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Abstract: To cope with the growing agrarian crises in Afghanistan, the government (following the
fall of the Taliban regime in 2002) has taken measures through cropland expansion “extensification”
and switching to mechanized agriculture “intensification”. However, cropland expansion, on one
hand, disturbs the existing land use/cover (LULC) and, on other hand, many socio-economic and
biophysical factors affect this process. This study was based on the Kabul River Basin to answer
two questions: Firstly, what was the change in LULC since 2001 to 2010 and, secondly, what are
the drivers of cropland change. We used the spatial calculating model (SCM) for LULC change
and binomial logistic regression (BLR) for drivers of cropland change. The net change shows that
cropland, grassland, water-bodies, and built-up areas were increased, while forest, unused, and
snow/ice areas were decreased. Cropland was expanded by 13%, which was positively affected
by low and plain landforms, slope, soil depth, investment on agriculture and distance to the city,
while it was negatively affected by plateaus and hill landforms, dry semi-arid, moist semi-arid, and
sub-humid zones, precipitation, population, and the distance to roads and water. Climate adaptation
measures, cropland protection in flood prone zones, population and rural migration control, farmer
access to credit, irrigation, and inputs are necessary for agricultural deployment.

Keywords: Kabul river basin; land use/cover change; spatial calculating model (SCM); binomial
logistic regression (BLR)

1. Introduction

In Afghanistan, due to weak industrialization, agro-ecosystem services remain as a main source
of livelihood and economy. More than 80% of the population of the least developing country is directly
or indirectly involved with agriculture and allied activities that contribute 24% to the country’s gross
domestic product (GDP) [1]. Furthermore, agriculture accounts for 40% of the active labor force
in the country [2]. Agriculture has not been able to meet the food demand of the country despite
being a major activity of a large population. Land and water management is the basis for food
security and rural economy in Afghanistan. However, following decades of war and instability in the
country, the agrarian sector has lost productivity and has become extremely poor. The crisis grows as
rapid population growth, coupled with changes in food preferences, further add to the pressure on
agricultural production. In the context of this rapid change in land use and related policy implications,
this study attempts to analyze the change in land use and land cover (henceforth, LULC) in the Kabul
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River Basin of Afghanistan. The paper also explores the drivers of cropland change since it is the most
critical land-cover in the context of the growing demand for food in Afghanistan.

To cope with the growing agrarian crises and meet with the increasing food demand in
Afghanistan, the current governmental setup (following the fall of the Taliban regime in 2002) aimed
at improving the local food production through a combination of conversion of non-cropland into
cropland “extensification” and switching to mechanized agricultural “intensification”. As per the
“National Comprehensive Agriculture Development Priority Program-2016–2020”, the government
was committed to further increase the irrigated land from 2.4 million ha to 3.1 million by 2025 [3].
However, the cropland expansion comes at a cost of disturbance to the existing LULC base [4].
Implemented at its simplest form, extensification may convert forest, grass, and rangelands into
cropland. For instance, the increase of corn and soybean production in the eastern corn-belt in the USA
converted significant grassland into croplands [5]. Agricultural land expansion presents a complicated
tradeoff of its services. On one hand, agricultural land provides essential food, feed, and fiber and,
on the other hand, in their natural state, these lands could provide additional important ecosystem
services, such as terrestrial carbon stock.

There are additional complications because investing in agricultural land expansion is not an
easy matter. Many socio-economic and biophysical forces may also affect the LULC base. The rapid
urbanization and rapid socio-economic development in some areas would challenge the expansion of
cropland. Between 2003 and 2013, the population growth in rural and urban area was 16% and 34%,
respectively [6]. Additionally, the influences of ongoing climatic and biophysical changes are likely to
change the LULC and may affect the capability of the agro-ecosystem.

In the context of the agrarian crisis, the government priority for cropland expansion and the
challenge of urbanization and population growth, this study attempts to answer two questions. Firstly,
what was the overall change in LULC base in the last decade since the end of the war and, secondly,
what are the significant drivers of cropland change? These questions have gained extreme importance
for policy-makers as solving agrarian crises through agricultural land expansion is in conflict with
saving these lands for other kind of ecosystem utility such as forest covers. Due to the lack of scientific
data and trained researchers that resulted from decades of war, the existing scientific studies on
LULC change patterns and assessment of the related driving forces are negligible in Afghanistan.
On the contrary, worldwide, there have been many studies on the assessment of LULC change and the
associated driving factors. Particularly, econometric and theoretical economics have been widely used
for this reason [7–10].

