examples in the unlabelled dataset
were correctly identified. The Precision of 81.5% reflected a low rate of
false-positive predictions. The resulting F1 score of 83% confirms a
strong balance between Precision and Recall. These metrics demonstrate
that the trained model generalizes effectively to unseen data. Notably,
88.3% of the unlabelled examples had a predicted probability (to be
positive) of less than 0.1 (Table 5), highlighting that the vast majority of
unlabelled instances are highly unlikely to be positive and can be used to
compute a reliable set of negative examples.

3.4. Selection of reliable negatives and suitability mapping

Under a constant sample size for training and validation, the classi-
fier trained exclusively on positive examples and bin with predicted
probabilities below 0.1 (i.e., Set-1) achieved the highest performance.
Incorporating data from higher probability bins led to a decline in
classification performance, suggesting the presence of noise. Specif-
ically, positive examples incorrectly treated as negatives in the training
sets. Table 5 summarizes the reduction in Precision, Recall, F1-score and
AUC when including data from higher probability bins and evaluated
using random-split, identifying 0.1 as a reliable threshold for confidently
selecting negative examples (Set-1). The performance of Set-1 for the
suitable class was further evaluated in Table S2.3, reporting the Omis-
sion Error, Commission Error, and Figure of Merit. A similar trend was
observed under spatial-CV, where Set-1 again yielded the best perfor-
mance, with an average Precision of 0.78, Recall of 0.86, Fl-score of
0.82, and AUC of 0.88 across five repetitions. The slightly lower per-
formance of spatial-CV compared to the random split suggests some
uncertainty in model performance attributable to spatial

Table 4
Classification of the study area (elevation > 500 m and slope > 15%), based on
Terrace-Present (TP) and Terrace-Absent (TA) land.

Grid type Gridclass  Grid area (ha)

Presence of terraced land (positive, labelled TP 5,778.47
examples)

Absence of terraced land (unlabelled examples) TA 155,238.11

Total study area — 161,016.58
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autocorrelation. Performance metrics for each repetition, along with
average values across all three sets obtained from the spatial-CV, are
reported in Table S2.2 in Supplementary Material 2.

The supervised machine learning model resulted in a continuous
probability distribution of land suitability. The k-means analysis indi-
cated that the rate of reduction in SSE notably decreased for more than
four clusters, suggesting that utilizing four clusters provide a suitable
balance between capturing variation and maintaining interpretability.
The class thresholds identified by the k-means clustering of the four
classes were subsequently used to categorize the continuous suitability
values into four distinct classes (Table 6). The classification revealed
that only 7% of the total study area is “Highly Suitable” for agricultural
terraces (Fig. 4). Within this highly suitable zone, 37% is already under
existing terrace cultivation. Notably, a substantial potential area of
approximately 7,000 ha remains available within the highest suitability
class, presenting significant opportunities for future terrace develop-
ment. To support decision-making, the developed suitability map and
associated data layers have been made accessible through Google Earth
Engine application and presented to land managers and government
official (https://ee-ameena.projects.earthengine.app/view/land-suita

bility-analysis).

3.5. Feature importance analysis

The results of the SHAP feature importance analysis are presented
using the mean |SHAP]| plot (Fig. 5) and the beeswarm plot (Fig. 6). The
mean |SHAP| plot presents the overall influence of each feature on
terrace suitability, ranking them according to their average contribution
to model predictions. The beeswarm plot illustrates the distribution of
SHAP values across all grid cells, with each point representing the SHAP
value of a continuous covariate for an individual grid. It shows how high
and low values of continuous covariates influence terrace suitability,
driving predictions in either positive or negative direction.

The feature importance analysis identified land cover, obtained from
the CORINE (Table 1), as the most influential parameter for terrace
suitability, accounting for 23.9% of the total mean |SHAP| value.
Coniferous forests, which occupy a substantial portion of the Troodos
Mountains (53.9%), were found to exert a negative influence on terrace
suitability (Fig. 7). In contrast, vineyards, fruit and berry plantations,
and agricultural areas with significant natural vegetation collectively
represent 10.7% of the study area yet contain 58.2% of the terraced
land, thereby demonstrating a positive influence on terrace suitability
(Fig. 7). The areal distribution of all feature categories over the four
suitability classes are presented in Tables S1.1-S1.16 in the
Supplementary Material.

