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Abstract: Climate change (CC) is a significant concern for many climate-sensitive socio-economic
sectors, such as agriculture and food production. The current study aimed at analyzing the current
vulnerability of the Moroccan agricultural sector to CC and anthropogenic impact and identifying the
relevant vulnerability factors in the Beni Mellal-Khénifra region. In this regard, a multidisciplinary
approach was used to assess the vulnerability. To do this, an index based on five components was
designed, including climate, plant production, animal production, geography, and anthropogenic
aspects. The numerical model has benefited from data retrieved from three recognized indices such
as Normalized Difference Vegetation Index (NDVI), Standardized Precipitation Index (SPI), and
Vegetation Condition Index (VCI), and from the reported data of the agricultural, environmental,
and socio-economic governmental departments. The results showed that there was a significant
vulnerability of all the five components to CC. Particularly, the province of Azilal was the most
vulnerable, followed by Khénifra, Fquih Ben Salah, and Beni Mellal, while Khouribga was the least
vulnerable. These components might help to determine the mechanisms and priority sectors, the
most vulnerable to CC and anthropogenic effects, to take urgent measures. These may guide decision
makers to carry out effective actions, namely, the amounts to be spent to mitigate this vulnerability. It
will also make it possible to know where, when, and how the adaptation should take place.

Keywords: agriculture; Beni Mellal-Khénifra region; climate change; vulnerability index

1. Introduction

Climate changes can be defined as negative earth or regional global climate variations.
These changes may be due to intrinsic processes on the earth, external influences, or more
recently, human activities [1]. This phenomenon has become evident and is caused in
large part by human activity, which mainly increases the concentration of atmospheric
CO2 [2]. CC vulnerability is a function of exposure, sensitivity, and adaptive capacity [3].
Exposure is the rate and magnitude of CC. It is the only element that contributes to the
vulnerability that is directly related to climate parameters, i.e., the character, magnitude, and
rate of CC and variability. The typical exposure factors include temperature, precipitation,
evapotranspiration, climatic water balance, and extreme events, such as intense rainfall
and extreme droughts. Variations in these parameters can place significant additional
stress on these systems [4]. The degree to which a system is affected, either negatively or
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positively, by climate variability is called sensitivity [3]. Adaptive capacity is a key factor
in ensuring the resilience of communities and reducing their vulnerability [5]. Since the
idea of vulnerability research was first proposed by Timmerman [6], it was applied to a
wide range of research areas, including water resource conditions, ecological environment
assessment, land-use change, etc.

Agriculture is among the most vulnerable sectors to CC. In fact, according to future
climate projections, the reduction in agricultural productivity and the increase in food
insecurity are hypothesized to be due to the increased duration and intensity of extreme
heat waves and the changes in the distribution of rainfall, water availability, and drought [7].
The agricultural sector, as one of the largest users of freshwater resources, will therefore
face great challenges [8,9]. Over 250 million people are undernourished in Africa (more
than double the global average). This proportion is expected to increase to 25.7% by
2030, which puts Africa far from the “zero hunger” goal [10]. The main vocations of the
Southern Mediterranean region are mostly climate dependent and facing CC, its economy
will be vulnerable [11]. According to WorldBank [12] and Van Praag et al. [13], Morocco,
Tunisia, and Algeria will become global hot spots by the end of the twenty-first century.
Demographic, industrial, and agricultural expansions are putting pressure on Morocco’s
water and environmental resources [14,15]. According to Bahir et al. [16], Morocco has
suffered several periods of drought, resulting in more dry years than wet years [17]. Water
resources are estimated at 20 billion m3, with an average annual consumption per capita of
700 m3 [18].