Land is considered to be a limited resource with an economic value. The use of land, which is
affected by several socio-economic and geophysical factors, determines the value of land. Theoretically,
the change of use of land from one to another would follow the demand and supply theory of
markets [11,12]. Under the full market competition condition, the conversion of a land use from one
type to another will continue until the marginal benefit (MB) and marginal cost (MC) curves of land
use change intersect each other. To trace the contribution of different socio-economic and biophysical
factors in land use change (i.e., from one value to another), researchers use different models, such as
regression, and machine learning algorithms, such as support vector machines (SVM) [13–17]. LULC
change models deal with land issues that range from simple system representations to simulation
systems based on a deep understanding of situation-specific problems with consideration of a
large number of drivers at different spatio-temporal scales [18–20]. There are simulation-based
methodologies, such as cellular automata models, which apply complex sets of rules accounting for
possibilities of transition of urban land-use to random human behavioral changes in modeling LULC
change [21]. However, due to the flexibility of too much modification and the lack of standard rules of
transition, cellular automata models are mostly used in academic practice. Recently, many researchers
have focused on calibration modeling, as it has defined transition rules that accurately represent
the evaluation of past land uses [21]. Traditionally there are two ways of calibration modeling—(1)
trial and error based method; and (2) statistical techniques [21,22]. From statistical techniques, the
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regression modeling is most commonly used [16]. Although the recent simulation models are precise
in dealing with small details of LULC change, the statistical regression models are easier in practice
and can deal with spatiotemporal changes of land systems in accordance with the changes of driving
forces with a fair degree of precision [23]. Within the regression modeling, there are two particular
approaches in assessing the spatial dependency—firstly, autoregressive structure (consisting of many
models) and, secondly, spatial sampling of plots [24]. In spatial samplings, logistic regression modeling
is one of the most utilized approaches in recent years, particularly when predicting land uses [13,16,17].

When, in logistic regression, the dependent variable has two possible outcomes it is called
binary logistic and when the possible outcomes are more than two, it is called multinomial logistic
regression [25,26]. In the case of binary analysis, based on the understanding of random utility
and profit maximization theory of land, the change of land use can be linked with the drivers of
change [14,15,27,28].

A large number of the researchers have applied binomial logistic models using four categories
of factors as independent variables explaining LULC change—namely, climatic, biophysical,
socio-economic, and neighboring factors [29–31]. For instance, Arowolo and Deng used the binomial
logistic regression (BRL) model for analyzing the factors of agricultural land use change in Nigeria
between the time periods of 2000 to 2010 [29]. Since the outcomes of dependent variables are
unobserved and discrete, the ordinary least square (OLS) is not suitable; therefore, the maximum
likelihood (ML) method in logistic modeling is used [29].

In some of the cases when dealing with high correlation problem amongst the predictors, other
models such as principal component analysis (PCA), general linear model (GLM) [32], and ridge
regression method were used for assessment of land use change [33]. In Afghanistan, the impact
of war and institutional changes on LULC changes have been studied by selecting four governance
periods and comparing the LULC change across and within those periods [34]. Considering the high
environmental heterogeneity and the socio-economic turbulence in Afghanistan, the study suggested
separate zone-wise LULC studies.

In view of the given importance of agro-ecosystem services, and the unprecedented impact of
climatic and socio-economic changes on cropland use in the coming decades in Afghanistan, this
study was, therefore, designed to assess LULC change and the related drivers of cropland expansion.
Utilizing the existent literature on LULC change modeling, this study attempted to apply such models
in the data-scarce situation of Afghanistan and fill the research gap. This study considered the high
spatial environmental and socioeconomic variability in Afghanistan for analyzing the LULC, as earlier
suggested by De beurs and Geoffrey [34]. This study selected the Kabul River Basin (KRB), the eastern
region of Afghanistan, as the study area to investigate the LULC change and the related driving forces
of cropland change.

2. Data and Methodology

2.1. Study Area

Afghanistan is located in a semi-dry region where the winter snowfall in high-altitude mountains
are the origins of life-supporting river systems. The river systems divide the country into five
major basins, namely; he Amu Darya Basin, the Western River Basin, the Helmand River Basin,
the Northern River Basin, and the Kabul River Basin (KRB). This research was conducted along the
KRB in Afghanistan (Figure 1). The river originates from the northern mountains in Afghanistan and
after passing through 700 km, it finally flows to the Indus River in Pakistan [35]. Within Afghanistan,
this river flows though many provinces and covers an area of 63,000 km2. The hydrological and
physiographical characteristics divide the river basin into three sub-basins of Panjshir, Upper Kabul,
and Lower Kabul. The rainfall during spring and winter seasons derives the Upper Kabul (Logar),
whereas the summer snow melt mostly fed the Panjshir River [36]. The significant topographical
variation, ranging from 420 m above the sea level to 6000 m above the sea level, characterizes the
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KRB. The lowlands, the most suitable land for agriculture, are mainly located in the central and
eastern parts of the KRB, whereas, the northern part contains the high-elevation mountains [37].
Moreover, the KRB is also characterized by high spatial variation in mean annual temperature
and precipitation. The monthly average precipitation and temperature is about 13 ◦C and 33 mm,
respectively [37,38]. However, the precipitation in the northern Hindu Kush Mountains reaches
approximately 160 mm/month.