Slope was identified as the second most influential parameter, ac-
counting for 15.0% of the total mean |[SHAP| value. A negative linear
relationship between slope and suitability was observed (Fig. 8a).
Although terraces are generally recommended for slopes greater than or
equal to 15%, areas with slopes exceeding 50% exhibited negative SHAP
values, indicating unsuitability for terrace construction on very steep
terrain (Fig. 8a).

Tree cover density emerged as the third most influential feature,
contributing 14.9% to the total mean |[SHAP| value. Areas with lower
tree density were classified as more suitable for terrace construction.
Specifically, grids without any tree cover occupied 90% of the highly
suitable area. Nonetheless, in rare instances, a minor fraction of grid
cells with higher tree cover also contributed positively to the model
output (Fig. 8b). An intersection of these high tree density grids with
land cover revealed that they are predominantly associated with specific
land-cover categories i.e., Fruit trees and berry plantations; Complex
cultivation patterns; and agriculture land with significant natural
vegetation. As illustrated in Fig. 7, these land-cover categories exert a
strong positive influence on terrace suitability predictions. Since land
cover is the most influential predictor in the model, its strong positive
contribution of these categories (mean SHAP value is + 1.6) dominates
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Fig. 3. Spearman’s rank correlation (p) heatmap for continuous covariates identified for terrace suitability assessment.

Table 5

Fraction of examples in bins with low probability of being positive in total dataset, number of examples in three training sets (with 1,951,251 positive examples in each
set) and corresponding XGBoost performance (random-split) used to identify the most reliable negative set.

Probability bin 0-0.1 0.1-0.2 0.2-0.3 Performance

Share in total dataset (%) 88.3 3.0 1.6 Precision Recall F1 AUC

Set-1 45,579,651 - - 0.83 0.88 0.86 0.93

Set-2 44,137,365 1,442,286 - 0.74 0.83 0.78 0.87

Set-3 43,427,212 1,419,080 733,359 0.68 0.80 0.74 0.82
Table 6 Within these zones, only a limited fraction, ranging from 1% to 8% of a

able

Classification of study area and TP grid cells based on suitability classes.

Suitability classes k-means Total area Area under TP cells
threshold (ha) (ha)
Not suitable 0.001-0.112 129,136.58 22.77
Marginally 0.112-0.370 13,174.85 363.51
suitable
Moderately 0.370-0.696 7,566.97 1,250.33
suitable
Highly suitable 0.696-0.989 11,138.18 4,141.86

the general negative influence of high tree cover density (mean SHAP
value is —0.40), resulting in an overall net positive impact on suitability
for these minor fractions of grid cells.

The planning zones of Cyprus were identified as the fourth most
influential contributor, with a total contribution of 9.7% to the suit-
ability prediction. The majority of the study area (58.1%), including
28.4% of TP cells falls within protected zones designated for areas of
natural beauty, forests, landscapes, rivers and archaeological sites.

cadastral plot, is permitted for building construction, with a maximum
building height restriction of two floors. For instance, Zone ‘Z3' covers
44.6% of the total protected land in the study area, with building con-
struction permitted on only 1% of each cadastral plot and limited to a
single story. Agricultural and livestock zones cover 27.7% of the study
area, including 58.7% of TP cells. Notably, 63.3% of the highly suitable
land lies within agricultural and livestock zones, while 24.6% is located
within protected zones.

Demographically, communities with larger populations tend to be
associated with higher suitability for terrace agriculture. For instance,
Omodos community covers a total area of 13.85 km? and has 334 in-
habitants, with 48.8% of its area classified as highly suitable for terrace
agriculture. In contrast, Mylikouri, despite being one of the largest
communities in terms of area (85.2 km?), has only 11 inhabitants, with
95.3% of its land covered by coniferous forest and almost no land suit-
able for terrace agriculture. Additionally, areas of the Troodos Moun-
tains located within 2 km of the centre of a settlement account for the
majority of the highly suitable land (65.4%). Suitability declines sharply
with increasing settlement distance, and almost no land is classified as
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Fig. 7. SHAP dependence plot for land cover, highlighting the contribution of individual land cover class to model predictions.

suitable beyond 8 km. soil organic carbon values of 2-3%. Soil texture showed no measurable

Soil properties demonstrated a moderate contribution to the suit- influence on suitability, as 98.5% of the study area is occupied by me-
ability prediction, with soil pH and soil organic carbon contributing dium texture soil. The geological map showed more differentiation. The
5.5% and 5.3%, respectively, to the total mean |SHAP| value. The ma- majority of highly suitable areas for terrace agriculture are found in the

jority (82%) of the highly suitable areas have a pH of 7-8, and 92% have calcareous Pakhna (35.8%) and Lefkara (18.5%) formations, which

10
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Fig. 8. SHAP dependence plot for terrain slope (left) and tree cover density (right), highlighting the contribution of these covariates to the model predictions.

occupy 15.5% of the study area. This is followed by the ophiolite diabase
dykes (12.8%), and gabbro (9.2%) formations. Although diabase for-
mations dominate the Troodos Mountains, covering half (50.5%) of the
study area, most of this area is occupied by coniferous forest.