Various methods have been developed to assess vulnerability, including Turner’s
model, the Risk-Hazard (RH) model, the Pressure and Release (PAR) model, the Driver-
Pressure-State-Impact-Response (DPSIR) model, and Composite Index (CI) approaches [19].
This research article aims to create an index of the vulnerability of agriculture to climatic and
anthropogenic hazards in one of the twelve regions of Morocco, which is the region of Beni
Mellal-Khénifra. This index is based on several indicators grouped into five components,
namely, climate, plant production, animal production, geography, and anthropogenic. The
approach followed is based on the modeling of these indicators by applying statistical
methods, GIS, and a survey of experts in the field. This work has been framed by the
Sustainable Development Goals, in particular, Goal 2 titled “Zero Hunger”. The latter goal
describes the food and agricultural sector as offering key development solutions, being
central to eradicating hunger and poverty. Goal 13, which concerns itself with measures
to combat climate change, has also been monitored as the fight against global warming,
and has become an inseparable part of achieving sustainable development. This research
work will be a further contribution to our study area. The results provided essential
information enabling managers to plan and implement adaptation measures to face the
climate challenge. If no immediate action is taken, the future consequences of these changes
will be much more difficult and costly to control.

2. Materials and Methods
2.1. Study Area

The region of Beni Mellal-Khénifra, presented in Figure 1, is geographically located
between the latitudes 31◦33 and 33◦46 North and the longitudes 5◦28 and 7◦00 West. It
covers an estimated area of 28,088 km2, divided into five provinces: Beni Mellal (4528 Km2),
Fquih Ben Salah (2547 Km2), Azilal (10050 Km2), Khénifra (6713 Km2), and Khouribga
(4250 Km2) [20]. Concerning the topography of the region, the study area ranges from an
elevation of 900 m to 3890 m in the mountains, which represents half of the region, while
the other half is made up of plains and plateaus of about 600 m [21]. The highest peak in
the basin is 3890 m above sea level.
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Figure 1. Geographical location of the region of Beni Mellal-Khénifra.

The climatic conditions are variable, ranging from humid in the high mountains to
semi-arid in the plains, with intensely cold winters and very hot summers. In addition,
the average annual rainfall is characterized by large variations, with an average rainfall of
230 mm in the plains and 1000 mm in the high mountains. Average annual temperatures
range from a maximum of 46 ◦C in August to a minimum of −2 ◦C in January [22].

Beni Mellal-Khénifra is one of the main agricultural regions of Morocco. It includes
960,000 Ha of arable agricultural area, or 34% of the total area of the region, including
205,000 Ha irrigated (or 21% of the useful agricultural area of the region and 15% of the
irrigated area in Morocco). The main cultivation sectors are cereals (70%), olive trees (12%),
and fodder crops (9%) [23]. Regarding animal production, the region’s total herd is around
4.6 million heads, with a predominance of sheep (65%), followed by goats (21%) and cattle
(9%). The predominance of cattle in the province of Fquih Ben Salah makes this province
the most predominant in milk production, with around 400 million liters (mL) of milk
produced in the region, followed by, respectively, Beni Mellal (70 mL), Khouribga (25 mL),
Azilal (20 mL), and Khénifra (15 mL) [23].

We chose the region of Beni Mellal-Khénifra because it is one of the main agricultural
regions of Morocco. This region is known for its diversity of crop sectors. Regarding the
contribution to national production, many fields of the region record significant rates, in
particular, cereal seed multiplication (30%), sugar beets (28%), citrus fruits (20%), olive
trees (15%), apple trees (12%), common cereals (11%), red meats (15%), and milk (14%).
Furthermore, special sectors of the region are characterized by their contribution to national
production, which ranges from almost half to almost all, including pomegranate (45%),
Niora (85%), and Sesame (90%). The region has an important agro-industrial infrastructure,
but it is not able to meet the expectations of a region with an essentially agricultural
vocation. In order to meet the increased demand, it must, therefore, better valorize its
agricultural production [23].
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2.2. Methodology and Data Preparation

The Agriculture Vulnerability Index (AVI) is an index used to assess the vulnerability
of agriculture to CC and anthropogenic impacts that can be applied at the regional level.
To design this index, four main steps were followed: identification of indicators from a
survey of experts in the field; collecting data from different sources, including ministerial
and government documents, scientific articles, and technical reports; and standardization
and presentation of results. The AVI was based on five components, namely, climate,
crop production, animal production, geography, and anthropogenic. For the climate
component, five relevant indicators, which have a direct impact on agriculture, were
chosen: temperature (T), precipitation (P), Normalized Difference Vegetation Index (NDVI),
Standardized Precipitation Index (SPI), and Vegetation Condition Index (VCI).

