
Academic Editor: Tao Long

Received: 17 December 2025

Revised: 14 January 2026

Accepted: 24 January 2026

Published: 30 January 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Agro-Environmental Vulnerability and Ecosystem Sustainability
in Peruvian Family Farming: Integrating Survey Data, Spatial
Modeling and Remote Sensing
Samuel Pizarro 1,2,* , Dennis Ccopi 3 , Jose Otoya-Barrenechea 1 , Juan Romero-Vasquez 1 ,
María Tolentino-Soriano 1 , Alexander Cotrina-Sanchez 2,4,* and Elgar Barboza 2

1 Proyecto Mejoramiento del Sistema de Información Estadística Agraria y del Servicio de Información Agraria
para el Desarrollo Rural del Perú (PIADER), Unidad Ejecutora de Gestión de Proyectos Sectoriales (UEGPS),
Ministerio de Desarrollo Agrario y Riego del Perú, Lima 15047, Peru; 20210150@lamolina.edu.pe (J.O.-B.);
coordinador.piader@uegps.gob.pe (J.R.-V.); componente2.piader@uegps.gob.pe (M.T.-S.)

2 Grupo de Investigación en Tecnologías Geoespaciales para la Agricultura de Precisión (GEOAP), Instituto de
Investigación para el Desarrollo Sustentable de Ceja de Selva (INDES-CES), Universidad Nacional Toribio
Rodríguez de Mendoza de Amazonas, Chachapoyas 01001, Amazonas, Peru; elgar.barboza@untrm.edu.pe

3 Estación Experimental Agraria Santa Ana, Dirección De Servicios Estratégicos Agrarios, Instituto Nacional de
Innovación Agraria (INIA), Carretera Saños Grande—Hualahoyo Km 8, Santa Ana, Huancayo 12006, Junín,
Peru; dennisccopit@gmail.com

4 Faculty of Agricultural, Environmental and Food Sciences, Free University of Bozen/Bolzano,
Piazza Università/Universitätsplatz, 39100 Bolzano, Italy

* Correspondence: samuel.pizarro@untrm.edu.pe (S.P.); alexander.cotrina@untrm.edu.pe (A.C.-S.)

Abstract

Subsistence family farming in Peru is increasingly constrained by ecosystem degrada-
tion, climate variability, and limited access to productive services, particularly where
environmental exposure is high. This study develops an Agro-productive and Territorial
Vulnerability Index (IVAPT) to evaluate environmental, ecosystem, and socioeconomic
vulnerability of subsistence agriculture at the district level nationwide. The index in-
tegrates district-level agricultural survey data (ENA-2024) with multi-temporal MODIS
NDVI series (2000–2024) and comprehensive climatic, topographic, land-cover, and acces-
sibility indicators, processed through multivariate statistics. Three objective weighting
schemes (ENTROPY, CRITIC, PCA) construct thematic sub-indices of Environmental Expo-
sure (EnvExp), Ecosystem Condition (EcoCond), and Socioeconomic Capacity (SocioCap).
Results show more than half of Peru’s 1552 districts fall within moderate to very high
vulnerability, with highest concentration in the Amazon region (Loreto, Ucayali, Madre de
Dios), Andean-Amazonian transitions, and highland districts (Huancavelica, Apurímac,
Ayacucho, Puno) where biophysical constraints, ecosystem pressure, and socioeconomic iso-
lation converge. Dimensional spatial complementarity EnvExp peaking on coast, EcoCond
in Amazon, SocioCap in Andes demonstrates effective vulnerability reduction requires
dimension-specific interventions. Despite divergent weighting schemes, spatial patterns
remained consistent, validating identified hotspots. IVAPT provides a reproducible frame-
work supporting evidence-based territorial planning and targeted investments in water
infrastructure, ecosystem restoration, and climate adaptation.

Keywords: agro-environmental vulnerability; spatial modeling; vulnerability index;
agricultural survey; smallholder livelihoods
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1. Introduction
Agriculture is a fundamental component of economic development and is closely

linked to several Sustainable Development Goals (SDGs), including Goals 2, 6, 8, 10, 12,
13, and 15, which emphasize the need to evaluate its sustainability [1]. It also remains
a key pillar of the global economy and plays an important role in food security and in
supporting rural livelihoods [2]. For most rural households, agricultural activity represents
not only a source of income but also a central element of subsistence, social cohesion, and
cultural identity [3]. However, climate change is one of the main challenges facing the
agricultural sector because it alters temperature and weather conditions and increases the
vulnerability of small farmers and communities that depend on agricultural production [4].
This situation is further affected by the projected growth of the global population, which is
expected to reach nearly 10 billion people by 2050 and will require a 50 percent increase in
food production compared to 2013 levels, reinforcing the need to strengthen the resilience
and sustainability of agricultural systems [2]. In this context, there is increasing agreement
on the urgent need to transform agricultural systems toward more sustainable and resilient
production models that can reduce their vulnerability to climate variability and respond
effectively to the environmental, social, and production challenges of the future [5].

Agro-environmental vulnerability represents the degree to which productive systems
and the ecosystems that support them are affected by climatic variations, considering
their exposure, sensitivity, and adaptive capacity [6]. This approach recognizes the close
interdependence between the social, economic, and ecological components of a territory,
highlighting that environmental degradation and the loss of soil resilience increase the
susceptibility of agricultural systems [7]. In recent years, the intensification of natural
disasters has significantly affected agriculture, a sector that is particularly vulnerable
to environmental variability [8]. In this context, developing regions could experience
reductions of between 9 and 21 percent in agricultural productivity [6], while low- and
lower-middle-income countries are already facing losses of around 15 percent of their total
production [8]. These trends emphasize the need to strengthen adaptation strategies based
on the sustainability of agroecosystems.

Agriculture plays a fundamental role in rural economies, as it forms the basis of food
security, employment, and economic development in most developing countries. Its high
dependence on weather conditions makes it one of the most vulnerable sectors to climate
variability and extreme events [9]. Small-scale farms, which represent the majority of
holdings worldwide and operate a limited portion of cultivated land, are essential for the
sustainability of food systems, particularly in rural areas where they contribute significantly
to food security and community livelihoods [10]. However, climatic phenomena such as
droughts, heat waves, and floods are already affecting food production, and it is estimated
that climate change could reduce the yields of staple crops by up to 30 percent due to
lower productivity and crop losses [11]. At the global level, both developing and emerging
economies remain highly dependent on agriculture, which continues to be the main source
of employment and a key driver of economic growth [12,13]. Furthermore, the use and
scale of agricultural land reflect the ongoing transformation of rural territories, influencing
production efficiency, environmental resilience, and livelihoods, and highlighting the need
for balanced soil management aimed at sustainability [14].

In this context, family farming plays a strategic role within agri-food systems, as it
directly contributes to food security and poverty reduction. Its multidimensional approach
helps strengthen the resilience of production systems and improve rural livelihoods, which
led the United Nations to declare the Decade of Family Farming (2019–2028) to highlight
its key role in the sustainable transformation of the agricultural sector [15,16]. In Peru,
agriculture also plays a strategic role as one of the main drivers of rural development. It
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is characterized by a marked productive heterogeneity, combining modernized systems
with small-scale units that are highly dependent on natural resources [17,18]. Family farm-
ing, which represents more than 95 percent of the country’s agricultural units, integrates
production and family life into a single system with strong social, economic, cultural, and
environmental links. It concentrates on the majority of agricultural employment and forms
the core of the national food system. It is also supported by peasant and native communities
that manage their lands and adapt to changing environmental conditions, reaffirming their
role as a pillar of economic, social, and environmental sustainability in rural areas [19–21].

Subsistence family farming in Peru forms the foundation of livelihood for millions
of people, especially in the Andean highlands and Amazonian regions. According to the
National Agricultural Survey [22], more than 50 percent of Agricultural Production Units
(UPAs) operate on less than 3 hectares and generate incomes below the poverty threshold.
These units are characterized by limited access to services, low levels of mechanization, re-
stricted production diversification, and a high dependence on climatic factors. Despite their
importance for national food security, they show high vulnerability to climatic variations
and environmental pressures, which is expressed in three main dimensions: environmental,
due to soil degradation, loss of agrobiodiversity, and water scarcity; economic, due to
low profitability and limited access to resources, infrastructure, and markets; and social,
due to land fragmentation, lack of technical assistance, and low adaptive capacity among
small producers [23,24]. On the other hand, its complex geography, exposure to hazards
such as droughts, frosts, floods, and landslides, and the strong dependence on subsistence
family farming factors that limit its adaptive capacity and increase both environmental and
socioeconomic risks [25].

Although there have been institutional advances such as the National Map of Agri-
cultural Surface [26] and georeferenced databases from National Institute of Statistics and
Informatics (INEI) and National Geographic Institute (IGN), information on these vulnera-
bilities remains fragmented, limiting the development of effective public policies. Despite
the increasing availability of agricultural surveys, satellite imagery, and geospatial databases,
there remains a clear lack of integrated spatial–statistical frameworks at the district level that
systematically combine socioeconomic, environmental, and ecosystem information into a
single, operational vulnerability metric. This fragmentation restricts comparability across
territories and constrains the effective targeting of territorial planning, climate adaptation,
and ecosystem restoration policies. Among these efforts, several studies [27,28] highlight the
usefulness of multivariate approaches and synthetic indices for mapping critical territories.
Among these, the Normalized Difference Vegetation Index (NDVI) has proven to be an ef-
fective tool for evaluating vegetation productivity and detecting long-term environmental
degradation [29,30]. Nevertheless, Peru still lacks an integrated Agro-Productive and Territo-
rial Vulnerability Index (IVAPT) that combines census-based, satellite-derived, and spatial
information within a unified analytical framework.

