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1 Grupo de Estudios Ambientales, IMASL, Universidad Nacional de San Luis & CONICET, San Luis,
Argentina, 2 Laboratorio de Análisis Regional y Teledetección, IFEVA, Universidad de Buenos Aires &
CONICET, Buenos Aires, Argentina, 3 Departamento de Métodos Cuantitativos y Sistemas de Información,
Facultad de Agronomı́a, Universidad de Buenos Aires, Buenos Aires, Argentina, 4 A.E.R. San Luis, Instituto
Nacional de Tecnologı́a Agropecuaria, San Luis, Argentina

a1111111111
a1111111111
a1111111111
a1111111111
a1111111111

OPEN ACCESS
Citation: Baldi G, Texeira M, Murray F, Jobbágy EG
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Abstract
The dry subtropics are subject to a rapid expansion of crops and pastures over vast areas of
natural woodlands and savannas. In this paper, we explored the effect of this transformation
on vegetation productivity (magnitude, and seasonal and long-term variability) along aridity
gradients which span from semiarid to subhumid conditions, considering exclusively those
areas with summer rains (>66%). Vegetation productivity was characterized with the proxy
metric “Enhanced Vegetation Index” (EVI) (2000 to 2012 period), on 6186 natural and cultivated sampling points on five continents, and combined with a global climatology database
by means of additive models for quantile regressions. Globally and regionally, cultivation
amplified the seasonal and inter-annual variability of EVI without affecting its magnitude.
Natural and cultivated systems maintained a similar and continuous increase of EVI with
increasing water availability, yet achieved through contrasting ways. In natural systems, the
productivity peak and the growing season length displayed concurrent steady increases
with water availability, while in cultivated systems the productivity peak increased from semiarid to dry-subhumid conditions, and stabilized thereafter giving place to an increase in the
growing season length towards wetter conditions. Our results help to understand and predict
the ecological impacts of deforestation on vegetation productivity, a key ecosystem process
linked to a broad range of services.
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Introduction
Although the dry subtropics have been historically subject to a diverse array of human interventions, including logging, grazing, and cropping [1], in the last decades, a rapid expansion of
agriculture took place over woodlands and savannas [2], leading to a deep environmental and
human change [3]. This process was triggered fundamentally by the increasing overseas
demand for food and fuel, technological improvements, the development of transport infrastructure in formerly remote areas, and the stabilization of local economies and politics [4].
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Cultivation of crops and pastures often leads to shifts in ecosystem functioning through the
modification of the composition and structure of vegetation and consequently, of resource
acquisition strategies and potential growth rates [5,6]. In these regions, the few previous studies dealing with the biophysical consequences of this transformation showed small and nonsignificant differences in the magnitude of vegetation productivity, but strong contrasts in its
seasonal and long-term variability [7,8].
In most of the classical and more recent empirical models of vegetation productivity drivers,
climate interacts with vegetation structure dictating the temporal and spatial productivity patterns of natural ecosystems [6,9]. In particular, along water availability gradients–set by the balance between precipitation and evapotranspiration–, the average productivity shows a linear
increase up to a threshold beyond which it levels off or decreases, likely because nutrient availability and/or solar radiation become the most limiting factors [5]. Also, strong effects on seasonality and inter-annual variability are described, particularly with the expansion of the
growing season and the greater stability among years with increasing water availability [10–12].
Our understanding of the link between productivity and water availability has grown
steadily in the last decades, focused initially on the water-use efficiencies [13] and later on the
responses to global climate change [14]; however, much remains to be learned about vegetation productivity responses to land use transformations [15–17]. Notoriously, most studies
have been biased towards North American and Asian temperate grasslands [12,18], with
woody or agricultural systems being mostly overlooked [19,20]. These knowledge gaps are particularly critical as we try to integrate the effects of cultivation with those of climate on the
multiple dimension of the Earth System functioning, among which vegetation productivity is
one of the most critically connected with biogeochemical cycles and energy fluxes [5].
The aim of our study is to compare the vegetation productivity patterns of implanted crops
and pastures (hereafter, cultivated systems) with the natural–predominantly woody–vegetation
that they replace (hereafter, natural systems), across climatic water availability gradients in the dry
subtropics (only those with summer rains). We focus our analysis on the magnitude, seasonality
and inter-annual variability of vegetation productivity. Our guiding questions are: (1) How do key
vegetation productivity attributes respond to cultivation?, and (2) How does this response vary
along water availability gradients? The analyses are conducted at global and regional levels by
means of the “Enhanced Vegetation Index” (EVI) and additive models for quantile regressions.