Daily data of temperature and precipitation were extracted and processed from the
Power Data Access Viewer from the website https://power.larc.nasa.gov/data-access-
viewer/, accessed on 20 July 2022, which provides solar and weather data sets from NASA
research for renewable energy support, building energy efficiency, and agricultural needs,
and all the parameters of which are available on a global grid of 0.5◦ × 0.5◦ latitude and
longitude. These datasets were therefore selected to provide the longest possible time series,
at least 30 years, as recommended by the World Meteorological Organization (WMO). Our
reference period covers 33 agricultural seasons, from 1 September 1982, to 31 August 2015.

The SPI was developed by McKee et al. [24] to quantify the precipitation deficit over
several timescales. The only input parameter is precipitation. The SPI can be calculated
for different timescales, which in turn provides early drought warning and helps assess
drought severity. It is less complex than the Palmer Drought Severity Index and many
other indices [25]. In this article, the SPI was calculated using R Studio software. From the
SPI values, we can determine the drought intensity according to a classification system
presented in Table 1.

Table 1. Drought classification based on SPI values [26–28].

SPI Value Drought Category

(2.0, +∞) Extreme wet

(1.5, 2.0) Severe wet

(1.0, 1.5) Moderate wet

(−1.0, 1.0) Normal

(−1.5, −1.0) Moderate drought

(−2.0, −1.5) Severe drought

(−∞, −2.0) Extreme drought

The NDVI is an indicator used to assess whether or not the observed area contains
living green vegetation, based on an analysis of remote sensing measurements via a spatial
platform. This indicator was developed from the work carried out by Tarpley et al. [29] and
Kogan [30] with the National Oceanic and Atmospheric Administration (NOAA) in the
US. In agriculture, NDVI data provide a measure of crop health. They are used to identify
and monitor droughts that affect agriculture [31]. In this study, we worked with data from
NOAA’s AVHRR satellite over the study period.

The VCI was developed by Kogan with NOAA in the United States. The VCI is used
to identify drought situations and determine their onset, duration, and severity, especially
in areas where drought episodes are localized and poorly defined, noting changes in
vegetation and comparing them with historical values [31]. In this study, the CVI was
calculated from the NDVI time series according to the following formula:

VCI(i) =
NDVI (i)− NDVI min

NDVI max − NDVI min
∗ 100 (1)

https://power.larc.nasa.gov/data-access-viewer/
https://power.larc.nasa.gov/data-access-viewer/
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where:

NDVI(i) of the period studied;
NDVI min: minimum of the time series studied;
NDVI Max: maximum of the time series studied.

The following equation was applied to estimate the vulnerability scores of the compo-
nents used:

AVI = ∑(c1 + c2 + c3 + c4 + c5) (2)

c1: Component 1 = climate
c2: Component 2 = crop production
c3: Component 3 = animal production
c4: Component 4 = geographic
c5: Component 5 = anthropic

Regarding the components, they were calculated as follows:

c1 = T + P + NDVI + SPI + VCI
c2 = Total Area + irrigated useful agricultural area
c3 = Litter production + cattle + sheep + goats
c4 = Total Area + medium relief
c5 = Demographics + illiteracy + unemployment

After collecting all the data for the five components, we normalized all the indicators
to transform their measured values on different scales and using different units of measure
into unitless values on a common scale. A standard range of values from 0 to 1 was used
according to the formula [32]:

IN = I/Imax (3)

where:

IN = value of the standardized indicator;
I = value of the indicator;
Imax = maximum value of the indicator in the region.

After the normalization of all our indicators, weighting was applied. Weighting an
index refers to giving different weights to the values that make up the index, according
to the various criteria that reflect the relative importance of each element. We, therefore,
made the weighting according to the results of our expert opinion survey.