The river basin is also considered the most critical region for its socio-economic indicators. Almost
one fourth of the country’s settlements and one third of the total population live in this basin, three
times denser than the other four river basins [1]. Some of the major cities, such as Kabul and Jalalabad,
are located in this river basin. Agriculture and livestock are the main source of livelihoods in the KRB.
Agriculture is largely irrigated and shares around one-fifth of the total irrigated land in the country.
The river basin also holds around two-thirds of the total forest resources in the country [39].
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2.2. Data Handling

The data used in this study was collected from different secondary sources. The study used
several datasets of LULC, socio-economic, and biophysical factors to assess the land use change and
the associated determinants of cropland expansion. The LULC, socio-economic, and climate data used
in this study were required for the years 2000 and 2010, while the biophysical and neighboring factors,
i.e., AEZs, landforms, soil parameters, slope, elevation, distance to city, distance to water, and distance
to road networks, as they are assumed constant in shorter period of time, were required as one point
data. Additionally, all of the data used in this study were required in gridded maps format. Some of
the socio-economic parameters, however, were not available in the form of desired gridded maps
or resolution. To cope with this, GIS techniques to interpolate tabulated data and produce gridded
maps were used. In order to conduct regression analysis, using GIS 10.2 software (ESRI, Redland,
CA, USA) [40], all the data was reassembled to 250 m × 250 m resolutions. Below this resolution, the
software was unable to support the large pixel number. The description and source of each data is
presented in the subsequent discussion.

2.2.1. Preparation of Biophysical Data

The 30 × 30 m LULC data was derived from the online source of www.globallandcover.com [41].
The overall classification accuracy of this data is 84% and the Kappa value is 0.78 [41]. The descriptions
of LULC are presented in Table 1. The topographical aspect data, i.e., slope and elevation were derived

www.globallandcover.com
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from the Shuttle Radar Topography Mission-Digital Elevation Model (SRTM-DEM) which is available
online http://srtm.csi.cgiar.org [42]. Similarly, the soil aspects were collected from International Soil
Reference and Information Center (ISRIC) www.soilgrids.org [43]. The overall validation accuracy of
the used models for soil properties mapping is 61% [44].

Table 1. Land use/cover description.

Reclassification Code Land Use/Cover Type Description

1 Cropland Includes land used for agriculture, horticulture and gardens

2
Forest

Land covered with trees, withvegetations cover over 30%, including
deciduous and coniferous forest, and spare woodland with 10–30%
vegetation cover

* Shrubland
Land covered with shrubs with cover over 30%, including and
deciduous and evergreen shrubs and desert steppe with 10–30%
vegetation cover

3 Grassland Lands covered by natural grass with vegetation cover over 10%

4
Water bodies Including river, reservoir, fish ponds etc

* Wetland Land covered with wetland, marshes, and peat bogs.

5 Built-up Land modified by humans such as habitation, industrial and mining
area, transportation etc.

6 Bareland (unused) Land with vegetation cover less than 10%.

7 Permanent snow/ice Land covered by permanent snow, glacier and icecap

* Note: Due to the marginal size of LULC types and the main focus of the current study, shrub was merged
withforest and wetland was merged withwater bodies.

2.2.2. Climatic Data

To capture the impact of climatic factors on cropland expansion, the monthly average temperature
and precipitation data was utilized in this study, similar to what was used elsewhere [45,46].
The station-based data were acquired from the Ministry of Agriculture, Afghanistan. To further
estimate the impact of climate factors at pixel level, GIS software was used to produce the gridded
maps of both temperature and precipitation. For this reason, the Kriging spatial interpolation method
was adopted. The similar interpolation method was suggested by earlier studies [47–50].

2.2.3. Socio-Economic Data

Land use change drivers are defined as underlying and proximate [51]. The systematic and
structural contact of human with ecosystem reflected by underlying drivers, representing accessibility
to technologies, land, information and manpower, lead to human activities and proximate causes of
LULC change [52]. The increasing human population and their activities, leading to rapid urbanization
and industrialization, continue to pressurize LULC base [33,53,54]. Therefore, the appropriate
selection and accurate measurement of the impact of socio-economic factors in land use change
modeling remained vital for defining the potential change and avoiding the uncertainty in future
planning [33]. Based on the research objectives, methodological techniques and data availability,
researchers have used a variety of variables. The study of Deal and Pan [55] specifically mentioned
that the socioeconomic factors, such as economic development, demographic distributions, and human
mobility interact with the dynamics of LUC processes. Therefore, the economic parameters (such
as GDP), spatial interactions of neighboring parameters (such as roads, cities, and water), and most
importantly population distribution are the most commonly used socio-economic parameters in LULC
modeling [29,55–58]. Based on our study objectives and the data accessibility, we have also used the
above factors to understand the socio-economic impact on land use land cover change. As the make-up
and impact of the driving forces of LULC may not be the same across regions [59,60], we needed to
apply various data processing techniques in order to prepare the spatial layer of socio-economic data.