Topographically, 60% of the highly suitable areas are located at el-
evations of 500-700 m, which cover 43.6% of the study area. The cli-
matic parameters, which are strongly correlated with elevation and not
used in the suitability analysis, showed that 80% of the highly suitable
land was found in rainfall zones with an average annual rainfall of
500-700 mm and a mean annual temperature range of 15-18 °C. Aspect
and curvature have no significant influence on suitability, with highly
suitable areas almost equally distributed between convex (47.9%) and
concave (46.7%) surfaces, and slightly more located on southeast
(15.2%), south (14.5%), and east (14.1%) slopes compared to other
directions (10-13%). Additionally, areas with smaller upstream catch-
ment areas are identified as more suitable for terrace construction.

The exclusion of the CORINE land cover covariate resulted in minor
variations in the suitability predictions. For instance, the areas classified
as ‘not suitable’ and ‘highly suitable’ decreased by 3.0% and 2.1%,
respectively. Tree cover density emerged as the most influential
contributor to the suitability predictions (accounting for 17.5% of the
total mean |SHAP|), followed closely by slope (17.0% of the total mean |
SHAP|). The results of this second analysis are provided in
Supplementary Material 2. Tables S2.4 and S2.5 present a comparative
overview of the areal distribution of the study area, agricultural crop
plots of 2024, and CORINE land cover across suitability classes, with and
without the land use covariate. Figs. S2.2 and S2.3 present the results of
feature importance obtained by second analysis.

3.6. Recent land use dynamics: Abandonment vs expansion of mountain
terraced land

The comparison of agricultural crop plots between 2017 and 2024
revealed 12% (828.0 ha) terrace expansion and 29% (2,026.3 ha)
terrace abandonment, with respect to the total terraced area in 2017.
More than half of the abandoned terraces are located within highly and
moderately suitable zones. Furthermore, over one-quarter of the aban-
donment area corresponds to vineyards, of which 10.8% falls within the
highly suitable class (Table 7). Nevertheless, grapes still remain the
largest crop class, in terms of area, in 2024 (Table 3). Field and image-
based inspection of the 100 randomly selected agriculture plots that
were identified as expansion areas indicated that 18% of these plots
were recently (2017-2024) constructed by earthwork machinery,
generally reshaping previously abandoned terraced areas to improve
access and field operations. This evaluation also found that two out of
the 50 field-inspected plots were not terraced, although neighbouring
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Table 7
Crop type and suitability class fractions of mountain terrace land abandoned
between 2017 and 2024.

Crop class Not Marginally Moderately Highly
suitable suitable suitable suitable

Pasture (%) 0.5 0.8 0.7 1.0

Fallow (%) 2.2 3.3 3.2 5.7

Grapes (%) 4.3 5.6 5.5 10.8

Irrigated annual 0.4 0.6 0.7 0.8
(%)

Irrigated 4.8 5.5 4.6 4.9
perennial (%)

Not subsidized 2.8 1.2 0.6 0.8
(%)

Olive & Carob 2.8 3.1 2.8 3.4
(%)

Rainfed annual 0.6 1.2 1.4 4.7
(%)

Rainfed perennial 2.9 2.2 1.6 2.1
(%)