The objective of our “expert opinion” survey is to select the most relevant indicators
that have a relationship with the vulnerability of agriculture, scoring the indicators from
0 to 5 (0 = not important, 5 = very important). This survey was done through the Google
Form platform. The data collected from this survey were processed anonymously. The
respondents to this questionnaire are researchers, university professors, and doctoral
students in the field of environment and climate change.

After weighting, we aggregated our components. This method is used to combine
the information from the different indicators into a composite indicator that represents
vulnerability as a single component. We used the “Weighted Arithmetic Aggregation”
method. This is a common, simple, and transparent aggregation method. To calculate the
Composite Indicator (CI) of a component of vulnerability, the individual indicators (In) are
multiplied by their respective coefficients (wn), added together, and then divided by the
sum of all their coefficients (w), as shown in the following formula:

CI = (I1 ∗ w1 + I2 ∗ w2 + . . . In ∗ wn)/
n

∑
1

w (4)

The sum of the 5 components used provides the total agricultural vulnerability index.
Each category was given a designation of the level of vulnerability (see Table 2).
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Table 2. Agricultural vulnerability index designations.

Index Value Designations

<0.2 Very low vulnerability

0.2–0.4 Low vulnerability

0.4–0.6 Moderate vulnerability

0.6–0.8 High vulnerability

0.8–1 Very high vulnerability

3. Results

The results of rainfall variability during the agricultural year (September–August)
reveal that the rainfall regime in the Beni Mellal-Khénifra region has been very unstable.
The results show that the rainfall variability of the region has kept increasing during
the period 1982–2015 (Figure 2a and Figure S1). The temporal distribution of average
temperatures in the region is subject to several fluctuations with a slightly increasing trend.
In this instance, results revealed high-temperature variability in this region over the period
1982–2015 (Figure 2a).

Figure 2. Evolution of climate indicators of Beni Mellal-Khénifra region over the period 1982–2015.
(a) Evolution of the cumulative rainfall and the average temperature; (b) Evolution of NDVI; (c) Evo-
lution of VCI; (d) Evolution of SPI.

The results show a consistent trend from low variability, which has an increasing trend
of NDVI data in the study area. The maximum value is 0.3811 for the year 2012–2013. The
minimum value is 0.29810 recorded during the period 2006–2007 (Figure 2b).

The variation of the VCI index in the study area shows a clear fluctuation with an
increasing trend during the period 1982–2015. The minimum value is 29.33 recorded in
2007–2008, and the maximum value is 46.74 for the agricultural year 2011–2012 (Figure 2c).
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Figure 2d shows the evolution of the SPI in the study area during the period 1982–2015.
It can be seen that there is an alternation of dry and wet periods. These periods were
longer during the first years, from 1982 to 2002. Thereafter, we notice that these periods
have become shorter. For the years 1984–1985, 1992–1993, and 1998–1999, the results
show moderately dry years. The period 2008–2011 is characterized by a remarkable
wet season.

Table 3 shows the scores of the standardized indicators selected according to the five
components proposed for the five provinces of the Beni Mellal-Khénifra region.

Table 3. Standardized indicator scores of the agricultural sector according to the five proposed
components for the * five provinces of the Beni Mellal-Khénifra region (Morocco).

Provinces

Component N◦ Indicator
Names/Variable Unit Beni

Mellal Azilal Fquih Ben
Salah Khénifra Khouribga

Climate

1 Temperature ◦C 0.836 0.827 1.0 0.811 1.0

2 Precipitation mm 0.902 0.664 0.758 1.0 0.758

3

Normalized
Difference

Vegetation Index
(NDVI)

* 1.0 0.563 0.708 0.604 0.563

4
Standardized

Precipitation Index
(SPI)

* 0.144 0.177 0.019 1.0 0.019

5
Vegetation

Condition Index
(VCI)