In this context, the present research aims to characterize and map the structural,
environmental, and territorial vulnerability of subsistence family farming in Peru by
integrating productive, socioeconomic, biophysical, and geospatial data through spatial
analysis techniques and remote sensing tools. Specifically, the study seeks to classify
subsistence UPAs based on variables such as agricultural income, cultivated area, degree
of production diversification, and access to basic services, using data from the National
Agricultural Surveys (ENA) conducted by the National Institute of Agricultural Innovation
(INIA). It also analyzes the temporal evolution of the NDVI (2000–2024) as a proxy indicator
of vegetation productivity to assess degradation or improvement trends in agricultural
areas. Furthermore, it designs and calculates a composite multivariate vulnerability index
that integrates structural, environmental, and territorial dimensions at the district level,
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incorporating complementary geographic variables such as road network density, distance
to water bodies, lake density, topographic diversity, and agricultural surface per district.
The identification of critical areas and differentiated vulnerability patterns is based on
the spatial distribution and classification of the composite index and its thematic sub-
indices. Although the analysis is focused on Peru, the proposed methodological framework
is inherently scalable and transferable to other countries and regions with similar data
structures. By relying on widely available agricultural surveys, open-access remote sensing
products, and standard geospatial indicators, the IVAPT can be adapted to other Andean,
tropical, or developing regions by adjusting indicator selection and administrative units
while preserving its core analytical structure.

This research represents a opportunity to advance territorial understanding of sub-
sistence family farming in Peru by leveraging the analytical potential of the ENA and
complementary geospatial datasets. By integration of productive, socioeconomic, and
spatial information within a coherent, district-level framework, the study contributes to
overcoming the traditionally fragmented approaches used to assess agro-environmental
vulnerability and provides a robust basis for evidence-based territorial planning and sus-
tainable rural development.

2. Materials and Methods
2.1. Study Area

The present study was conducted on a representative sample of the national territory,
considering that Peru is divided into 25 departments and 1891 districts distributed across
three main geographical regions: the coast, the Andean highlands, and the Amazon rainfor-
est (Figure 1). The coastal region is characterized by an arid and temperate climate, with a
high concentration of intensive agricultural production supported by technified irrigation
systems. The Andean highlands exhibit a temperate-to-cold and seasonal climate, where
subsistence family farming predominates on slopes and inter-Andean valleys. Meanwhile,
the Amazon region features a humid tropical climate, in which agricultural activity coexists
with agroforestry systems and high biodiversity conditions. In this context, the analysis was
based on information collected from 1552 districts, corresponding to those with valid and
comparable data from the National Agricultural Survey (ENA-2024), while the remaining
districts were excluded due to the absence of relevant agricultural activity, predominantly
urban characteristics, or lack of consistent records [23,31].

At the national level, agricultural activity in Peru is distributed heterogeneously, re-
flecting the country’s ecological, cultural, and productive diversity. However, there are
regions where family farming plays a particularly significant role and constitutes the foun-
dation of rural livelihoods. Departments such as Cajamarca, Junín, Puno, Cusco, Ayacucho,
Huánuco, La Libertad, Piura, and San Martín stand out for their high concentration of
agricultural units, extensive cultivated areas, and strong contribution to national food secu-
rity. These regions combine favorable biophysical conditions, well-established agricultural
traditions, and a high dependence on local natural resources, making them representative
of the country’s agrarian dynamics. In most of these territories, family farming maintains
a leading role in food production, rural employment generation, and the conservation of
agroecological landscapes, positioning itself as an essential component for understanding
the structure and vulnerability of the Peruvian agricultural system [19,32,33].
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Figure 1. Location of the study area with districts, counties, and natural regions.

2.2. National Agricultural Survey

The main source of information was the 2024 ENA [34], conducted jointly by the Ministry
of Agricultural Development and Irrigation (MIDAGRI) and INEI. The ENA is a nationwide
sample survey designed to ensure statistical representativeness at the national and depart-
mental levels, and in some cases at the provincial level, but it is not an agricultural census and
does not ensure comprehensive coverage of all districts in the country.

In this research, the ENA-2024 data were used as the input for analyzing and char-
acterizing the vulnerability of subsistence family farming in Peru at the district level,
considering only those districts that had valid, consistent, and comparable information
for the socioeconomic modules included in the analysis. In this context, the ENA exclude
districts that: (i) are located in desert areas without significant agricultural activity; (ii) are
predominantly urban (100% urban area); (iii) correspond to Amazonian districts without
agricultural records; (iv) have a small agricultural area that does not meet the minimum
statistical thresholds required for a robust estimation of indicators; or (v) have an extremely
low rural population.

2.3. Remote and Special Information

To complement the socioeconomic information from ENA-2024, a set of environ-
mental and territorial variables was derived from remote sensing and geospatial datasets
processed through digital platforms. The analysis used Moderate Resolution Imaging
Spectroradiometer (MODIS, ID: MOD13Q1) images accessed through [35] accessed via
Google Earth Engine (GEE) [36] to generate long-term NDVI time series (2000–2024) with
a resolution of 250 m and 16-day temporal resolution. Topographic parameters such as
mean altitude and slope were obtained from the Shuttle Radar Topography Mission (SRTM,
NASA/USGS) at 30 m spatial resolution. Additional spatial data were integrated from the
National Water Authority (ANA) and the IGN to calculate the distance to surface water
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bodies and road density, while land cover diversity was estimated using the MapBiomas
Peru dataset. Territorial accessibility was derived from the Global Accessibility Map [37],
and rural population density was obtained from the 2017 National Census the INEI.

To ensure consistency with the socioeconomic information from ENA-2024, all spatial
indicators were harmonized to the 2024 reference year by using the most recent versions
available of each dataset or, in the case of time-series variables, by summarizing long-
term trends representative of current conditions. All spatial layers were subsequently
aggregated and standardized at the district level, enabling direct comparability with the
ENA-based indicators and ensuring a coherent integration of socioeconomic, environmen-
tal, and territorial information within the vulnerability assessment framework [38–40]. The
detailed method of calculating all variables mentioned in Sections 2.2 and 2.3 is provided
in Appendix A, Table A1.

2.4. Variables and Indicators by Analytical Dimension

Indicator selection followed a conceptual and empirical framework of agro-environmental
vulnerability integrating environmental exposure, ecosystem condition, and socioeconomic
adaptive capacity. Indicators were compiled from agricultural surveys, remote sensing prod-
ucts, climatic datasets, and national geospatial databases to capture vulnerability at the district
scale. Selection criteria included theoretical relevance, empirical interpretability, national-scale
data availability, and compatibility with multivariate analysis, consistent with previous multi-
dimensional vulnerability assessments [5,41–43]. Prior to correlation analysis and aggregation,
all indicators were harmonized to ensure consistent directionality with respect to vulnerability.
Cost-type indicators are those for which higher values indicate higher vulnerability (e.g.,
climatic variability, drought frequency, topographic constraints, distance to water bodies),
whereas benefit-type indicators are those for which higher values indicate lower vulnerability
(e.g., income, infrastructure, irrigation, diversification, and technical assistance). Benefit-type
indicators were reverse-scaled after min–max normalization, so that higher values uniformly
represented higher vulnerability (Tables 1–3).

Table 1 summarizes the Environmental Exposure (EnvExp) dimension, including
climatic variability, topographic stress, hydro-climatic proximity, and drought stress; in
the latter, minimum, variability, and frequency-based PDSI metrics represent increased
exposure, while higher mean and maximum PDSI values indicate wetter conditions and
reduced exposure.

Table 1. Environmental exposure.

Subgroup Variables Meaning/Interpretation Directionality
(Vulnerability)

Climatic variability

PrecMn Mean annual precipitation Benefit (−)

PrecMe Median annual precipitation Benefit (−)

PrecMx Maximum annual precipitation Benefit (−)

PrecSD Interannual precipitation variability Cost (+)

Topographic stress

ElevMn Mean elevation Cost (+)

ElevMe Median elevation Cost (+)

ElevMx Maximum elevation Cost (+)

ElevSD Elevation variability Cost (+)

SlpMn Mean slope Cost (+)

SlpMe Median slope Cost (+)

SlpMx Maximum slope Cost (+)

SlpSD Slope variability Cost (+)
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Table 1. Cont.