Methods
Study area
We focused on the dry subtropics receiving summer rains, as defined by climatic and topographic features: warm temperatures (20 to 25˚C of mean annual temperature), dry winters/wet
summers (>66% of precipitation in the warm half of the year), semiarid to subhumid conditions
defined by the ratio of mean annual precipitation to potential evapotranspiration (PPT:PET,
from0.35 to 1.0), gentle slopes (<0.7%), and low elevation (<1200 m). Resulting regions were
named as Chaco, India-Pakistan, Mesquite, North-eastern Australia, and Zambezi-Kalahari (Fig
1). These are predominantly uncultivated (except India & Pakistan) and show large differences
in terms of population density, connectivity to markets, and affluence/technology [21].

Sampling design
Across the study area, we generated a regular grid of sampling points distributed within 35
transects (20 km-wide and 125 to 250 km away from each other) that covered major PPT:PETgradients. These points, that maintained an approximate distance of 7 km with each other,
were classified into two possible land use systems, natural or cultivated, based on a visual
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inspection of high resolution satellite images (“Google Earth”, http://www.google.com/earth/
index.html) and online photographic archives (“Confluence Project”, http://www.confluence.
org, and “Panoramio”, http://www.panoramio.com). Cultivated sampling points represented
areas where natural vegetation was removed in order to implant artificial communities. We
restricted all analyses to points with a homogeneous and constant land use/cover at the measurement scale and throughout the study period. We confirmed the homogeneity through the
visual inspection of Google Earth images on 1.5 km-radius windows, while we resolved the
constancy by restricting analyses to natural points characterized as such in 2012, and to cultivated points characterized as such in 2000 or earlier. These conditions were evaluated by visual
inspection of circa 2000 imagery from the “GeoCover” Orthorectified Landsat ETM+ Mosaics
project [22] and Google Earth images obtained in 2012 or later. Those points that fell within
salt pans, lakes, marshes, or other azonal land cover types, were manually relocated within a
radius of ~3 km from the original position, or eliminated if the azonal cover dominated the
landscape. After the selection and relocation processes, we maintained 6,186 points, 4,340 classified as natural and 1,846 as cultivated.
We accounted for the spatial climatic variability by calculating the PPT:PET based on the
“Ten Minute Climatology database”, which averages 1961–1990 monthly data [23]. PET was
calculated using the Penman-Monteith algorithm [24]. By using PPT:PET instead of PPT, we
approach the conditions or water environment experienced by the vegetation. See the regional
location of transects in Baldi and Jobbágy [21].

Vegetation functioning
We characterized vegetation productivity exclusively based on the “Enhanced Vegetation
Index” (EVI) time series, produced by the Terra “Moderate Resolution Imaging Spectroradiometer” (MODIS) instrument [25]. By applying a single recording protocol in time and space,

Fig 1. Study regions. Global distribution of dry subtropical systems with summer rains, defined by climatic and topographic features. Within these
regions, we sampled natural and cultivated points along water availability gradients, encompassing semiarid to subhumid conditions.
doi:10.1371/journal.pone.0168168.g001
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this remote sensing variable has been extensively used to track different processes that depend
on the light absorbed by vegetation canopy, regardless its type or ecophysiological condition
[26–30]. EVI would outperform the earlier “Normalized Difference Vegetation Index”
(NDVI) by minimizing the atmospheric noise, the saturation effects of high biomass areas, the
canopy background signal, and the effects of absorption by non-photosynthetic components
of the leaves [25,29,31].
Following Xiao et al. "Vegetation Photosynthesis Model" [32] and others [33,34], we considered EVI as equal to fAPAR (i.e. the fraction of photosynthetically active radiation (PAR)
absorbed by the photosynthetic active vegetation in the canopy). Under the Monteith light use
efficiency (LUE) model [35,36], EVI constitutes a first step to calculate GPP (GPP = LUE 
fAPAR PAR). However, in the context of our study, we elude GPP calculation in order to avoid
introducing errors and biases due to (1) the lack of direct measurements of LUE at landscape
scales (encompassing multiple plant functional types) [37], (2) the disparity of PAR values among
regions (ranging from 2,600 Mj m-2 y-1 in Mesquite or India & Pakistan to 3,800 Mj m-2 y-1 in
NE Australia or Zambezi-Kalahari, S1 Fig), and (3) the compensating mechanisms between PAR
values, LUE and season length on annual GPP among regions and plant types [38]