* 1.0 0.974 0.874 0.848 0.735

Crop
production

6 Total area Ha 0.377 1.0 0.226 0.630 0.398

7 Irrigated Useful
Agricultural Area Ha 0.534 0.258 1.0 0.166 0.029

8 Milk production Million
Liter 0.259 0.074 1.0 0.056 0.093

Animal
production

9 Cattle Head 0.251 0.236 1.0 0.503 0.379

10 Sheep Head 0.457 1.0 0.458 0.810 0.701

11 Goats Head 0.031 1.0 0.078 0.372 0.110

Geographic
12 Total area Km2 0.451 1.0 0.253 0.668 0.423

13 Medium relief
(altitude) m 0.344 1.0 0.327 0.618 0.587

14 Demographics Inhabitants 0.993 1.0 0.908 0.670 0.974

Anthropic 15 Illiteracy (Nb) % 0.737 1.0 0.828 0.918 0.658

16 Unemployment % 0.671 0.362 0.486 0.679 1.0

In terms of climate vulnerability (Figure 3a), Khénifra province is the most vulnerable,
followed by Beni Mellal, Fquih Ben Salah, Azilal, and Khouribga, respectively. Figure 3b
shows that the province of Azilal is the most vulnerable in the crop production component,
followed by Fquih Ben Salah, Beni Mellal, Khénifra, and Khouribga respectively.
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Figure 3. Agricultural vulnerability of the provinces in the region of our study is classified according
to the five components: (a) Climate; (b) Crop production; (c) Animal production; (d) Geographic;
(e) Anthropic.

For the animal production component (Figure 3c), the agricultural vulnerability score
indicates that the most vulnerable province is Fquih Ben Salah with a score of 0.63, followed
by Azilal, Khénifra, Khouribga, and Beni Mellal, which is the least vulnerable province
with the lowest score.

Regarding geographical vulnerability, the province of Azilal has a very high vulner-
ability with a score of 1. It is followed, respectively, by Khénifra, Khouribga, and Beni
Mellal, whereas the province of Fquih Ben Salah is the least vulnerable (Figure 3d). As
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regards anthropic vulnerability, the province of Khouribga is the most vulnerable. The
provinces of Beni Mellal, Azilal, and Fquih Ben Salah follow it, respectively. The least
vulnerable province is Khénifra with a score of 0.73, which is in the high vulnerability
category (Figure 3e).

Regarding the vulnerability of agriculture to climate and anthropic change (Figure 4),
the province of Azilal is the most vulnerable with a percentage of 25%, followed by Khénifra
and Fquih Ben Salah with a percentage of 20% each, then Beni Mellal with a percentage of
18%, and finally Khouribga with a percentage of 17%, the least vulnerable.

Figure 4. Agricultural vulnerability of the provinces of Beni Mellal-Khénifra region.

Anthropogenic effects are those that are derived from human activities, as opposed to
those that occur in natural environments without human influence. In our study, we chose
three anthropogenic indicators: demography, illiteracy, and unemployment. In the region
of Beni Mellal-Khénifra, the province of Azilal has the largest population of which 47.6% are
illiterate, the highest percentage of illiteracy in the region, while the province of Khouribga
records the highest rate of unemployment in the region, which is 24.3% (HCP, 2016).

The heatmap represents the values of a primary variable of interest across two-axis
variables as a grid of colored squares. The axis variables are divided into ranges like a bar
graph or histogram, and the color of each cell indicates the value of the primary variable in
the corresponding cell range.

We may consider a heat map to be a data-driven “paint-by-numbers” grid overlaid on
an image. Simply summarized, an image is divided into a grid, and in each square, the heat
map shows the relative intensity of the values captured by the eye tracker by assigning
each value a color representation. Each grid square indicates the correlation between the
variables on each axis. The range of correlation is from −1 to +1. Closer to zero means
that there is no linear trend between the two variables. More closely correlated to 1 means
that they are positively correlated, i.e., as one increases, the other increases, and the more
closely correlated to 1, the stronger the relationship. When the correlation is close to −1, it
is analogous; however, instead of both variables increasing, one decreases when the other
increases. On our heat map (Figure 5), the diagonals are almost all red. For the rest, the
larger the number and the darker the color, the higher the correlation between the two
variables. On the other hand, the closer the number is to −1, the more the color varies
towards dark blue. The graph is not symmetrical concerning the diagonal, because the
same two variables are not associated in these squares. All these variables interact in a
complex way.
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Figure 5. Heat map of the different correlations between the components and the provinces of our
study area.