http://srtm.csi.cgiar.org
www.soilgrids.org
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The pixel level population data for the years of 2000 and 2010 was obtained from the online source
of www.worldpop.org.uk [61]. The spatial influence of neighboring factors, i.e., the distance to major
cities, water, and roads are, on one hand, considered important for agricultural development and,
on other hand, they also attract non-agricultural activities in the area, pressuring agricultural lands.
To capture the influence of neighboring factors on cropland change, this study used the distance of
cropland from city, roads and water. To measure distance from the city, the coordinates of provincial
offices (as a proxy of city center) were identified by using Google Earth Pro software (Mountain View,
CA, USA) [62]. Secondly, the Euclidian distance function of the GIS software was used to produce
250 m × 250 m pixel maps of the distance from the provincial capital city. A similar process was
also applied to estimate the distance of each pixel from water and roads networks. The shapefiles of
water lines and roads were acquired from the online source www.diva-gis.org [63]. Then the Euclidian
distance function of GIS software was applied and produced the 250 m × 250 m maps of the distance
to roads networks and the distance to water lines.

To assess the impact of economic growth on cropland use change, many researchers have used
Gross Domestic Product (GDP) as a proxy. However, due to the lack of GDP data at the small scale in
Afghanistan, the percentage poverty and the per hectare governmental investment on agriculture in
each province were used as proxies to economic power. The tabulated data of the poverty percentage
and investment on agricultural development were obtained from the website of the Central Statistical
Organization (CSO). The spline interpolation algorithm function of GIS was applied on these tabulated
data and produced 250 m × 250 m gridded maps, similar to the method that was used elsewhere [37].

2.3. Analytical Tools and Equations

The two main questions of the study were analyzed by first evaluating the change rate of different
types of LULC in the KRB and then analyzing the magnitude of the impact of driving forces of LULC
change on cropland change.

2.3.1. Evaluating the Land Use Change Rate

To calculate the land use change rate in the KRB, the spatial calculating model (SCM) was used [64].
To apply the model, seven types of land-use were identified viz. cropland (1); forest (2); grassland (3);
water bodies (4); built-up land (5); unused land (6); and snow or ice (7) for the base year i.e., 2000,
and final year, i.e., 2010. Land-use of 2000 was cross tabulated with that of 2010 to derive a Land-use
transition matrix. The change rate of land was derived applying the following equation:

CRLi =


(

LA(i,t1) − ULAi

)
+
(

LA(i,t2) − ULAi

)
LA(i,t1)

· 1
T2 − T1

·100% (1)

where CRLi is the change rate of land during the given time period, i.e., from first time period to
second time period; T1 is 2000 and T2 is 2010.

i varies from 1 to 7 depending on the type of land-use.
LA(i,t1) and LA(i,t2) represent the pixels/area of i type of land at the years of t1 and t2

respectively; and
The term ULAi is derived from the diagonal elements in the land-use change matrix (Table 3) and

represents the total unchanged pixels/area of i type land during this period.
In the equation, the terms

(
LA(i,t1) − ULAi

)
and

(
LA(i,t2) − ULAi

)
depict the converted (the

decreased part) and gained (the increased part) of i type land to/from other types of lands respectively;
The terms

(
LA(i,t1) − ULAi

)
· 1

T2−T1
·100% and

(
LA(i,t2) − ULAi

)
· 1

T2−T1
·100% show the annual

decreasing and increasing percentage of change in a land-use type.
The traditional ordinary analysis models by Bruce and Maurice and the single spatial information

analysis model by Liu et al. were also commonly used methods [65,66]. However, the SCM

www.worldpop.org.uk
www.diva-gis.org
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models provide the complete information about decreasing and increasing rates of LULC change.
The traditional model ignores both decreasing and increasing rates and simply calculates the annual
change rate, and the single spatial information model also only considers the conversion (decrease) of
land use type and ignores the gained (increase) part. As opposed to them, the SCM accounts for both
decreasing and increasing rates of changes in analyzing the land use change. The model also provides
the scope to decompose the overall land-use change into various types of land-use and allows for a
relevant policy analysis.

2.3.2. Analysis of Driving Forces of Cropland Change

Land use change can be defined as a response to the changes in the possible driving forces of
LULC, such as socioeconomic, biophysical, demographic, and climatic forces. Some recent analyses
have implemented the land-use evolution and impact assessment model (LEAM) planning support
system (PSS) to provide detailed information and policy solutions to planners [58]. The PSS models
essentially estimate the environmental impacts of land-use change by controlling a large number of
confounding factors of land-use change. The regression models, however, provide a simpler estimation
approach by helping parcel out the individual impacts of the predictors. In this analysis, the regression
approach was used to identify the significant drivers of land-use change and by analyzing the potential
driving forces of cropland expansion; we sought to statistically understand the magnitude of significant
impact of different factors on cropland expansion. To avoid multicollinearity amongst the independent
variables, a multicollinearity test was conducted. For this purpose, the variance inflation factor (VIF)
analysis [29,67] was used. Based on VIF analyses, each independent variable (factor) was linearly
regressed against other independent variables (factors). An independent variable with VIF value
acceding 10 was considered as serious multicolinearity problem that requires the removal from the
analysis. Furthermore, to enhance the computational accuracy, the continuous variable standardization
to have a zero mean and unit standardization were also conducted. The descriptions of final selected
variables are given in the Table 2.