Subgroup Variables Meaning/Interpretation Directionality
(Vulnerability)

Hydro-climatic proximity

DstCPm Mean distance to permanent water bodies Cost (+)

DstCSD SD of distance to permanent water bodies Cost (+)

DstRMe Mean distance to rivers Cost (+)

DstRSD SD of distance to rivers Cost (+)

DstLMe Mean distance to lakes Cost (+)

DstLSD SD of distance to lakes Cost (+)

HPIMe Mean Hydrological Proximity Index Benefit (−)

HPISD Variability of Hydrological Proximity Index Cost (+)

Drought stress (PDSI)

PDSIMe Mean Palmer Drought Severity Index Benefit (−)

PDSISD Variability of PDSI Cost (+)

PDSIMn Minimum PDSI Cost (+)

PDSIMe2 Mean PDSI (2000–2010) Benefit (−)

PDSIMx Maximum PDSI Benefit (−)

PDSISD2 SD of PDSI (2000–2010) Cost (+)

PDSIMn2 Minimum PDSI (2000–2010) Cost (+)

DrtFrq Frequency of drought events Cost (+)

DrtSD Variability of drought frequency Cost (+)
Note: For PDSI-based indicators, higher values represent wetter conditions and lower drought stress; therefore,
mean and maximum PDSI metrics were treated as benefit-type indicators, while minimum values and variability
metrics were treated as cost-type indicators.

Table 2 presents the variables defining the Ecosystem Condition and Land Dynamics
dimension, which characterizes the ecological status, vegetation stability, and landscape
configuration across districts. Land-use intensity is represented by the total agricultural
area (AgrAr), treated as a cost-type indicator reflecting pressure from land conversion
and increased exposure to land-use stress. NDVI trend classes and balance indices cap-
ture the relative dominance of vegetation improvement, stability, or degradation based
on long-term NDVI trajectories; higher proportions of improvement and stability are
considered benefit-type indicators, whereas higher proportions of degradation indicate
declining ecosystem condition and increased vulnerability (Appendix A, Table A2). The
diversity of vegetation response (ShNDVI), measured using the Shannon index of NDVI
change, reflects the heterogeneity of vegetation dynamics and is treated as a benefit-
type indicator, as greater functional diversity is associated with enhanced ecosystem
resilience. Land-cover heterogeneity (ShMBio and EvMBio), derived from MapBiomas
land-cover classes, represents landscape diversity and evenness and is likewise treated
as benefit-type indicators reflecting ecological complexity. Finally, accessibility and con-
nectivity are described using travel time and road density metrics, where longer travel
times constitute cost-type indicators and greater road availability represents benefit-type
indicators associated with improved connectivity and reduced territorial isolation. To-
gether, these indicators describe ecosystem condition and land dynamics that influence
environmental resilience and land-use sustainability.
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Table 2. Ecosystem condition and land dynamics.

Subgroup Variables Meaning/Interpretation Directionality
(Vulnerability)

Land-use intensity AgrAr Total agricultural area per district Cost (+)

NDVI trend classes

ImpSg Significant vegetation improvement Benefit (−)

ImpSl Slight vegetation improvement Benefit (−)

Stabl Stable vegetation trend Benefit (−)

DegSl Slight vegetation degradation Cost (+)

DegSg Significant vegetation degradation Cost (+)

NDVI balance indices

PImp Proportion of improvement Benefit (−)

PSta Proportion of stability Benefit (−)

PDeg Proportion of degradation Cost (+)

NBI NDVI Balance Index Benefit (−)

Diversity of vegetation response ShNDVI Shannon index of NDVI change Benefit (−)

Land-cover heterogeneity
ShMBio Shannon diversity of MapBiomas land-cover classes Benefit (−)

EvMBio Evenness of MapBiomas land-cover classes Benefit (−)

Accessibility/connectivity

TMean Mean travel time to urban centers Cost (+)

TMax Maximum travel time Cost (+)

RdDep Length of departmental roads Benefit (−)

RdNat Length of national roads Benefit (−)

RdMin Length of minor/local roads Benefit (−)

RdTot Total road length Benefit (−)

Table 3 presents the variables defining the Socioeconomic and Adaptive Capacity
(Socio-Cap) dimension, which captures how productive structure, land tenure, modern-
ization, and institutional support shape the vulnerability and resilience of agricultural
systems. The income and productive structure subgroup includes indicators of average
income, agricultural and livestock diversification, and productive area, all treated as
benefit-type indicators reflecting the economic base and buffering capacity of farm-
ing units. Land tenure and management describe the distribution of tenure regimes,
where higher shares of owned land are treated as benefit-type indicators associated with
investment stability, whereas rented, informal, communal, or other tenure types are
treated as cost-type indicators reflecting tenure insecurity and constraints on long-term
land management. The adoption of good agricultural and livestock practices (BPA)
captures the uptake of sustainable and efficient production practices and is treated as
a benefit-type indicator. Access and modernization integrate indicators of equipment
availability, mechanization, irrigation, association membership, and credit, reflecting
technological, organizational, and financial capacity; credit request rates are treated as
cost-type indicators reflecting financial stress, whereas credit approval rates are treated
as benefit-type indicators reflecting effective access to finance. Finally, institutional
and technical support is represented by participation in training and access to technical
assistance, both treated as benefit-type indicators that enhance adaptive capacity and
facilitate the implementation of good practices. Together, these variables characterize
the socioeconomic conditions that modulate district-level vulnerability and resilience.
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Table 3. Socioeconomic Capacity and adaptive capacity.

Subgroup Variables Meaning/Interpretation Directionality
(Vulnerability)

Income & productive structure

IncUA Average income per UPA Benefit (−)

DivAg Agricultural diversification index Benefit (−)

DivPe Livestock diversification index Benefit (−)

SupUA Average productive area per UPA Benefit (−)

Tenure & land management

TenArr Proportion of rented land Cost (+)

TenOwn Proportion of owned land Benefit (−)

TenCom Proportion of communal land Cost (+)

TenPos Proportion of possessed (informal) land Cost (+)

TenOth Other tenure types Cost (+)

Good agricultural & livestock practices
BPAAg Adoption of good agricultural practices Benefit (−)

BPAPe Adoption of good livestock practices Benefit (−)

Access & modernization

Equip Availability of agricultural equipment Benefit (−)

Machn Level of mechanization Benefit (−)

Irrig Access to irrigation Benefit (−)

Assoc Participation in producer associations Benefit (−)

CredRq Proportion of producers requesting credit Cost (+)

CredOk Proportion of approved credit requests Benefit (−)

Institutional & technical support
Train Participation in agricultural training Benefit (−)

TechAs Access to technical assistance Benefit (−)

2.5. Composite Vulnerability Indices

The composite vulnerability indices were conceived to represent structural agro-
environmental vulnerability rather than short-term variability; therefore, socioeconomic
indicators from ENA-2024 were treated as temporally quasi-static, while environmental
and ecosystem indicators were summarized using long-term statistics and trends derived
from multi-annual time series.

In this study three indicator weighting methods were employed, specifically EN-
TROPY, CRITIC and PCA. All three methods require a prior normalization step to ensure
comparability among variables. This transformation brings all indicators to a common scale
between zero and one. In the ENTROPY and CRITIC methods normalization is applied
before computing proportions or sub-indices. In PCA it is used to homogenize variables
when a common range is needed before multivariate analysis. The purpose of this step is
to eliminate differences due to measurement units and to allow the direct integration of
heterogeneous indicators [44,45].

2.5.1. Normalization of Indicators (Min.–Max.)

At the same time to correlation analysis, multicollinearity assessment (using variance
inflation factor, VIF < 10), and aggregation, all indicators were harmonized to ensure
consistent directionality with respect to vulnerability. Cost-type indicators (higher values
indicate higher vulnerability) were normalized directly, whereas benefit-type indicators
(higher values indicate lower vulnerability, e.g., income, irrigation, and technical assistance)
were reverse-scaled after min–max normalization using x′ = 1 − x, such that higher
values uniformly represented higher vulnerability. Indicator directionality is explicitly
reported in Tables 1–3. Min–max normalization was applied in all weighting approaches to
rescale indicators to a common [0, 1] range. In the Entropy and CRITIC methods, min–max
normalization preceded the computation of proportions and sub-indices. For the PCA
approach, Z-standardization (Equation (2)) was applied instead to homogenize variables

https://doi.org/10.3390/su18031407



Sustainability 2026, 18, 1407 10 of 31

prior to multivariate analysis, as PCA requires centered and scaled data. Both procedures
remove the influence of measurement units and enable the integration of heterogeneous
indicators [46,47].

Min–Max normalization is expressed in Equation (1)

x′ ij =
xij − min

(
xj
)

max
(

xj
)
− min

(
xj
) (1)

where xij represents the original value of indicator j in district i, max
(

xj
)
− min

(
xj
)

represent the maximum and minimum values of indicator j across all districts, and x′ ij
denotes the normalized value scaled between 0 and 1.

Equation (2) applies Z-standardization, which centers each indicator on its mean and
scales it by its standard deviation to ensure comparability among variables:

z′ ij =
xj − −

xj

sj
(2)

where
−
xj is the mean and sj the standard deviation of indicator j.