Figure 6 is a cartographic representation of the five components and the vulnerability
of agriculture in the Beni Mellal-Khénifra region.

Figure 6. Maps of the 5 components and vulnerability of agriculture in the Beni Mellal-Khénifra region.
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4. Discussion

CC is reflected in the region of Beni Mellal-Khénifra in different forms: the increase and
irregularity of temperatures and precipitation, the increase in the frequency and duration
of droughts, and the fluctuation and increase in the indices VCI and NDVI. These events
have a significant impact on agriculture, resulting in a reduction in agricultural production
and livestock and pastoral resources. This leads to important impacts on food security
and income of rural communities. The results show that the province of Azilal is the most
vulnerable, followed by the provinces of Fquih Ben Salah and Khénifra in equality, then
the province of Beni Mellal, and finally Khouribga, which is, therefore, the least vulnerable
province to climate change.

Agriculture is the sector that may be most seriously affected by CC, as crop and
livestock systems depend critically on climatic variables such as precipitation and tempera-
ture. In particular, CC affects agricultural water requirement, water availability, and water
quality [33,34].

Climate generally impacts agricultural water use in two different ways [35]. The first
is that by altering key components of crop growth such as precipitation, evaporation, and
solar radiation, a changing climate will have a direct impact on the supply and demand
for agricultural water. Secondly, there is a significant impact of CC on crop yields, which
indirectly affects their water productivity. During recent decades, there has been no
significant change in the global amount of precipitation, but global warming has caused a
significant increase in average evaporation [36].

The findings show that the two climate indicators precipitation and temperature are
unstable and tend to increase. The region of Beni Mellal-Khouribga is characterized by a
semi-arid climate. The region is located near the Middle Atlas and therefore benefits from
the rains generated by the Atlantic disturbances through the reliefs. Precipitation behavior
is difficult to analyze due to the geographical position and the relief that influence their
random distributions [1]. CC and human impact are the main stressors affecting natural
resources (especially water and soil) on a global scale. As a result, drought and desertifica-
tion are the most common. These phenomena are closely linked, and mainly affect people
who rely on the resources [37]. In recent decades, to assess various drought events, several
drought indices have been developed and applied worldwide [38–40]. Drought events
have drought transmission and progression relationships, and their onset and development
processes often induce a series of different drought types, such as agricultural drought,
hydrological drought, and meteorological drought [41]. The most widely used drought
indices for meteorological and hydrological drought assessment are the Standard Precipita-
tion Index (SPI) and the Standard Runoff Index (SRI), respectively, due to the following
advantages: robust and flexible time scale, relatively simple to calculate, and limited data
requirements [42].

In this study, we chose the SPI index because precipitation is the only parameter
needed. It is less complex than other indices. It is possible to calculate the index for
different time scales, which makes it possible to detect drought situations quickly and
assess their severity. It was concluded that there are alternating dry and wet seasons. These
seasons tend to change in frequency.

Vulnerability assessment is a key tool for the identification and planning of appropriate
adaptation actions and policies needed to cope with climate-related challenges. According
to Kamal et al. [1], there is a widening of the warm season and a narrowing of the cold
season. In addition, an increasing trend of consecutive dry days is observed in Beni Mellal
and Khouribga. They also pointed out that these trends are not statistically significant.

To detect and monitor droughts affecting agriculture, we used the NDVI index. It
is an index with innovative use of satellite data of very high resolution and wide spatial
coverage to monitor the state of vegetation with drought. In addition to this index, we
calculated the VCI index, which is combined with the NDVI. It is used to assess vegetation in
drought situations that affect agriculture. Future CC could affect crop growth in Morocco’s
main food-producing provinces. The importance of agriculture in this region must be
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emphasized, as the local economy depends on this activity. The main crops in our region
are cereals, oilseeds, and fodder crops. These two indicators are directly related to climate.
Therefore, both are directly influenced by the fluctuations of the local climate, mostly the
amount of water available from precipitation episodes in the arid and semi-arid areas [22]. A
possible explanation for the contrasting differences between these indicators is the complex
relationship between rainfall anomalies and vegetation cover. The varying vegetation
cover behavior is also influenced by climatic conditions, availability of natural resources,
and land-use practices, including the amount and distribution of rainfall, the amount
of irrigation provided and how it is accessed, soil quality, and the crop management
system [22].