Data processing and analysis
For the 6,186 sampling points, we downloaded EVI data from 2000 to 2012 (coded as
MOD13Q1; spatial and temporal resolutions of 250 m and 16 days) from the ORNL “MODIS
Global Subsets: Data Subsetting and Visualization” tool (www.daac.ornl.gov). We only considered EVI values with the highest quality (flagged as category VI)–representing 79% of the
entire data set–, eliminating the potential noise from clouds and aerosols. We used the software TIMESAT v.3.1 to reconstruct the EVI time series [39]. This tool smoothes series by
means of model functions that capture one or two cycles of growth and decline per year. We
selected an adaptative Savitzky-Golay model. From the reconstructed series, we calculated
seven functional metrics depicting magnitude, seasonality, and inter-annual variability of vegetation productivity (Table 1) [10,40–42].
To obtain a first graphic description of the productivity/water availability relationship, we
represented seasonal dynamics of EVI for four PPT:PET equal intervals (0.2 to 0.4 up to 0.8 to
Table 1. EVI-based functional metrics.
Metric

Description

1 Mean EVI

Mean EVI value. Calculated as the average of the 2000–2012 annual mean
values (same for metrics #2 to #6 but changing the focus annual value).

2 Maximum EVI

Average of maximum EVI values.

3 Minimum EVI

Average of minimum EVI values.

4 Intra-annual EVI CV

Average of the coefficient of variation values.

5 Peakness

Ratio between 10,000 * maximum EVI and length of the growing period
(metrics #2 and #6) representing kurtosis. The higher the value, the acuter the
peak.

6 Length of the growing
season

Length, in time (days), between the beginning to the end of the growing
seasons. Beginning and end are recorded when the fitted EVI curve crosses
the minimum + 0.25 * range value within a single year.

7 Inter-annual EVI CV

Inter-annual coefficient of variation of the 2000–2012 mean annual EVI values.

The seven metrics depict the magnitude (metrics 1 to 3), seasonality (4 to 6), and inter-annual variability (7)
of the“Enhanced Vegetation Index” (EVI), a proxy variable of vegetation productivity [27,28]. Metrics were
based on Paruelo et al. [41], Jobbágy et al. [10], Eklundh and Jönsson [42], and Baldi et al. [40].
doi:10.1371/journal.pone.0168168.t001
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1.0). At each sampling point, we averaged the reconstructed EVI values of the 23 dates per year
provided by MOD13Q1 for the temporal series of 13 years. We then explored the relationship
by regressing functional metrics against PPT:PET by means of additive models (L2 smoothing
splines) for quantile regression [43,44]. We selected the 0.5 quantile (hereafter τ50) in order to
provide a description of the effect of X on the central tendency of Y, and 0.9 and 0.1 quantiles
(τ90 and τ10, respectively) to describe the behavior of the Y variable when X is the dominant
constraining variable [45], trying to avoid the effects of unmeasured factors (such as nutrient
availability depressing productivity levels) or any type of sub-optimal use. We employed τ90 to
represent the healthy or permissive state of unmeasured factors in variables like the magnitude
of productivity, which are maximized by water availability. The opposite occurs for the variability of productivity, which is likely minimized by water availability and thus τ10 is the logical
option. We selected for all regressions a smoothing term λ = 0.5, which empirically implied a
good compromise between the goodness of fit and model simplicity.
For the global level approach, we balanced sampling size differences among land use/cover
systems and regions (S1 Table) by applying an ad hoc resampling method [46]. This implied
that, for each system and region, (1) we randomly sampled five points within four equal intervals of the PPT:PET gradient (0.2 to 0.4 up to 0.8 to 1.0). (2) We fitted for each 100-points subsamples (5 points  4 PPT:PET intervals  5 regions) the additive models previously described
and repeated this process 500 times. (3) We generated a median condition of all subsamples
models (thick lines in Figs 2 and S3) by using the fitted data of individual models, and (4) we
characterized the overall effects of cultivation by averaging along the PPT:PET gradient the fitted values (Table 2 and S2 Table). For the regional level approach, we repeated the additive
model procedure but using the entire local set of points for each system, generating confidence
bands (95%) along the PPT:PET gradient based on the Hotelling [47] tube approach. We used
the fitted values from global and regional models to assess the net change on each functional
metric. All processes were run in R (packages quantreg, MASS, splines, mgcv) (www.r-project.
org). All information is available at the S1 Dataset.