Subsequently, sub-indices for each dimension are normalized to a 0–1 range using
Equation (3):

SI′gi =
SIgi − min

(
SIgi

)
max

(
SIgi

)
− min

(
SIgi

) (3)

Finally, the Agro-productive and Territorial Vulnerability Index is computed as a
weighted sum of the normalized sub-indices of Environmental Exposure, Ecosystem Con-
dition, and Socioeconomic Capacity, as shown in Equation (4):

V Indexi = WEnvExp × EnvExpsi + WEcoCond × EcoCondsi + WSocioCap × SocioCapsi (4)

In Equation (2), xij represents the original value of indicator j in district i,
−
xj denotes the

mean value of that indicator, and sj corresponds to its standard deviation across all districts.
In Equation (3), SIgi is the raw sub-index for dimension g in district i, while min

(
SIgi

)
and

max
(
SIgi

)
define the range used for normalization. In Equation (4), EnvExpsi, EcoCondsi

and SocioCapsi are the three thematic sub-indices, and WEnvExp, WEcoCond and WSocioCap are
their respective weights, which determine their contribution to the final vulnerability index.

2.5.2. Entropy Method for Evaluating Indicator Importance

The entropy method is an objective weighting technique that evaluates how much
useful information each indicator contributes based on its variability across observations.
Indicators that show greater differences among districts receive higher weights because
they provide more discriminatory information, while indicators with little variation receive
lower weights. This approach avoids subjective judgment and assigns weights strictly
according to the amount of information contained in the data [48,49].

The entropy method assigns weights to indicators based on the amount of information
each one contributes to the dataset. In Equation (5) the relative proportion p′ij is calculated,
expressing the contribution of the normalized value of indicator j in district i to the total of
that indicator. Using these proportions, Equation (6) computes the entropy Ej, which reflects
the degree of dispersion of the indicator; high dispersion indicates low discriminatory
capacity. Equation (7) defines the redundancy dj as the useful information content of the
indicator, obtained as one minus the entropy. Finally, Equation (8) determines the weight
Wj by normalizing the redundancy values so that indicators with higher variability and
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lower informational disorder receive higher weights. This objective weighting approach
has been widely applied in environmental assessment and multi-indicator evaluation [50].

p′ ij =
(
−
xij)

∑ x′ ij
(5)

Ej =
1

ln(n) ∑ p′ ijln(p′ ij) (6)

dj = 1 − Ej (7)

Wj =
dj

∑j dj
(8)

In Equation (5), p′ ij represents the relative proportion of indicator j in district i after
normalization, and ∑ x′ ij is the sum of the normalized values of that indicator across all
districts. In Equation (6), Ej is the entropy of the indicator and is computed using the natural
logarithm and the total number of districts n. In Equation (7), dj denotes the informational
redundancy or the amount of useful information contained in the indicator. In Equation (8),
Wj is the final weight assigned to indicator j, obtained by dividing its redundancy by the
sum of redundancies across all indicators, ensuring that the total weighting equals one [51].

2.5.3. CRITIC Method for Determining Objective Weights

The CRITIC method is an objective weighting technique that determines the impor-
tance of each indicator by combining two elements: its internal variability and its level of
conflict with other indicators. An indicator receives a higher weight when it shows greater
dispersion and lower correlation with the remaining indicators because it contributes more
distinctive information to the system. This approach avoids subjective judgments and
assigns weights solely based on the statistical structure of the data [52,53].

In the critic method, Equation (9) computes the standard deviation sj, which captures
the intrinsic variability of each indicator. Equation (10) then calculates the conflict term
Confj, reflecting the degree of independence of indicator j from the others by summing the
complement of the absolute correlations. Indicators that are less correlated with the rest re-
ceive higher conflict values because they contribute more unique information. Equation (11)
defines the amount of information Cj by multiplying variability and conflict, integrating
both dispersion and independence. Finally, Equation (12) derives the objective weight wjhc

by normalizing the information content of indicator j relative to the total, ensuring that
indicators with both, high variability and low redundancy obtain the greatest weights [52].

s = sd
(
sj
)

(9)

Con f j =
1

ln(n) ∑k (1 − |Rjk|). (10)

Cj = sj.Con f j (11)

wj =
Cj

∑j C
j

(12)

In Equation (9), sj represents the standard deviation of indicatorj after standardization,
which quantifies its variability across districts. In Equation (10), Confj denotes the conflict
level of indicator j, based on the sum of one minus the absolute correlation between
indicator j and all other indicators, adjusted by the natural logarithm of the sample size n.
In Equation (11), Cj is the combined information content that accounts for both variability
and conflict. In Equation (12), wj is the final weight assigned to indicator j, obtained by
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dividing its information content by the sum of information across all indicators. The term
Rjk represents the correlation coefficient between indicators j and k [54].

2.5.4. PCA Method for Determining Objective Weights

Principal Component Analysis (PCA) is a multivariate statistical method that trans-
forms a set of correlated indicators into new uncorrelated variables known as principal
components. These components capture the maximum possible variance, allowing the ex-
traction of objective weights based on each indicator’s contribution to the components that
explain most of the variability. In composite indices, PCA is used to assign weights accord-
ing to the statistical importance of the indicators within the multivariate structure [55,56].

In the PCA method, Equation (13) represents the transformation of the standardized
data matrix T into principal component space using the transpose of the loading matrix AT,
which captures the contribution of each indicator to each component. Equation (14) defines
Li,k as the absolute loading of indicator i on component k, which reflects the strength of its
association with that component. Equation (15) computes the total weight of indicator j
by summing its absolute loadings on the first three principal components, which typically
explain the majority of variance in the dataset. Finally, Equation (16) normalizes these total
weights across all indicators, producing NormWeightj, the final PCA-derived weight used
in the vulnerability index [57].

Z = T.AT (13)

Lj,k =
∣∣∣Loadingj,k

∣∣∣ (14)

TotalWeightj = Lj,1 + Lj,2 + Lj,3 (15)

NormWeightj =
∑j∈g TotalWeightj

∑h .∑j∈g TotalWeightj
(16)

In Equation (13), Z denotes the matrix of principal component scores, T is the matrix
of standardized indicators, and AT is the transpose of the loading matrix extracted from
the PCA. In Equation (14), Lj,k represents the absolute loading of indicator i on principal
component k, indicating its contribution to that component. In Equation (15), TotalWeightj

is the sum of the absolute loadings of indicator j on the first three principal components. In
Equation (16), NormWeightj is the normalized weight of indicator j, obtained by dividing
its total weight by the sum of total weights across all indicators, ensuring the weights are
comparable and sum to one [58,59].

2.5.5. Classification of Vulnerability Levels

Vulnerability levels were classified using the Jenks natural breaks method, which
determines optimal class thresholds by minimizing within-class variance while maximizing
differences between classes. This approach is particularly appropriate for continuous
and non-uniform variables such as the normalized Composite Vulnerability Index, as it
adapts to the inherent data structure and avoids arbitrary class definitions. In this study,
Jenks-derived thresholds were used to define five qualitative vulnerability categories (Very
Low, Low, Moderate, High, and Very High), ensuring a realistic representation of territorial
gradients and consistent spatial interpretation [60,61].

2.5.6. Methodological Workflow and Statistical Analysis of the Vulnerability Index

Data processing and vulnerability index modeling were carried out entirely in
R (v4.4.1) [62] through an automated workflow that integrated spatial, statistical, and
multivariate analyses. First, environmental, ecosystem, and socioeconomic variables were
generated at the district level using functions from the terra, sf, exactextractr, and dplyr
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packages to calculate zonal metrics [63–65], distances, and descriptive statistics over raster
surfaces and land-cover layers. Subsequently, a PCA was performed using the FactoMineR
and factoextra packages to identify dominant axes of variability and establish objective
weights among dimensions [66,67]. Prior to Vulnerability analysis, a Variance Inflation
Factor (VIF)-based pruning was (as described in Section 2.5.1) conducted with the car
package to remove variables with high collinearity and redundancy [68]. This pruning
optimized model stability and retained only the most informative predictors. For final
comparison and interpretation of vulnerability levels through selected indicators, were
standardized using a z-MAD transformation, based on median centering and scaling by
the median absolute deviation, to reduce the influence of extreme values [69].

3. Results
3.1. Multivariate Structure of Vulnerability Dimensions: Exposure, Sensitivity and
Adaptive Capacity

To examine the multivariate structure and internal coherence of the indicators composing
the Agro-Productive and Territorial Vulnerability Index, correlation analysis and principal
component analysis (PCA) were applied to the harmonized indicator set. Prior to these anal-
yses, all variables were normalized and sign-harmonized so that higher values consistently
represented higher vulnerability. An initial set of 67 indicators was screened for multicollinear-
ity using variance inflation factor (VIF) diagnostics, resulting in a reduced and parsimonious
set of 35 non-redundant indicators retained for multivariate analysis and index construction.

This ensured conceptual alignment across indicators and allowed correlation patterns
to be interpreted in terms of shared vulnerability processes rather than opposing indicator
directions. The multivariate analysis facilitated the integration of heterogeneous information
from climatic, environmental, and socioeconomic sources, reduced redundancy among indica-
tors, and supported the estimation of their relative contributions within the three vulnerability
dimensions: Environmental Exposure, Ecosystem Condition, and Socioeconomic Capacity.