In this study, the results of the assessment of agriculture according to our index show
that the most vulnerable province to climate change is Azilal due to its geography, although
it was not the most vulnerable in terms of climate component. It is followed, in terms of
vulnerability by the province of Khénifra, which shows a very high vulnerability due to
the climate, then the province of Fquih Ben Salah with a score of 0.81. This province marks
a high vulnerability of animal production components. Beni Mellal in its turn marks a
vulnerability score within the high vulnerability category. The province with the lowest
score in the agricultural index is Khouribga because it was the least vulnerable in terms
of climate and crop production, but the most vulnerable according to the anthropogenic
component. According to these results, some indicators are more impactful than others,
without neglecting the effect of the latter. It is therefore concluded that the environmental
conditions, climatic and anthropic, impact agriculture by making it more vulnerable.

Some adaptive measures need to be applied. The following points are proposed: rais-
ing farmers’ awareness of climatic and demographic problems, poor resource management,
choice of crops, overgrazing, supply and demand management, etc.; initiating stakeholders
in the agricultural field to take into consideration the results of scientific research and news;
improving the cultural level of stakeholders in the field through training, internships, semi-
nars, forums, etc., so that they can easily access information and news in the agricultural
field, introduce university programs specializing in climate change, and build technical
capacity to integrate climate-smart farming techniques.

It should be noted that we framed our research work according to the sustainable
development agenda. We associated Goal 2 (“Zero Hunger”) with Goal 13 (“Climate
Action”). The integration of the social dimension with agriculture is very important given
their impact on the environment. The most similar models to the proposed index are
described in Table 4.

The RH model seeks to understand the impact of the hazard as a function of exposure
to a hazardous event and the sensitivity of the exposed entity; in other words, to understand
the exposure and sensitivity of the entity in question to the phenomenon under study. The
shortcomings of this model are: it does not address attenuation or amplification; distinctions
between subsystems and exposed components resulting in significant variations in hazard
consequences; and the involvement of the political economy, particularly structures and
social institutions, in determining differential exposure and consequences [44].

In the PAR model, the risk is defined in terms of the disruption of the stressor and the
vulnerability of the unit exposed. It focuses on the conditions that lead to vulnerability by
making the exposure conditions unsafe, and on the causes that create these conditions. The
main value of this model is to address the social categories facing disasters and to emphasize
the distinctions of vulnerability by different exposure units (e.g., class, ethnicity). Thus,
this model highlights vulnerability. Among its weaknesses, the model does not address
subsystem vulnerability through the coupled human–environment systems. It provides
insufficient insight into the causal sequence structure of hazard, including interlocking
scales of interaction, as well as tends to underestimate the system-wide feedback that
integrative RH models involve [45].
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Table 4. Description of the AVI index developed in this study and some other existing indicators.

Index Turner’s Model Risk-Hazard Model Pressure and
Release Model

Driver-Pressure-State-
Impact-Response

Model
Agricultural

Vulnerability Index

Abbreviation - RH PAR DPSIR AVI

Aim

Vulnerability results
from exposure to
hazards and the
resilience of the

system experiencing
those hazards.

Coupled human-
environmental

systems and the
linkages within and
outside the systems

affect their
vulnerability.

The impact of a
hazard is a function

of the exposure to the
hazardous event and

the dose–response,
which is the

sensitivity of the
exposed entity.

Risk is defined as a
function of the

disturbance, the
stressor or stress, and
the vulnerability of
the exposed unit.

It is a causal framework
describing

society–environment
interactions: the impact

of humans on the
environment and the

other way around
because of the
components’

interdependence.