Results
When considering all regions together and the median distribution (τ50), natural and cultivated
systems did not differ in terms of mean EVI (Table 2), displaying only slight variations along
the PPT:PET gradient (cultivated surpassed natural systems towards drier conditions and vice
versa towards more humid; crossover at PPT:PET = 0.53) (Fig 2). This notable convergence was
achieved by cultivated systems through the increase of productivity peakness between PPT:PET
0.2 and 0.6, and through the extension of the growing season length at PPT:PET > 0.6 (Figs 2
and 3). Cultivation increased the annual maxima and decreased the annual minima of EVI
(average τ50 +0.06 and-0.04, respectively). Initially, along the gradient of increasing water availability, maximum productivity grew in parallel on both systems; however, at PPT:PET > 0.6 a
major functional change occurred with cultivation, since the maximum productivity of the
implanted systems stabilized, diverging from the natural vegetation–which continued increasing up to the humid end of the gradient–(S2 Fig). The more extreme minimum EVI levels introduced by cultivation became more significant towards humid conditions, with models of
cultivated systems showing the least pronounced slopes for this attribute along the water availability gradient (Fig 2). Regarding maximum EVI, we found that cultivation increased productivity peaks for theτ90 models, surpassing natural systems throughout the entire gradient
(average differences: τ90 = +0.10 vs. τ50 = +0.06, Table 2 and S2 Table; S3 Fig).
As expected from the EVI extremes, the intra-annual CV for τ50 models was approximately
one-third higher on cultivated systems compared to their natural counterparts (Table 2).
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Fig 2. Median functional responses to water availability of natural vs. cultivated systems at the global
level. Each panel represents the behavior of an EVI-based functional metric in relation to the PPT:PET. The
thin lines represent the individual additive models for the 0.5 quantile (τ50) after a resampling approach (500
points). The thick line represents the averaging (with a median) of these individual models.
doi:10.1371/journal.pone.0168168.g002

Noticeably, intra-annual CV resulted more strongly affected by cultivation (average τ50 +0.12)
than by water availability, showing little variation along the PPT:PET gradient (Fig 2). This
behavior could be ascribed to a parallel increase of the seasonal variance–as suggested by the
peakness–and the mean values (i.e. lower productivities coincide with wider seasonal curves)
(Fig 3 and S3 Table). Only by exploring the change between models, a slight increase of variability was found around a PPT:PET = 0.6 (S2 Fig). Interestingly, the joint analysis of the
intra-annual CV and seasonal dynamics (depicting an averaged behavior) (Figs 2 and 3), indicated that even absolute CV values remained invariant, the synchronization of individual
curves of cultivated points acquired its maximum between a PPT:PET of 0.6 and 0.8. Cultivated systems showed the highest peakness (20% more acute shape) and a reduced growing
season length (-21 days on average), resulting from longer lapses of low photosynthetic activity
balanced by a delayed but accelerated and coordinated greening followed by an anticipated
browning (Table 2 and Figs 2 and 3)–unlike natural systems, where both metrics increased linearly along PPT:PET gradients–. Cultivated systems also showed productivity peaks in winter/
dry periods, unseen in natural systems.
Inter-annual EVI CV was a fifth higher on cultivated systems along the 13-year period
(average CVunc = 0.09 vs. CVcul = 0.11, Table 2), being highly sensitive to water availability
conditions (the drier the more unstable). Differences between systems were, however, shortened towards the humid end of the gradient, mainly due to the partial stabilization of natural
systems above PPT:PET = 0.6 (S2 Fig). These patterns changed radically in the extreme τ10
models, with natural systems being more unstable than cultivated systems towards arid conditions, and all the way around towards the humid (S2 and S3 Figs).
Regional results generally sustained the global patterns in terms of average contrasts
between systems (Table 2), yet loosely in the shape of the responses to water availability (S4
and S5 Figs). Notable departures arose for cultivated systems, especially in India & Pakistan
and Zambezi-Kalahari. In the Asian region, cultivation led to higher mean values, wider
curves, and longer growing seasons over most of the PPT:PET gradient. In the African region,
the systems converged for the maximum and inter-annual CV EVI (τ50 and τ90 models) resulting from a relatively low productivity of cultivated systems. At last, contrary to the global
behavior (τ50 and τ10 models), we found that the intra-annual CV markedly decreased towards
humid conditions in Chaco and NE Australia.