Table 2. List of independent variables in the logistic modeling.

Variable Description Unite

Bio-physical variables

Landform (X1) Physiographic

Plains
Lowlands
Plateaus NA

Hills

AEZs (X2) Agro ecological zones

Dry semi-arid
Moist semi-arid NA

Sub-humid
Humid

Elevation (X3) Digital Elevation Model (DEM) m
Slope (X4) Slope gradient derived from DEM Degree (◦)

Soil PH (X5) PH value of soil PH
Soil depth (X6) Depth of soil cm

Mean annual temperature (X7) Average mean temperature ◦C
Mean annual rainfall (X8) Average annual rainfall mm

Socio-economic variables

Population density (X9) Change in population density Persons/km
Poverty (X10) Poverty percentage %

Investment on agriculture The amount of investment on agriculture development AFN/person

Proximity variables

Distance to city (X11) Euclidean distance of each pixel to the closest major city km
Distance to road (X12) Euclidean distance of each pixel to the closest major road km
Distance to water (X13) Euclidean distance of each pixel to the closest permanent water km

NA: refer to Not Applicable.
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2.3.3. The Econometric Modeling of Cropland Change

The study applied the binary logistic regression (BLR) model to statistically test the LULC factors
with emphasis on the probability that a given area converted to cropland depends on the variation in
the hypothesized independent variables. The BLR model was first introduced by Cox, Walker, and
Duncan [68,69]. The model uses the maximum likelihood (ML) method and predicts the probability
of dependent variable ‘Y’ being 1 given with values of vector X (i.e., independent variables). Since
the dependent variable Y takes only two values and cannot exceed 1 or fall below zero, therefore, it is
an exponential function rather than a linear function. In this study, if a given location (k) changed to
cropland, then Y holds the value of 1, otherwise it holds zero. The equation of the binomial logistic
regression model is given as follows:

Yk(2000−2010) = β0 + β1X1 + β2X2 + β3X3 + . . . . . . βnXn + µ (2)

where, Yk = refers to land use at location (k) (if land use change to cropland Y = 1, while Y = 0
is otherwise); β0 is constant; βi (i = 1~n) are the estimated model coefficients; Xi (i = 1~n) are the
independent variables and, lastly, µ is a random error term.

3. Result and Discussion

3.1. Land Use Change

3.1.1. Land Use Change Direction

Table 3 represents the direction of land use change in KRB from 2000 to 2010. The transition
matrix understandably reveals that during the study period, cropland and built-up areas were found
with the lowest conversion, i.e., less than 5% of the total land in the year 2000, representing 95% of the
stable area. On the other hand, forest and water bodies were significantly unstable. During this period,
41.4% of total forest area and 46.9% of water bodies were converted to other LULC types. Grassland,
permanent snow/ice, and unused lands were also noticeably unstable with 17.4%, 84.8%, and 24.1% of
converted areas, respectively.

The significant exchange of cropland in KRB happened after 2000 with all the land use types,
particularly with grassland, unused land, water bodies, and built-up land. More than 80% of the
converted cropland was shared by grassland and unused land (Figure 2). This was possibly due
to the water stress situation in some parts of the country due to climate change, as indicated by
Savage et al. [70]. The remaining areas of cropland conversion are mostly shared by water bodies and
built-up, indicating that the cropland were damages by flood and increasing urbanization. As for the
gained part, cropland mainly gained areas from grassland, unused land, and forest implying that the
agricultural expansion happened with expenses to the natural lands, such as grasslands and forest areas.
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Figure 2. Cropland change direction of cropland change. Note: C = Cropland, F = Forest area,
G = Grassland, W = Water bodies, B = Built-up land and S = Sow/ice covered areas.
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Table 3. Land use change direction.

Land Use Type
Transition Matrix of LULC Change (in ha)

CL FR GL WB BL UL S/I Total 2000

CL 612,813 (95.1) 456 (0.1) 18,019 (2.8) 2888 (0.4) 1913 (0.3) 8056 (1.3) 0 (0.0) 644,145
FR 6019 (0.6) 632,638 (58.6) 333,569 (30.9) 444 (0.0) 6 (0.0) 107,275 (9.9) 231 (0.0) 1,080,182
GL 66,994 (1.5) 121,263 (2.7) 3,696,344 (82.6) 4988 (0.1) 369 (0.0) 583,469 (13.0) 1994 (0.0) 4,475,421
WB 1581 (8.8) 144 (0.8) 4563 (25.3) 9600 (53.1) 25 (0.1) 2131 (11.8) 25 (0.1) 18,069
BL 1331 (3.3) 0 (0.0) 400 (1.0) 25 (0.1) 38,269 (95.2) 188 (0.5) 0 (0.0) 40,213
UL 38,119 (0.9) 54,681 (1.3) 913,019 (21.7) 3350 (0.1) 1325 (0.0) 3,193,475 (75.9) 2,056 (0.0) 4,206,025
S/I 0 (0.0) 94 (0.3) 2444 (7.1) 25 (0.1) 0 (0.0) 2663 (7.7) 29,156 (84.8) 34,382