To assess vulnerability
to CC, we integrated

the social dimension to
agriculture by grouping
the indices into 5 main
components: Climate,

Crop Production,
Animal Production,

Geography, and
Anthropic.

author Turner et al. 2003 Livermann 1990 Blaikie et al. 1994

Organization of Eco-
nomic Cooperation and
Development (OECD,

1993) and the Euro-
pean Environment

Agency (EEA, 1995)

This study

reference [43] [44] [45] [46] This study

Turner’s model has been anticipated or incorporated into both the RH model and the
PAR model. This model, also known as the development of vulnerability analysis, is based
on three major concepts: rights, adaptation through diversity, and resilience. Moreover,
different systems maintain different sensitivities to disturbing factors. This characteristic of
the population is strongly linked to legal and customary rights to have control over food
and the necessities of life [43].

The DPSIR model is one of the initial tools for the adaptive management of social-
ecological systems. It has been used to analyze and assess social and ecological problems
in aquatic systems under anthropic influence. Its wide use is the result of these two char-
acteristics: (i) it frames indicators according to policy goals related to the environmental
problem being addressed, and (ii) it focuses on presumed causal relationships in a straight-
forward manner that challenges policy actors. This tool is aimed at assessing environmental
problems arising from human activities to contribute to the achievement of sustainable
development. Hence, it is likely to be biased in favor of nature conservation. However, it
is noteworthy that it also favors the “win–win” approach as being in the best interest of
society [46].

By comparing the proposed AVI with the other vulnerability models shown in Table 4,
five components at different scales were established, namely, climate, crop production,
livestock production, geography, and anthropic. The AVI gives an overview of the social-
agricultural relationship while integrating the climate dimension, which is a major factor
of vulnerability to climate change.

In the current study, we used different spatiotemporal information following the
availability of official data. Our AVI can be applied at different scales. It should be noted
that our index has very important characteristics. It is simple, valid and relevant, reliable,
and credible. It has a precise meaning; the direction of its evolution is clear. It is practical
and affordable and can be used for different studies. However, it can be refined and adjusted
according to the data, type, and area of research we want to conduct. This proposed index
is a simple but important method to inform vulnerability to climate and anthropogenic
change. It provides only a qualitative analysis based on five heterogeneous components. As
a result, understanding and interpreting the results is more complex, which can influence
how decisions are made. It was difficult to select the most relevant indicators because
they are relative to the period and data available in our study area. Access to the database
is the most difficult to manage due to the lack of updated data. Furthermore, variations
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in the number of indicators in each component can affect the scores. Among the main
limitations of this method is the lack of study of the impact of extreme weather events
on agriculture [47,48]. Adding the impact of these phenomena to our method should be
considered in a future study.

5. Conclusions

The findings show that the province of Azilal is the most vulnerable, followed by Fquih
Ben Salah, Khénifra, and Beni Mellal successively. The province of Khouribga remains
the least vulnerable. It is difficult to make a precise assessment of vulnerability to climate
change, due to the lack of official data required. Nevertheless, more data were collected via
an expert opinion survey, official documents, and websites to complete this assessment.
The vulnerability assessment index will guide actions to improve resilience to CC in the
study area. In this regard, it will serve as a planning tool for decision makers, considering
the vulnerabilities of smallholder farmers to CC by integrating all climate-related risk
indicators in the area. Similarly, the vulnerability map and its associated indicators can
be used as a metric for adaptation to climate change. They would thus serve as a tool
for monitoring and evaluating the efforts undertaken. The assessment and diagnosis
of vulnerability is an important step to initiating adaptation. Decision makers should
choose this tool because of its simplicity and transparency, the data used are reliable and
therefore easy to apply. Accordingly, we should encourage some key points to renovate the
agricultural sector in this region, including improving the capacity of farmers, strengthening
the resilience of agricultural infrastructure, improving and strengthening research on
climate and agriculture, developing sustainable agriculture, disaster risk management,
and, last but not least, encouraging the implementation of scientific research results in the
agricultural sector.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su142013166/s1, Figure S1: Cumulative rainfall and average
temperature of Beni Mellal-Khenifra region.
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