Discussion
Our study, encompassing a broad spatial and temporal range (6.4x106 km2, five continents, 13
years of data), revealed that deforestation and subsequent agricultural expansion in the dry
subtropics with summer rains appears to have a nil effect on the productivity of vegetation–
given by the mean EVI–(Table 2), in line with previous remote sensing and eddy covariance
assessments [7,48]. This contrasts with the generalized idea that this land use/cover change
leads to a major functional degradation, with high risks of productive failure and misuse of
resources in the short term [49]. Possibly, this outcome arises from the counterbalance of cultivated/natural vegetation advantages: the evolutionary adaptations of natural systems involving
higher water use efficiency and stress tolerance vs. the human-selected adaptations of cultivated systems involving lower respiration costs and better responses to the environment of
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cultivated
0.3 ± 0.03
0.36 ± 0.02
0.29 ± 0.03

0.36 ± 0.02

0.29 ± 0.04

Chaco

India-Pakistan
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0.26 ± 0.02

0.3 ± 0.04

Zambezi-Kalahari

0.46 ± 0.05

0.35 ± 0.04

0.4 ± 0.08

0.55 ± 0.05

0.48 ± 0.02

0.46 ± 0.06

natural

0.45 ± 0.05

0.5 ± 0.15

0.49 ± 0.04

0.54 ± 0.04

0.6 ± 0.06

0.52 ± 0.04

cultivated

Maximum EVI

0.17 ± 0.02

0.17 ± 0.03

0.18 ± 0.03

0.15 ± 0.02

0.23 ± 0.02

0.19 ± 0.02

natural

0.15 ± 0.01

0.15 ± 0.1

0.13 ± 0.01

0.13 ± 0.01

0.2 ± 0.03

0.15 ± 0.01

Cultivated

Minimum EVI

0.3 ± 0.02

0.22 ± 0.03

0.23 ± 0.01

0.44 ± 0.03

0.22 ± 0.03

0.27 ± 0.01

natural

0.35 ± 0.03

0.42 ± 0.14

0.44 ± 0.1

0.44 ± 0.02

0.34 ± 0.08

0.39 ± 0.01

cultivated

Intra-annual EVI CV

20.4 ± 1.4

17.4 ± 2.4

15.1 ± 2.1

31.3 ± 1.9

18.6 ± 0.8

19.9 ± 1.3

natural

22 ± 2.2

25.6 ± 8.5

27.8 ± 9.1

26.3 ± 1.2

26.7 ± 5.5

24.9 ± 1.2

cultivated

Peakness

224 ± 15

201 ± 3

264 ± 17

176 ± 17

257 ± 10

229 ± 8

natural

197 ± 2

202 ± 36

189 ± 7

215 ± 7

225 ± 23

208 ± 7

cultivated

Length of the
growing season

0.07 ± 0.02

0.11 ± 0.03

0.13 ± 0.01

0.08 ± 0.02

0.08 ± 0.01

0.09 ± 0.02

natural

0.08 ± 0.02

0.18 ± 0.07

0.16 ± 0

0.08 ± 0.01

0.12 ± 0.02

0.11 ± 0.03

cultivated

Inter-annual EVI CV

doi:10.1371/journal.pone.0168168.t002

Average and standard deviation of the seven EVI-based functional metricsof natural and cultivated systems, considering 0.5 quantile (τ50) additive models. In S2 Table, we show the
summary information for the extreme effects of cultivating, considering τ90 and τ10 additive models. Acronym: CV, coefficient of variation.