Total 2010 726,857 809,276 4,968,358 21,320 41,907 389,7257 33,462 10,498,437

Note 1: The non-diagonal figures in the table represent the changed area of each LULUC class during the period of 2000 to 2010 while the diagonal figures (in bold) represent the unchanged
area of LULC of each class during this period (the figures in the parentheses represent the same percentage of total area of the respective LULC class). The figures in the row cells depicts
the area of a specific LULC class (ith) that were converted to other non-ith LULC classes, while the column cells show the area gained by the ith LULC class from the other non-ith classes.
Note 2: CL = cropland, FR = forest area, GL = grassland, WB = water bodies, BL = built-up land and S/I = snow/ice covered areas.
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3.1.2. Land Use Change Magnitude

The magnitude of land use change is described in Table 4 and Figure 3. During the period from
2000 to 2010, an area of 31,331 ha of cropland decreased, while 114,044 ha increased, respectively,
sharing 4.3% and 15.7% of total cropland area in 2010. This indicates that the size of increased cropland
was 11.4% higher than the size of decreased cropland. The decrease is significant, as also confirmed by
rate of change, which was 0.5% for the decrease, compared to 1.8% for the increase, of cropland (the
spatial distribution of cropland can be seen in Figure 4). The main reason behind this could be the
large investment of government on irrigation projects during this period [3,71]. Currently this basin
shares about 20% of the total irrigation land in Afghanistan.

Table 4. The magnitude of LULC change during the period of 2000 to 2010.

LULC Type
Decreased Increased Overall

Area (000 ha) Rate (%) Area (000 ha) Rate (%) Change (%) Net-Change (%)

Cropland 31.3 0.5 114.1 1.8 2.3 +1.3
Forest 447.5 4.1 176.6 1.6 5.7 −2.5

Grassland 779.1 1.7 1272.1 2.8 4.5 +1.1
Water bodies 8.5 4.7 11.7 6.5 11.2 +1.8
Built-up land 1.9 0.5 3.7 0.9 1.4 +0.4
Unused land 1012.5 2.4 703.8 1.7 4.1 −0.7

Snow/ice 5.2 1.5 4.3 1.3 2.8 −0.3
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On the other hand, the rate of decrease of forest areas (i.e., 5.8%) was about three times higher
than the rate of increase (i.e., 1.6%), resulting in a decline of forest covers. The previous studies on
Afghanistan’s forest change also confirm the rapid rate of forest cover decrease [72–74]. Use of wood
for fuel and heating, illegal smuggling, instability in the forest-dominant areas, weak management,
and urban and cropland expansion were considered to be the main drivers of deforestation [39,71,73].
However, the study of Reddy and Saranya [72] showed a declining trend in the deforestation rate
in recent years. This could be due to increased conservation measures that have been taken recently.
Permanent snow/ice covered land and unused land were also amongst the LULC types that were
more on the decline. This is in consistent with previous studies at regional and national scales [74,75].
The decreasing and increasing rates of snow/ice covered land were 1.5% and 1.3%, respectively.
The reason behind the shrinking snow/ice covered area could be the increasing temperature that has
resulted from global warming, as indicated by Savage et al. [70]. The rapid melting of the snow/ice
covered area went hand in hand with the increase in water areas. Haritashya et al., in their study,
reported that the decrease of glaciers due to the changing climate conditions had resulted in the
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formation of high-altitude lakes, and increased the size of existing glacial lakes [75]. There was an
increase in water bodies of 1,272,013 ha (55% of 2010) against a decrease of 779,075 ha (39.7% of 2010),
resulting in a 6.5% increasing and 4.7% decreasing rate, respectively.