Total (%) 21.3 23.5 21.1 34.3

Total abandoned 2,026.3
area (ha)

plots were, indicating minor uncertainties in the dataset.
4. Discussion

This study demonstrates the potential of PU-learning for LSA,
addressing the common challenges of limited positive samples or
contaminated negative samples. Although PU learning is a robust
approach for addressing the lack of known negative data, it poses
challenges for model evaluation. The absence of negative instances
limits the applicability of standard predictive performance metrics,
which require true class labels for all instances. Saunders and Freitas
(2022), in their review of 51 PU-learning studies, noted a widespread
lack of separate reporting of Precision and Recall, emphasizing the need
to present both independently. The current study utilized PU-learning
metrics modified under the SCAR (Tabatabaei et al., 2021) to calcu-
late Precision and Recall. In this study, the developed PU classifier
achieved a Recall of 84.6%, Precision of 81.5% and F1 score of 83%,
underscoring its strong predictive performance. These performance
metrics are higher than those reported in recent PU-learning applica-
tions for GIS mapping. For instance, (Zhang et al., 2024) evaluated
different ML models with and without PU-learning for landslide sus-
ceptibility assessment and reported that the best-performing model (an
RF classifier combined with the Elkan and Noto PU-learning frame-
work), validated under the SCAR assumption, achieved an average
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Recall of 56.7%. Similarly, Wang et al. (2024) reported a Precision of
57.07% for the developed PU classifier used for winter wheat mapping.

The LSA demonstrated that land cover, tree density and regulatory
constraints in mountain environments play a decisive role in deter-
mining terrace suitability. These constraints are intended to safeguard
forest and mature trees from anthropogenic disturbances. According to
the FAO (2015), forest land in Cyprus is defined as areas exceeding 0.5
ha with trees taller than 5 m and a canopy cover greater than 10%,
excluding land predominantly used for agricultural or urban purposes.
Protection criteria also follow ecological metrics, considering species-
specific growth patterns rather than fixed dimensions. For instance, a
pine may require > 100 cm trunk diameter (at breast height) for pro-
tection, while a golden oak or juniper may qualify at > 50 cm
(Department of Forests, Ministry of Agriculture, Natural Resources and
Environment, 2012) . Exceptions occur in harsh environments where old
trees have limited size. A recent study by Zenonos et al. (2025) found a
strong correlation between tree cover density and tree counts for three
regions of Cyprus, with a correlation coefficient of 0.93 for Troodos
Park, which overlaps the area of the current study. Although, the results
of the current study aligned with these regulatory restrictions by iden-
tifying coniferous forests as not suitable, and areas with no tree covers as
highly suitable, some anomalies persisted. For instance, 5.4% of the TP
cells falls within coniferous forests. This is likely linked to the limitations
of CORINE land cover map used in this study. This dataset, developed by
European Environment Agency through computer-assisted photointer-
pretation of high-resolution imagery, applies a minimum mapping unit
of 25 ha and a minimum feature width of 100 m (Aune-Lundberg and
Strand, 2021). This generalization can mask small-scale heterogeneity,
causing terrace patches to be aggregated into surrounding classes, with
orchards or fragmented land class often misclassified as forest or scle-
rophyllous areas (Aune-Lundberg and Strand, 2021) . Although the
CLCplus Backbone dataset provides higher spatial resolution (10 m) and
a smaller minimum mapping unit (0.5 ha) (European Environment
Agency, 2022), it does not distinguish between agricultural trees (or-
chards) and forest trees. Similar classification challenges in moun-
tainous regions have been reported by Li et al. (2025), who emphasized
that rugged terrain, complex illumination, and highly interwoven land
cover types increase the likelihood of confusion between forests, grass-
lands, and terraces. Considering these challenges, future applications of
the presented ML framework could benefit from incorporating
high-resolution canopy datasets capable of differentiating horticultural
from natural forest trees and distinguishing mature forest trees that
should be protected from new terrace developments.

Feature importance analysis identified slope (15.0% of total mean |
SHAP|) as the second most influential factor and elevation (3.4% of total
mean |SHAP|) as a moderate contributor to terrace suitability. These
findings align with those of Li et al. (2025), where a 10-m global terrace
distribution map was developed using Sentinel-2 imagery and topo-
graphic features derived from a 30-m DEM. Their study employed
advanced deep learning methods in combination with cloud computing
platforms for extraction of terrace pixels from images. They performed
feature importance analysis using a RF classifier and identified slope as
critical contributor (37.4%) and elevation as moderate contributor
(9.4%) for terrace mapping. The SHAP analysis of the current study also
emphasizes the need to consider maximum slope thresholds for terrace
suitability. Specifically, areas with slopes exceeding 50% (43.0% of
study area) were identified as unsuitable for terracing in this region. For
instance, on the southern slopes of the Troodos Mountains, presence of
ridges and valleys create steep terrain, causing several abandoned ter-
races to be classified as unsuitable due to slope gradients exceeding 50%,
even when surrounded by highly suitable land and TP cells. Comparable
thresholds for slope limitations have been reported in previous studies.
For instance, Mesfin (2016) identified a maximum slope threshold of
60% for the construction of bench terraces on deep and stable soils,
while recommending a reduced limit of 30% for unstable soils in
Ethiopia. Similarly, Sabir (2021) documented slope ranges of 40-60%
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for terraced terrain in the Atlas of Morocco. FAO (1988) also suggested a
maximum threshold of 47% for the construction of bench terraces.
Together, these findings highlight that the slope threshold identified for
the Troodos Mountains aligns closely with these reported ranges.