Figure 2 illustrates the correlation structure of the harmonized indicators, grouped
by dimension: Environmental Exposure (orange), Ecosystem Condition (green), and So-
cioeconomic Capacity (blue). Variables marked with an “×” were removed following
variance inflation factor (VIF) analysis (threshold > 10) to eliminate redundancy arising
from highly collinear indicators and mutually dependent proportions. Overall, the matrix
is characterized by predominantly weak to moderate correlations (|r| < 0.5) across dimen-
sions, indicating a high degree of complementarity and limited overlap among the selected
indicators. Within dimensions, coherent correlation patterns are observed, reflecting shared
underlying processes (e.g., climatic stressors, vegetation dynamics, and socioeconomic
capacity). The resulting block-diagonal structure and low inter-dimensional correlations
confirm the multidimensional nature of agro-productive and territorial vulnerability and
support the use of PCA for dimensional integration and composite index construction.

Figure 3 shows the PCA biplot together with the ranking of normalized indicator
weights obtained from the CRITIC, PCA and ENTROPY methods. In Figure 3a, the
PCA biplot illustrating the multivariate structure of 35 indicators across the first two
principal components (PC1: 15.2%; PC2: 9.6%). Vectors represent indicators color-coded by
vulnerability dimension: ecosystem condition (green), environmental exposure (orange),
and socioeconomic capacity (blue). Vector length indicates contribution magnitude to
principal components, while direction reveals inter-indicator relationships. Clustered
vectors indicate positive correlations: environmental indicators (PrecMn, PrecSD) align
with drought variables (DstRSD, DstLSD) in right quadrants, while terrain complexity
indicators (ElevMn, ElevMe, ElevSD, SlpMn, SlpMe, SlpMx, SlpSD) cluster on the left side
of PC1, reflecting topographic intercorrelation.

https://doi.org/10.3390/su18031407



Sustainability 2026, 18, 1407 14 of 31

Figure 2. Correlation matrix of harmonized indicators defining the Agro-Productive and Territorial
Vulnerability Index. Variables are grouped and color-coded by dimension: Environmental Exposure (or-
ange), Ecosystem Condition (green), and Socioeconomic Capacity (blue). All indicators were normalized
and sign-harmonized so that higher values represent higher vulnerability. Variables marked with an “×”
were excluded following variance inflation factor (VIF) analysis (threshold > 10).

Opposing vectors reveal inverse relationships: precipitation indicators project op-
posite to elevation and slope metrics along PC1, capturing Peru’s precipitation-elevation
gradient. Socioeconomic indicators display dispersed orientations (Machn toward posi-
tive PC2, Equip toward negative PC2), with variables like TechAs, Irrig, BPAAg, CredOk,
Assoc, Train, SupUA, DivAg, and DivPe pointing in divergent directions, underscoring
multidimensional socioeconomic heterogeneity. Points represent Peru’s 25 departments
and Callao, revealing substantial territorial variation in precipitation patterns, drought
exposure, terrain complexity, and socioeconomic development.

In Figure 3b, CRITIC variable weights ranking derived from the Criteria Importance
Through Intercriteria Correlation method, prioritizing indicators with high variability and
low intercorrelation. Top-weighted indicators include DstLMe (long-term drought severity
mean), DivAg (agricultural diversification), TMean (mean temperature), DivPe (livestock
diversification), and TechAs (technical assistance), providing unique, complementary
information within the vulnerability framework.

In Figure 3c, PCA variable weights ranking quantifying each indicator’s contribution
to total explained variance across principal components. Environmental and ecosystem
indicators predominate among top-weighted variables, including SlpMx (maximum slope),
HPIMe (hydrological proximity index mean), NBI (unsatisfied basic needs index), PDSIMn
(Palmer Drought Severity Index minimum), DstLMe (long-term drought severity mean),
ElevMn (mean elevation), and SlpSD (slope standard deviation), reflecting the variance
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structure revealed in panel a and emphasizing indicators that define the principal axes of
territorial differentiation.

In Figure 3d, ENTROPY variable weights ranking calculated through the entropy
method, assigning greater weight to indicators with higher information content and disper-
sion across the dataset. Top-weighted indicators include SupUA (urban area of agricultural
units), IncUA (income from urban areas), TechAs (technical assistance), TMean (mean
temperature), Assoc (association membership), RdNat (natural road density), and ShNDVI
(Shannon diversity of NDVI), effectively discriminating among regions based on distribu-
tional heterogeneity.

Together, panels b–d demonstrate how different mathematical formulations (CRITIC: con-
trast and independence; PCA: variance structure; ENTROPY: information content) emphasize
distinct indicator subsets from the multivariate relationships illustrated in panel a.

Figure 3. Distribution of Indicators in PCA Space and Ranking of Normalized Weights Under CRITIC,
PCA and ENTROPY. (a), the PCA biplot illustrating the multivariate structure of 35 indicators across
the first two principal components (PC1: 15.2%; PC2: 9.6%); (b) CRITIC variable weights ranking;
(c) PCA variable weights ranking; (d) ENTROPY variable weights ranking.
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3.2. Normalized Weights of the Thematic Dimensions

Table 4 summarizes the normalized weights assigned to the three thematic dimensions
under the CRITIC, PCA, and ENTROPY methods. Under CRITIC, SocioCap receives the high-
est weight (0.445), followed closely by EnvExp (0.407), where variability and indicator conflict
emphasize the distinctiveness of social factors. Under PCA and ENTROPY, EnvExp receives
the highest weight (0.567 and 0.454, respectively), indicating that climatic and biophysical
pressures contribute most strongly to overall vulnerability according to these variance-based
and information-theoretic criteria. Ecosystem Condition shows the lowest weights across all
methods (0.141–0.223), reflecting its moderate but consistent influence on the vulnerability
structure. SocioCap plays a major role, with its weight varying substantially between methods:
it is highest under CRITIC (0.445) but comparatively lower under PCA (0.291) and ENTROPY
(0.323) due to their different mathematical criteria. Although the three methods differ in
magnitude, they show a similar general pattern, with EnvExp and SocioCap emerging as the
two dominant dimensions, while EcoCond contributes less. This confirms that vulnerability
is jointly shaped by EnvExp, EcoCond, and SocioCap.

Table 4. Normalized Weights (W_g) of Thematic Dimensions Across Three Weighting Methods.

Dimension CRITIC PCA ENTROPY

Environmental Exposure (EnvExp) 0.407 0.567 0.454
Ecosystem Condition (EcoCond) 0.148 0.141 0.223
Socioeconomic Capacity (SocioCap) 0.445 0.291 0.323

3.3. Spatial Distribution of the Vulnerability Sub-Indices

Figure 4 shows the spatial distribution of the three thematic sub-indices derived
from the CRITIC, PCA and ENTROPY weighting methods. For Environmental Exposure
(EnvExp), the three approaches display similar patterns, with higher values (0.6–1.0) con-
centrated along the northern and central coastal region (including departments such as
Tumbes, Piura, Lambayeque, La Libertad, and Lima), reflecting precipitation variability
and drought exposure. In contrast, intermediate to lower values (0.2–0.6) predominate
across the Andean highlands (Cusco, Puno, Ayacucho, Huancavelica) and parts of the
Amazon Basin (Loreto, Ucayali, Madre de Dios). A clear east–west gradient is evident, with
vulnerability decreasing from the arid coast toward the humid Amazon lowlands.

For Ecosystem Condition and Land Dynamics (EcoCond), higher values (0.6–1.0) are
observed primarily in the Amazon region (Loreto, Ucayali, Madre de Dios, and San Martín)
and parts of the northern Andes (Amazonas, Cajamarca), indicating greater ecosystem pres-
sure from deforestation, land-use change, and agricultural expansion. Conversely, lower
values (0–0.4) appear mainly in coastal areas (especially the central and southern coast)
and some highland districts, reflecting more stable but potentially degraded vegetation
conditions with limited land-cover dynamics. Intermediate values (0.4–0.6) characterize
transitional zones in the central highlands.

Regarding Socioeconomic Capacity (SocioCap), the maps show higher values (0.6–1.0)
concentrated in districts of the central and southern Andes (Huancavelica, Apurímac, Ay-
acucho, Puno, and parts of Cusco), where limited infrastructure, lower income, reduced
mechanization, and diminished access to technical assistance and credit increase socioeco-
nomic vulnerability. In contrast, lower values (0–0.4) predominate across the coastal strip
(particularly near Lima and other urban centers) and extensive areas of the Amazon region
(Loreto, Ucayali), where better road connectivity, market access, and resource availability
reduce socioeconomic constraints. The spatial pattern reveals a clear core-periphery structure,
with the most remote highland districts exhibiting the highest socioeconomic vulnerability.

Although each method (CRITIC, PCA, ENTROPY) applies different weighting schemes
based on distinct mathematical criteria, the overall spatial patterns remain remarkably
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consistent across all three approaches, with only local variations in the magnitude and distri-
bution of the sub-indices. This consistency validates the robustness of the identified spatial
vulnerability patterns and confirms that the three dimensions capture complementary but
distinct aspects of territorial vulnerability across Peru.

Figure 4. Spatial distribution of the Environmental Exposure, Ecosystem Condition, and Socioeco-
nomic Capacity sub-indices across Peru using the CRITIC, PCA and ENTROPY weighting methods.