The overall rate of change during the study period shows that water bodies and forest areas had
changed the most, with 11.2% and 5.7% of rates of change, respectively. They were followed by unused
land (4.5%), grassland (4.1%), snow/ice covered areas (2.8%), cropland (2.3%), and built-up areas (1.4%).
The annual net change rate of cropland, grassland, water bodies, and built-up land were positive,
whereas the annual net change rate of, forest, unused, and snow/ice covered area were negative.
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3.2. Cropland Use Change Drivers

From the multicollinearity diagnostic analysis we determined that, except for the variable of
mountainlandforms, all other variables were not highly correlated. Agricultural practice was also
negligible in mountainous areas of the KRB. Therefore, the mentioned variable was eliminated from
the model. Table 5 shows the maximum likelihood of the variables that are included in the model.
The figure for the area under the ROC curve (AUC) in the table is 0.83, which shows a very good
explanatory power of the chosen variables for explaining the cropland expansion. The result of the
BLR revealed that both biophysical and socio-economic factors are important in driving the cropland
expansion. From the terrain variables, the impacts of lowlands and plains on cropland expansion were
highly significant at the 1% level of significance. The impact of plateaus was significant at 5%, while
the cropland expansion was non-significant in the mountains. Odds ratios suggested that the cropland
expansion in plains and lowlands are, respectively, 1.3 and 1.6 times more likely than the plateaus.
This was in line with the fact that agriculture in the KRB is mostly irrigated, which is practiced in
the lowlands and plains where river water can be easily diverted for irrigation. As Afghanistan is
located in a harsh climatic region of a semi-arid zone, the agro-ecological conditions show an inverse
relationship with the cropland expansion. The likelihood of cropland expansion will be reduced with
the increase in any of the AEZs, except the humid AEZ. The elevation impact on cropland expansion
was negative, while the slope impact was positive. This is because the high elevated areas of KRB
are mostly frozen throughout the year and covered by snow, which restricts agriculture. With the
increase of each unit of slope and elevation the likelihood of cropland expansion increased by 1%.
This reveals that the agricultural expansion has mostly happened in the sloped and low altitude areas,
i.e., lowlands and plains. The impact of temperature was insignificant on cropland expansion, however,
precipitation showed a negative relationship with the expansion of cropland. Theoretically, this seems
to be against the expectations in a dry climate country. However, the possible reason for this could
be the spatial differences between the distribution of precipitation and agricultural lands in the KRB.
Precipitation in the KRB mostly occurs in the form of snow in high-altitude areas, which later melted
into rivers and flow towards the lowlands and plains to irrigate the agricultural lands. The areas with
more precipitation (snow) are normally frozen for a major part of the year and, hence, unsuitable for
agriculture. The recent study of the National Environmental Protection Agency Afghanistan (NEPA)
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and the United Nation Environment (UN Environment) reported that the increasing seasonal variation
of precipitation has adversely affected agriculture. As per the study, the winter precipitation (which
mostly occurs in the form of snow) had shown an increase, while the spring precipitation (directly
facilitating crops) had decreased [76]. Additionally, the increasing pattern of intense and irregular
rain causes flash floods in the lowlands of the KRB, which subsequently damaged the agricultural
lands [70,71].

Apart from biophysical factors, socio-economic factors, such as economic development,
population growth, government investment on agricultural development, and access to roads and
economic infrastructure, are also important factors of LULC change. The empirical analysis of our
model showed an inverse relationship of population density and cropland expansion. The model
predicted that with the increase of one unit of population density, the likelihood of cropland expansion
decreased by 1%. Increasing competition between built-up land and cropland, particularly along
the highly-populated areas (i.e., cities), has led to restrictions on further expansion of crop-lands.
As most of the KRB is covered by mountainous regions, the land for agriculture, housing, and other
non-agricultural activities is limited. Therefore, to meet the demand of rapidly-growing population and
urbanization, the agricultural lands are being converted to built-up lands [39]. This study used poverty
rates as a proxy for the economic ability of the region to invest on non-agricultural economic activities,
while the investment on agriculture was used to understand the impact of government funding
on cropland expansion. The BLR model predicted that cropland expansion has a non-significant
relationship with poverty, while the relationship with agricultural investment was significantly positive.
With each unit increase of agricultural investment, the likelihood of cropland expansion increased by
2%, suggesting that agricultural still remains as a main economic activity in the KRB. The industrial
setup is still weak in the country and 40% of the active labor force is engaged in agriculture. Investment
on irrigation schemes to bring new lands under cultivation is one of the main foci of the government
and it was evident by the result of the model.

Table 5. Maximum likelihood estimates of the BLR model for cropland expansion (2000–2010).

Variables Coefficient (β) Odd Ratio (β) Std. Error p Value

Landforms: Plains 0.264 1.302 0.045 0.00 ***
landforms: lowlands 0.467 1.596 0.251 0.00 ***
Landforms: Plateaus −0.065 0.937 0.025 0.01 **

Landforms: Hills −0.262 0.769 0.236 0.393
AEZs: Dry semi-arid −0.897 0.407 0.023 0.00 ***

AEZs: Moist semi-arid −1.043 0.352 0.023 0.00 ***
AEZs: Sub-humid −1.059 0.157 0.017 0.00 ***

AEZs: Humid 0.059 1.061 0.488 0.898
Elevation −0.001 0.999 0.001 0.00 ***

Slope 0.015 1.015 0.002 0.00 ***
Soil PH −0.003 0.996 0.003 0.229

Soil depth 0.05 1.051 0.001 0.00 ***
Mean annual temperature 0.007 1.001 0.006 0.235

Mean annual rainfall −0.045 0.955 0.003 0.00 ***
Population density −0.001 0.999 0.001 0.00 ***

Poverty −0.011 0.989 0.011 0.337
Investment on agriculture 0.018 1.02 0.001 0.00 ***

Distance to city 0.001 1.001 0.001 0.01 **
Distance to road −0.001 0.999 0.001 0.00 ***

Distance to water −0.001 0.999 0.001 0.00 ***
Constant −15.167 0.001 0.001 0.00 ***

N = 10485775
AUC = 0.83

Note: *** and ** represent significance at 1% level and 5% level, respectively.