Numerous studies have reported a positive association between
terrace presence and high population density (e.g., Brown et al., 2025;
Leceta et al., 2024). A similar relationship was also observed in the
Troodos Mountains. Although, almost half of the in the study area have
less than 100 inhabitants, communities with a population of more than
100 inhabitants occupied 75% of highly suitable areas. The absence of
dense population in mountain regions reduces the socio-economic in-
centives for terrace construction and maintenance, contrasting with
regions in Asia (Chen et al., 2022). Additionally, previous studies on
terrace systems relative to their distance from settlement areas indicated
that abandonment rates and degradation tend to increase with increase
in distance from settlements, largely due to higher maintenance costs,
reduced accessibility, and less frequent cultivation (Kizos et al., 2009;
Long et al., 2024). Consistent with these studies, finding of the current
research shows that areas located close to the settlements are highly
suitable. Suitability declines sharply with increasing distance from these
settlement areas. These findings indicate that terraces in the Troodos
Mountains are predominantly maintained by a small number of moun-
tain families residing in nearby villages, reflecting a pattern consistent
with global trends of mountain agriculture (Zoumides et al., 2022;
Wymann von Dach et al., 2014).

5. Conclusion

Terraced agriculture in Mediterranean mountains provides vital
ecosystem services but is increasingly threatened by climate change and
socio-economic pressures. To advance sustainable terrace agriculture in
Mediterranean mountain environments, this study presents an inte-
grated predictive modelling framework combining GIS with data-driven
ML technique for terrace suitability assessment. Unlike traditional su-
pervised approaches that require fully labelled datasets, the proposed
PU-learning framework identified suitable areas for terrace agriculture
using only positive and unlabelled data. The challenges associated with
the validation of PU-learning classifiers were addressed using the SCAR
assumption and PU-modified metrics. The proposed framework was
applied to develop a terrace suitability map for the Troodos Mountains
in Cyprus, achieving a Precision of 81.5% and Recall of 84.6%. These
scores are higher than those of recently published PU-learning mapping
applications, although direct comparison is limited by differences in
study area, data structure, class definition and validation protocol. The
developed land suitability map classified 7% of the total study area as
highly suitable for terracing, of which 2.6% is under existing terrace
cultivation, leaving a substantial area for possible expansion. This
research demonstrates that the proposed framework can effectively
model terrace suitability, identify opportunities for terrace expansion,
and provide a replicable methodology for mountain landscapes.

Feature importance analysis identified land cover as the most influ-
ential predictor of terrace suitability and tree cover density as the third.
Slope emerged as the second most important predictor with an upper
threshold of 50%, closely aligning with limits reported for terraces in the
literature. Planning zones, population density, settlement proximity, soil
properties and geological formations demonstrated a moderate influ-
ence on terrace suitability. The comparative analysis of the terraced
agriculture area in 2017 and 2024 revealed 29% abandonment and 12%
revitalisation. The observed abandonment aligns with previously re-
ported patterns driven by socioeconomic shifts and labour constraints,
while the revitalisation, which was partially driven by mechanised
construction, reflects the renewed interest in mountain agriculture.
These contrasting trends highlight the need for informed planning and
guidelines to support mountain agriculture.

To strengthen the methodological basis of data-driven land suit-
ability assessment, future studies could investigate different PU-learning
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algorithms, as well as hybrid approaches that combine supervised
classification with PU-learning (for example, RF and SVM models
wrapped within the Elkan and Noto framework) and compare their
performance for different types of datasets. Efforts could also focus on
developing and integrating reliable land-use and soil datasets to better
understand their influence on terrace suitability. The use of high-
resolution Unmanned Aerial Vehicle based surveys could further
enhance the identification of terraces, while reducing uncertainties.
Additionally, terrace suitability mapping could be combined with
ecosystem service assessments, such as soil conservation, carbon storage
and biodiversity habitats, to support more holistic and sustainable land
management decisions.
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