3.4. District-Level Composite Agro-Productive and Territorial Vulnerability Index

Of the 1891 districts in Peru, 1552 districts were analyzed. Figure 5 presents the
district-level vulnerability maps generated using the CRITIC, PCA and ENTROPY methods,
together with an integrated modal map that identifies the most frequently occurring
vulnerability category across the three approaches for each district.
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Figure 5. District-level vulnerability maps derived from CRITIC, PCA and ENTROPY methods, with
an integrated modal map showing the most frequently occurring vulnerability category across the
three approaches. Cohen’s Kappa statistics quantify pairwise agreement between methods.

The three methods produce distinct vulnerability distributions based on their weighting
criteria, with varying degrees of district-level agreement as quantified by Cohen’s Kappa
statistics. CRITIC and PCA show strong agreement (κ = 0.818), indicating these variance-
based approaches classify districts similarly despite different mathematical formulations.
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However, ENTROPY shows weaker agreement with both CRITIC (κ = 0.237) and PCA
(κ = 0.229), reflecting its information-theoretic emphasis on indicator dispersion rather than
variance maximization. Despite these methodological differences at the district level, broad
spatial patterns remain consistent: vulnerability hotspots emerge in similar geographic zones
across all three methods, while disagreements occur primarily in the classification boundaries
between adjacent vulnerability categories (e.g., Moderate vs. High).

The modal map reveals the dominant vulnerability pattern by displaying the category
that appears in at least two of the three methods for each district. High to Very High
vulnerability is consistently identified in portions of the Amazon region (particularly north-
ern Loreto and eastern areas including Ucayali and Madre de Dios), reflecting ecosystem
pressures from deforestation, land-use dynamics, and limited infrastructure in remote areas.
The central and southern Andean corridor displays a highly heterogeneous mosaic, with
some highland districts in Huancavelica, Ayacucho, Apurímac, Junín, and Puno showing
High to Very High vulnerability due to the combined effects of terrain complexity, socioeco-
nomic limitations, and environmental exposure, while other Andean districts exhibit Low
to Moderate vulnerability where better connectivity and agricultural productivity prevail.

The coastal region presents mixed patterns: the northern coast (Tumbes, Piura, Lam-
bayeque) shows predominantly Moderate to High vulnerability associated with drought
exposure and water scarcity, while the central coast near Lima displays lower vulnerability
due to superior infrastructure and economic development. The southern coast exhibits
variable conditions depending on irrigation availability and local economic activities.

Figure 6 illustrates the distribution of original indicator values (z-MAD standardized)
across the five vulnerability classes derived from the composite index. Indicators are
organized by thematic dimension: Ecosystem Condition (EcoCond, green), Environmental
Exposure (EnvExp, orange), and Socioeconomic Capacity (SocioCap, purple). Z-MAD
standardization (median-centered, scaled by median absolute deviation) enables compar-
ison across different units and scales. Positive values indicate above-median conditions;
negative values indicate below-median conditions. Interpretation depends on direction-
ality: for cost-type indicators (slope, drought, distance to water), above-median values
increase vulnerability; for benefit-type indicators (technical assistance, income, irrigation),
above-median values reduce vulnerability.

The figure reveals systematic differences in original territorial conditions across vul-
nerability classes. Districts classified as Very High vulnerability exhibit positive medians
for cost-type environmental indicators—above-average terrain complexity (SlpMn, ElevMn,
ElevSD), greater water isolation (DstCPm, DstRMe), higher precipitation variability (PrecSD),
and increased drought exposure (PDSIMe, DrtFrq)—alongside negative medians for benefit-
type socioeconomic indicators (TechAs, Irrig, IncUA, Train), confirming below-average access
to infrastructure and adaptive resources. Conversely, Very Low vulnerability districts show op-
posite patterns with negative medians for cost-type indicators and less-negative or near-zero
values for benefit-type indicators, reflecting more favorable baseline conditions. Moderate
vulnerability districts cluster around the national median (z-MAD ≈ 0) across most indicators,
representing intermediate or balanced conditions where neither extreme environmental stress
nor exceptional socioeconomic deficits predominate.

Within EnvExp (orange), terrain, hydrological, precipitation, and drought variables
show progressive gradation from Very Low through Moderate to Very High classes, demon-
strating that vulnerable districts face inherently more challenging biophysical conditions.
For EcoCond (green), agricultural area (AgrAr) and vegetation dynamics (ShNDVI) show
moderate variation, with Moderate classes exhibiting near-median values, while road
infrastructure displays clearer differentiation. In SocioCap (purple), highly vulnerable
districts systematically exhibit below-median original values for technical assistance, ir-
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rigation, income, diversification, mechanization, and training, while Moderate districts
show intermediate access to these resources, and Very Low vulnerability districts display
stronger socioeconomic capacity. Widening interquartile ranges from Low to Very High
classes indicate increasing territorial heterogeneity among more vulnerable districts.

Figure 6. Distribution of original indicator values (z-MAD standardized) across vulnerability classes.
Colors indicate dimensions: EcoCond (green), EnvExp (orange), SocioCap (purple).

Figure 7 shows the percentage distribution of vulnerability levels (Very Low, Low,
Moderate, High, and Very High) at the departmental scale, based on the proportion of dis-
tricts classified within each category according to the normalized Composite Vulnerability
Index. The results reveal pronounced territorial heterogeneity in the internal composition
of vulnerability across departments, reflecting marked spatial contrasts in environmental
exposure, ecosystem condition, and socioeconomic capacity. Vulnerability patterns do not
follow a simple geographic divide but rather reflect complex interactions of biophysical,
ecological, and socioeconomic factors.

Departments with highest vulnerability concentrations include Loreto and Ucayali
(Amazon), where High and Very High categories together account for 60–70% of districts,
with Very High alone reaching ~20–25%. These patterns reflect persistent geographi-
cal isolation, limited infrastructure, and elevated environmental pressures. Notably, Ica
(southern coast) also exhibits high vulnerability (~70% in High category), likely associated
with water scarcity, drought exposure, and irrigation dependence despite coastal location.
Huancavelica (central Andes) shows one of the most concentrated High vulnerability pat-
terns (~50–60%), reflecting extreme terrain complexity, limited connectivity, and severe
socioeconomic constraints.
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Figure 7. Departmental distribution of vulnerability levels (%). Departments ordered from left to
right showing heterogeneous patterns across Peru’s diverse geographic and socioeconomic contexts.

Andean and transition departments such as Junín, Pasco, Huánuco, Puno, Ayacucho,
and Cusco display heterogeneous distributions, with Moderate and High categories to-
gether comprising 50–70% of districts. These departments also present relevant proportions
in the Very High category (5–15%), suggesting diverse territorial conditions associated with
complex topography, variable accessibility, and mixed agro-productive systems. Madre de
Dios shows a balanced distribution with ~45% in High and Very High combined.

Departments with lower vulnerability concentrations include Callao (>90% Very
Low/Low), La Libertad (~60% Very Low/Low), and Lambayeque (~55% Very Low/Low),
reflecting better urban integration, infrastructure, and economic capacity. However, Lima
shows a mixed pattern with only ~30% in Very Low/Low and significant proportions in
Moderate and High categories, indicating internal heterogeneity between the metropolitan
area and peripheral districts. Tumbes displays ~60% Moderate vulnerability rather than
predominantly low levels.

Northern Amazon departments like Amazonas and San Martín exhibit predominantly
Moderate to Low vulnerability (~70%), contrasting with the high vulnerability in Loreto and
Ucayali, suggesting that Amazon region vulnerability is not uniform but varies substantially
by connectivity, land-use intensity, and institutional presence.

4. Discussion
This study demonstrates that territorial vulnerability emerges from the multidimensional

interaction between environmental exposure, ecosystem dynamics, and socioeconomic ca-
pacity, with their relative importance varying by analytical perspective. The divergence in
dimensional weights across methods reveals that CRITIC prioritizes SocioCap due to high
heterogeneity across districts, PCA emphasizes EnvExp as the primary variance driver, and
ENTROPY balances both dimensions based on information content. Critically, despite diver-
gent dimensional weights and variable rankings, spatial patterns remain consistent across
methods, validating the robustness of identified hotspots where multiple stressors converge
particularly in Andean-Amazonian transitions and remote highlands.

The spatial complementarity between dimensions reveals critical territorial trade-offs:
coastal regions face water scarcity but benefit from infrastructure; Amazon territories
experience ecosystem pressure yet lower climatic stress; Andean districts suffer terrain
constraints and socioeconomic isolation but maintain stable ecosystems. The progressive
differentiation of indicators across vulnerability classes confirms that vulnerability operates
through accumulation rather than single-factor dominance, with highly vulnerable districts

https://doi.org/10.3390/su18031407



Sustainability 2026, 18, 1407 22 of 31

facing compounding deficits across dimensions. This spatial complexity underscores that
vulnerability hotspots do not correspond to simple geographic categories but emerge where
environmental challenges compound socioeconomic deficits [70,71].

Methodological diversity in vulnerability assessment from perception-based studies to
biophysical assessments [72] to composite indices [41] demonstrates that analytical techniques
substantially influence vulnerability estimates. By employing three distinct weighting meth-
ods alongside spatial analysis, this study shows that spatial vulnerability patterns remain
consistent when multiple dimensions are properly integrated, providing confidence that
identified hotspots reflect real territorial conditions rather than methodological artifacts.