Regarding the proximity variables, the distance to the city showed a positive relationship with
cropland expansion, whereas the relationship was negative with the distance to roads and water
networks. The odds showed a marginal increment of likelihood of cropland expansion (i.e., less than
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1%) if a unit of distance to cities increased. The positive relationship of city distance means the lands in
the city and nearby areas are mostly occupied by manmade artificial lands. The negative relationship
of cropland with the distance to roads and water indicates that the existence of river networks and
market connectivity played important role in cropland expansion.

4. Conclusions

In Afghanistan, monitoring land use change dynamics and its related deriving forces are critical
for efficient management of land resources. In the past few years, considering the large investment of
government on agricultural land expansion in the given context, the rapidly growing population and
urbanization have further added to the importance of land use change studies. To serve the above
purpose, this study was conducted to spatiotemporally examine the dynamics of LULC and evaluate
the determinants of cropland expansion in the most populated river basin of Afghanistan. The result
of the spatial calculating model (SCM) showed that all the LULC classes were significantly changed
during the period of 2000 to 2010. Particularly the water areas, forests, unused and grassland were
significantly converted. On the contrary, built-up land and cropland were the most stable classes with
less than 5% conversion. However, the net change rate showed that, during this period, cropland
(13%), grassland (11%), water bodies (18%), and built-up land (4%) increased in percentage, whereas
forest (25%), unused (7%), and snow/ice covered areas (3%) decreased. The rate of loss was highest
for forests. The main reasons for massive deforestation are uses of wood for fuel, heating, and housing,
as well as illegal smuggling [39,72,73].

The cropland expansion was found to be driven by several biophysical, socio-economic, and
neighborhood factors. Low and plain landforms, slope, soil depth, investment on agricultural
development, and distance to the city positively affected the cropland expansion, while plateaus
and hill landforms, dry semi-arid, moist semi-arid, and sub-humid AEZs, precipitation, population,
and the distance to roads and water negatively affected the cropland expansion.

From the study, some impending crises from changing LULC and agrarian development have
been observed and related to this change, and several policy recommendations can be drawn.
Firstly, given the rapid loss of forests, the government needs to take measures to regulate forest
exploitation. The provision of alternative fuel sources for cooking and heating, together with educating
the local communities about the importance of forest resources, would help to decrease the rapid
deforestation. Moreover, the government should implement afforestation and reforestation programs
in the potentially suitable and available lands. Secondly, the shrink of snow/ice covered areas
are threatening future water security in the KRB. Suitable measures need to be taken to optimize
water utilization both through constructing water reservoirs and enhancing water use productivity
and efficiency. Thirdly, the negative relationship of precipitation and cropland expansion indicated
that climate adaptation measures are important to tackle with increasing irregular precipitation
patterns. As in the KRB most of the croplands are located along the riverside, therefore, protected river
embankments may help to protect croplands in the flood-prone zones. In Afghanistan most of the
agriculture is irrigated and gets it water from the nearby river networks. Thus, investment on irrigation
networks will be important for agricultural expansion in the future. Fourthly, the negative relationship
of cropland expansion with the distance to road networks reveals the importance of market access
for agricultural development. Being a mountainous country, the road networks in rural areas of
Afghanistan have not been well developed and farmers have low access to market hubs. With the
development of road networks, farmer can be directly connected with the local and international
market hubs, which will increase their farm business returns and allow them to spend on additional
irrigation. Without a focus on road networks, investment on irrigation could go to waste. Therefore,
along with the investment on access to land and water resources, investment on the construction of
roads is equally important for agricultural land expansion. Fifthly, the productive agricultural fields in
the outskirts of populated cities are threatened by a rapidly-growing population and urbanization.
A balance in population growth and the provision of needed facilities in the rural areas would help to
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control the rapid urbanization and cropland conversion. Finally, the positive relationship between
government investment on the agricultural sector and cropland expansion suggests that the increased
funding in the agricultural sector for enhancing farmers’ access to secure agricultural lands, agricultural
credit, irrigation facilities, and farm inputs are necessary for agricultural development.

The factors considered in this study are limited to the data available. There may have been some
unseen driving factors that impacted the cropland changes during the study period. For this, future
research needs to develop more datasets and select shorter time periods. Additionally, this research
only focused on LULC changes and not its consequences in terms of economics and the environment.
As such, further studies are needed to investigate the economic and environmental implication of
cropland expansion.
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