4.1. Multivariate Structure of Vulnerability Drivers

The multivariate analysis revealed a coherent internal structure among vulnerability
indicators. Correlation matrix and VIF analysis (threshold < 10) showed low collinearity,
indicating that environmental, ecosystem, and socioeconomic indicators provide comple-
mentary rather than redundant information at the district scale [73].

The PCA biplot captures 24.8% of total variance (PC1: 15.2%, PC2: 9.6%), which
reflects Peru’s extreme geographic heterogeneity rather than methodological weakness. En-
vironmental indicators (terrain complexity, hydrological accessibility, precipitation) cluster
along PC1, defining a dominant gradient of environmental exposure, while socioeconomic
indicators (mechanization, irrigation, credit, technical assistance) display negative loadings
and dispersed orientations, reflecting their compensatory role in reducing vulnerabil-
ity [58]. PC2 contrasts ecosystem degradation indicators (NDVI heterogeneity, land-cover
fragmentation) with socioeconomic resilience factors (diversification, income) [74].

Variable weight rankings differ substantially by method based on mathematical for-
mulation: CRITIC emphasizes variables with high variability and low correlation (DstLMx,
DivAg, TMean); PCA prioritizes variance contributors (SlpMx, HPIMx, NBI, PDSIMn);
ENTROPY weights by information content (SupUA, IncUA, TechAs). Despite these dif-
ferences, dimensional weights converge in identifying EnvExp and SocioCap as primary
drivers, with EcoCond playing a consistent but moderate role (0.141–0.223).

District-level classification agreement, quantified by Cohen’s Kappa, reveals method-
ological relationships. Strong CRITIC-PCA agreement (κ = 0.818) validates variance-
based approaches despite different implementations, while ENTROPY’s weaker agree-
ment (κ = 0.237–0.229) reflects its information-theoretic emphasis on dispersion rather than
variance maximization. According to Landis and Koch’s (1977) [75] interpretation guide-
lines, CRITIC and PCA demonstrate ‘almost perfect agreement’ while ENTROPY shows
‘fair agreement’ with both methods. This divergence is methodologically informative: it
demonstrates that classification is sensitive to whether one prioritizes systematic territo-
rial differentiation or local information richness, underscoring the value of multi-method
comparison for characterizing classification uncertainty at vulnerability boundaries [76].

These findings confirm that vulnerability does not emerge from a single dominant
driver but from the interplay between climatic stressors, ecosystem condition, and socioe-
conomic capacity [77,78], consistent with previous agro-environmental assessments [42,79].
Integrating multivariate and weighting-based approaches provides more comprehensive
representation of agro-territorial systems by reducing redundancy and improving ro-
bustness [41]. The combination of high dimensional weight convergence and variable
district-level agreement patterns demonstrates that properly integrated multidimensional
indices produce stable vulnerability estimates at broad spatial scales while acknowledging
methodological sensitivity at classification boundaries.
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4.2. Spatial Patterns and Dimensional Complementarity

The spatial distribution of sub-indices reveals striking complementarity between vul-
nerability dimensions (Figure 4). EnvExp concentrates along the northern and central coast,
reflecting precipitation variability, drought exposure, and water scarcity. EcoCond peaks in
the Amazon region and northern Andes, indicating ecosystem pressure from deforestation
and land-use change [80]. SocioCap shows highest values in the central and southern Andes,
where limited infrastructure and reduced access to services compound vulnerability [81].

This dimensional complementarity explains why composite vulnerability hotspots do not
correspond to single geographic categories. The modal map (Figure 5) identifies convergence
zones where multiple stressors compound: Andean-Amazonian transitions face combined
terrain constraints, ecosystem pressure, and socioeconomic isolation; remote highlands ex-
perience extreme topography and institutional marginalization; specific coastal areas suffer
water scarcity despite connectivity. Conversely, low-vulnerability territories benefit from com-
pensatory mechanisms coastal regions offset environmental stress with infrastructure, while
some Amazon districts maintain ecosystem stability despite limited economic development.

Departmental analysis (Figure 7) reveals heterogeneous distributions within administra-
tive boundaries. Amazon departments diverge substantially: Loreto and Ucayali concentrate
60–70% of districts in High/Very High categories, while Amazonas and San Martín show pre-
dominantly Moderate/Low vulnerability [82]. Andean departments display internal mosaics,
with Huancavelica exhibiting 50–60% High vulnerability. Coastal heterogeneity ranges from
Callao’s > 90% Very Low/Low to Ica’s 70% High vulnerability from drought.

Within EcoCond, vegetation diversity (Shannon NDVI, land-cover heterogeneity)
shows complex patterns, with higher diversity maintaining ecological stability [81] and
simplified landscapes exhibiting degradation susceptibility [83]. However, ecosystem con-
dition emerged as a consistent but moderate contributor (weights: 0.141–0.223), suggesting
biophysical exposure and socioeconomic constraints are more powerful differentiators [84].

The spatial consistency across CRITIC, PCA, and ENTROPY methods despite divergent
weighting validates that identified patterns reflect real territorial conditions and confirms
properly integrated multidimensional assessments are robust to weighting variations. Spa-
tial complementarity underscores that effective vulnerability reduction requires dimension-
specific interventions: water infrastructure for coastal EnvExp, ecosystem restoration for
Amazon EcoCond, and infrastructure development for Andean SocioCap [81,82].

4.3. Socioeconomic Capacity as Vulnerability Moderator

The z-MAD standardization (Figure 6) demonstrates that socioeconomic capacity func-
tions as a critical vulnerability moderator through systematic differentiation of adaptive
resources. Districts classified as Very High vulnerability exhibit consistently negative stan-
dardized values for benefit-type indicators like technical assistance (TechAs), irrigation (Irrig),
income (IncUA), mechanization (Machn), training (Train), and diversification (DivAg, DivPe)
indicating below-median access to adaptive resources. Conversely, Very Low vulnerabil-
ity districts display less-negative or near-zero values, confirming stronger baseline capacity.
This demonstrates that vulnerability emerges from compounding effects: highly vulnerable
territories face both biophysical challenges and systematic socioeconomic constraints [85,86].

The progressive widening of interquartile ranges in High and Very High classes reveals
increasing heterogeneity, suggesting extreme vulnerability has multiple pathways: some
districts are constrained by institutional isolation (low technical assistance), others by produc-
tive limitations (low income, minimal mechanization), and others by infrastructure deficits
(restricted irrigation, poor credit access). Empirical evidence confirms that access to credit, ex-
tension services, and education significantly increases adoption of adaptation practices [87,88],
with socioeconomic factors explaining substantial variability in adaptation decisions [89].
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Spatial patterns (Figure 4) confirm SocioCap concentrates in the central and southern
Andes (Huancavelica, Apurímac, Ayacucho, Puno), where remoteness restricts adaptive
resources despite pressing environmental challenges [90,91]. The compensatory role of
socioeconomic resources is evident in coastal regions, where connectivity and service access
offset environmental stress from drought.

These findings indicate that strengthening adaptive capacity requires coordinated in-
terventions: expanding technical assistance networks in remote highlands, improving credit
access for smallholders, investing in irrigation infrastructure in water-scarce regions, and
promoting mechanization where viable [15,92,93]. Enhancing adaptive capacity through
targeted socioeconomic development constitutes a primary pathway for vulnerability
reduction in territories where environmental constraints are difficult to modify [94]

4.4. Implications for Territorial Policy and Sustainable Development

The IVAPT provides an evidence-based framework for differentiated territorial interven-
tions by revealing that vulnerability emerges from dimension-specific processes requiring
tailored policy responses. The spatial complementarity between dimensions (Figure 4) demon-
strates that effective vulnerability reduction cannot follow a one-size-fits-all approach but
must address distinct territorial challenges: water infrastructure and drought management
for coastal EnvExp hotspots (Tumbes, Piura, Ica); ecosystem restoration and sustainable land-
use planning for Amazon EcoCond pressure zones (Loreto, Ucayali, Madre de Dios); and
infrastructure development, technical assistance expansion, and institutional strengthening
for Andean SocioCap constraints (Huancavelica, Apurímac, Ayacucho, Puno) [95,96].

Departmental heterogeneity (Figure 7) further refines policy targeting by revealing
internal variation within administrative boundaries. Loreto’s 60–70% High/Very High concen-
tration demands prioritized intervention, while Amazonas’ predominantly Moderate/Low
profile suggests different needs. Lima’s mixed pattern indicates that metropolitan integration
does not automatically reduce vulnerability in peripheral districts, requiring sub-regional
differentiation. The modal map (Figure 5) identifies convergence zones where multiple stres-
sors compound Andean-Amazonian transitions, remote highlands as critical intervention
priorities where coordinated multi-sectoral approaches yield highest returns [80,97].

The methodological convergence across CRITIC, PCA, and ENTROPY provides policy
confidence: identified hotspots reflect real territorial conditions rather than methodological
artifacts, enabling robust resource allocation decisions. The integration of census-based so-
cioeconomic indicators with satellite-derived environmental data, leveraging GEE as a freely
accessible spatial data repository, creates a transparent, replicable, and cost-effective framework
for monitoring vulnerability changes and evaluating intervention effectiveness [98,99].

The IVAPT advances SDG 2 (Zero Hunger), SDG 6 (Clean Water), SDG 13 (Climate
Action), and SDG 15 (Life on Land) by identifying where interventions provide greatest
benefits for food security, water management, and ecosystem restoration [41,81]. Its replica-
ble structure enables scaling to other Andean countries, supporting regional adaptation
frameworks [100]. Beyond analytical value, the IVAPT serves as a governance instrument
promoting cross-sectoral coordination between environmental agencies, agricultural min-
istries, and rural development programs, enhancing institutional efficiency and resource
allocation to high-risk rural areas [101].

4.5. Limitations and Future Research

The IVAPT faces primarily data-related limitations. Temporal constraints limit dynamic
monitoring: the agricultural census provides comprehensive district-level coverage but reflects
a single time point (2012), restricting ability to track vulnerability trajectories. While the Na-
tional Agricultural Survey (ENA) offers the most temporally current annual data, its current
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sample size would need to be substantially increased to enable robust district-level disaggre-
gation. Despite this limitation, ENA remains the best available source for monitoring temporal
trends, suggesting future research should explore hybrid approaches that combine census spa-
tial baselines with ENA temporal patterns at aggregated scales (provincial/departmental) or
advocate for ENA sample expansion to enable finer spatial resolution [102]. Spatial resolution
limitations challenge smallholder representation: 30 m Landsat imagery may inadequately
capture agricultural mosaics in highly fragmented Andean landscapes where plots are of-
ten <1 hectare [103]. Aggregation scale masks heterogeneity: widening interquartile ranges
(Figure 6) suggest district-level aggregation conceals sub-district variation. Administrative
boundaries misalign with vulnerability patterns (Figure 7): departmental units constrain
policy implementation yet do not correspond to vulnerability hotspots.

Future efforts should: (1) integrate higher-resolution imagery (Sentinel-2 10 m, Plan-
etScope 3 m) for better smallholder representation [104]; (2) develop census-ENA hybrid
frameworks leveraging ENA’s temporal continuity while advocating for sample expansion;
(3) incorporate dynamic socio-ecological variables (water infrastructure, migration, tech-
nology adoption); (4) develop sub-district vulnerability mapping for heterogeneous areas;
(5) apply machine learning to identify non-linear interactions [105]; and (6) implement
participatory validation with local stakeholders.

5. Conclusions
This study demonstrates that agro-productive and territorial vulnerability in Peru

emerges from multidimensional interactions between environmental exposure, ecosystem
dynamics, and socioeconomic capacity, with spatial patterns reflecting their complementary
rather than uniform distribution. The IVAPT revealed that highest vulnerability concentrates
primarily in the Amazon region (Loreto, Ucayali, Madre de Dios), Andean-Amazonian tran-
sitions, and specific highland districts (Huancavelica, Apurímac, Ayacucho, Puno) where
biophysical constraints, ecosystem pressure, and socioeconomic isolation converge. Dimen-
sional complementarity EnvExp peaking on the coast, EcoCond in the Amazon, SocioCap in
the Andes underscores that effective vulnerability reduction requires dimension-specific inter-
ventions rather than uniform policies. The methodological convergence across CRITIC, PCA,
and ENTROPY despite divergent weighting schemes validates the robustness of identified
hotspots. Leveraging Google Earth Engine as a freely accessible spatial data repository, the
IVAPT provides a transparent, replicable framework for evidence-based territorial planning
that supports priority targeting of investments in water infrastructure, ecosystem restora-
tion, and institutional strengthening. Addressing identified limitations particularly temporal
monitoring constraints, spatial resolution gaps, and aggregation scale mismatches requires
coordinated advances in data infrastructure, analytical methods, and participatory validation.
An updated, georeferenced agricultural census built on contemporary geospatial standards
would substantially strengthen the evidence base for targeted territorial interventions essential
for climate adaptation and sustainable rural development.
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Appendix A

Table A1. Description, calculation method, and data source of variables used to build the Vulnerability
Index.

Variable Group Description/Calculation Method Source

PrecMn, PrecMe,
PrecMx, PrecSD

Environmental
Exposure

Mean, median, maximum and standard
deviation of annual precipitation

(2000–2024) aggregated from
monthly grids.

CHIRPS v2.0/WorldClim v2

ElevMn–ElevSD Environmental
Exposure

Elevation statistics (mean, sd, min, max
m a.s.l.) derived from 30 m DEM. SRTM DEM 30 m

SlpMn–SlpSD Environmental
Exposure

Slope metrics (mean, sd, min, max in
degrees) derived from DEM

terrain functions.
SRTM DEM 30 m

DstCPm, DstCSD, DstRMe,
DstRSD, DstLMe, DstLSD

Environmental
Exposure

Mean and variability of Euclidean
distance (km) to population centers,

rivers and lakes.

MTC—2024/GEE
distance analysis

HPIMe, HPISD Environmental
Exposure

Hydrological Proximity Index − mean
and sd of distance from each pixel to
nearest water body; lower values =

greater hydrological influence.

GEE hydrological distance
layer (ANA 2020 hydrography

+ MapBiomas water class)

PDSIMe–PDSIMn2 Environmental
Exposure

Precipitation Deficit Severity Index
(PDSI) statistics (mean, sd, min, max)

for 2000–2024.
CHIRPS/TerraClimate

DrtFrq, DrtSD Environmental
Exposure

Drought frequency and variability based
on negative NDVI anomalies (2000–2024). MODIS MOD13Q1

AgrAr Ecosystem
Condition

Percentage of district area under
agriculture, based on MIDAGRI 2025

national land-use inventory.

MIDAGRI (2025
Inventory [26])

ImpSg, ImpSl, Stabl, DegSl,
DegSg, PImp, PSta, PDeg

Ecosystem
Condition

Percentage of improved, stable and
degraded pasture classes derived from

NDVI trend categories.
MODIS NDVI 2000–2024

ShNDVI Ecosystem
Condition

Diversity of vegetation response,
computed as Shannon entropy of NDVI

trend classes within each district.

MODIS MOD13Q1
(2000–2024)

ShMBio, EvMBio Ecosystem
Condition

Land-cover heterogeneity indices
capturing the diversity and evenness of
MapBiomas land-cover types (based on

biomass and evapotranspiration proxies).

MapBiomas Peru v9/
MOD16A2

TMean Ecosystem
Condition

Travel time mean (min)—average time to
reach the nearest urban center by road

network; proxy for accessibility and
service connectivity.

Accessibility to Cities
(Global Friction Surface v2/

Weiss et al., 2018 [37])

TMax Ecosystem
Condition

Maximum travel time to urban centers
within the district (upper bound

of accessibility).
Same as above
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Table A1. Cont.

Variable Group Description/Calculation Method Source

RdDep, RdNat, RdMin, RdTot Ecosystem
Condition

Total length of departmental, national,
minor and total roads (km) aggregated by
district and normalized by district area

(km2) to obtain road density.

MTC Road Network/
OpenStreetMap

NBI Ecosystem
Condition

Net Balance Index (NBI) =
(% Improvement − % Degradation) from
NDVI trend analysis (positive = greening

dominates; negative = degradation).

MODIS NDVI 2000–2024/
custom trend classification

IncUA Socioeconomic
Capacity

Per capita agricultural income
(log-transformed and standardized). ENA 2024 Module 6 [34]

DivAg, DivPe Socioeconomic
Capacity

Crop and livestock diversification indices
(Herfindahl–Simpson index). ENA 2024 Modules 3–5 [34]

SupUA Socioeconomic
Capacity

Access to agricultural support services
(% UPA with support). ENA 2024 Module 8 [34]

Train, TechAs Socioeconomic
Capacity

Access to training and technical
assistance (% UPA). ENA 2024 Module 8 [34]

TenArr–TenOth Socioeconomic
Capacity

Land tenure structure (% UPA by
ownership type: rent, own, communal,

possession, other).
ENA 2024 Module 2 [34]

BPAAg, BPAPe Socioeconomic
Capacity

Belonging to producer associations or
cooperatives (% UPA). ENA 2024 Module 9 [34]

Assoc Socioeconomic
Capacity

Membership in local organizations (%
UPA). ENA 2024 Module 9 [34]

CredRq, CredOk Socioeconomic
Capacity

Percentage of UPA that requested and
obtained credit. ENA 2024 Module 10 [34]

Equip, Machn, Irrig Socioeconomic
Capacity

Access to equipment, machinery and
irrigation infrastructure (% UPA). ENA 2024 Modules 7 and 8 [34]

Table A2. NDVI-based ecosystem changes metrics.

Metric Computed From Purpose/Interpretation

% Significant Improvement (class 1 pixels/total) × 100 Spatial extent of robust greening

% Slight Improvement class 2 pixels Area with weak greening

% Stable classes 3 + 6 pixels Stable vegetation

% Slight Degradation class 4 pixels Early degradation signals

% Significant Degradation class 5 pixels Strong degradation “hot spots”

% Total Change (1 + 2 + 4 + 5)/total Share of area under change

NDVI Balance Index (NBI) (% Improvement − % Degradation) Positive = greening dominates; negative = degradation dominates

Shannon Entropy Distribution across classes Heterogeneity of responses inside the district
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