0.26 ± 0.02
0.29 ± 0.14

0.29 ± 0.05

0.24 ± 0.04

Mesquite

NE Australia

Global

natural

Mean EVI

0.3 ± 0.04

Region

Table 2. Median effect of cultivating the dry subtropics at global and regional levels.
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Fig 3. Median seasonal patterns of natural vs. cultivated systems at the global level. Each panel represents the seasonal behavior of an EVI-based
functional metric within one of four equal PPT:PET intervals (0.2 to 0.4 up to 0.8 to 1.0) at the global level. The thin lines represent the individual additive
models for the 0.5 quantile (τ50) after a resampling approach (500 points). The thick line represents the averaging (with a median) of these individual models.
Upper panels represent natural systems, while lower ones, cultivated (dotted white lines symbolize the opposite system). Southern and Northern hemisphere
sampling points were coordinated by shifting six months the data from one hemisphere.
doi:10.1371/journal.pone.0168168.g003

disturbances and subsidies (e.g. fertilizers, pesticides) [50]. Whichever the specific causes, we
found that cultivated systems tracked natural ones in their steady increase of mean EVI along
the entire water availability gradient (Fig 2). From dry to intermediate conditions, cultivation
led to a progressive concentration of photosynthetic activity within a short growing season,
and from intermediate to humid conditions, to an extension (or multiplication) of the growing
season. This would reveal a mechanism through which humans, even when deeply intervening
land ecosystems, tend to foster the exhaustive use of rainfall inputs.
The most prominent change brought by cultivation was a generalized increase in seasonality (captured by the intra-annual EVI CV), independently from the water availability conditions (Fig 2). This amplification was associated with an accentuation of EVI extremes and a
shortening of the productive period–as shown by the length of the growing season and the
peakness–(S3 Table). Unlike for natural vegetation, the latter functional traits maintained a
non-linear relationship with water availability in cultivated systems, implying the existence of
environments of a maximum functional impact after deforestation (especially at 0.5 to 0.6 of
PPT:PET, S2 Fig). Notably, these conditions occurred in the more intensively cultivated areas
within each region, e.g. the subhumid Chaco [21]. We relate these functional and land use/
cover patterns to the dominance of pastures and the reliance on irrigation and fertilization of
cropping activities towards the dry extreme of the gradient [49,51], and the increasing waterlogging and biotic stresses for crops towards humid areas [52].
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Cultivation also increased significantly the variability of production from year to year
(Table 2) but less so towards more humid conditions (Fig 2), supporting previous assessments
[11,12]. According to Paruelo and Lauenroth [53] and Volante et al. [7], this impact would be
mostly related to the changes in the magnitude of the peak of productivity rather than to the
changes in the growing season length. From a managerial perspective, we relate these results to
the dependence of farmers decisions on fluctuating climatic and economic signals [53], especially in regions dominated by large-scale production systems oriented to regional/global markets (e.g. Chaco, Mesquite, and NE Australia, Table 2) [40]. On the contrary, smallholders
would stabilize productivity through a diversified management that offers a more constant
food supply (e.g. Zambezi-Kalahari). We acknowledge that the productive structure of landscapes could affect variability results, as stability might arise from the statistical averaging of
several small-size paddocks within a MODIS pixel, potentially blurring the values obtained for
India & Pakistan and Zambezi-Kalahari results [54].
From a morphological/ecophysiological perspective, the differences in inter-annual variability between systems could also be ascribed to human-selected vs. nature-selected plant
adaptations. Native species display hydraulic redistribution, have larger rooting depths, slowgrowth strategies, and particular structural tissues that confer individuals a high water use efficiency and stress tolerance, allowing for a stable production in dry and wet years [55,56].
Oppositely, cultivated species growth and production respond more rapidly to higher water
availability in wet years, but experience higher risk of failure in dry years [57]. Beyond speciesspecific traits, cultivated systems have lower functional diversity, implying a larger vulnerability to disturbances and environmental fluctuations [15].
Undoubtedly, the conversion of natural vegetation increased the appropriation of vegetation productivity for human consumption [7,17]. Nevertheless, land use/cover transformation
influences virtually all natural processes, jeopardizing the long-term provision of other ecosystem services [49]. Due to the dry climate and very flat topography of the encompassed regions,
the arisen seasonal concentration of vegetation productivity and the lower mean productivity
under humid conditions (Fig 2) may imply a partial consumption of incoming water, potentially triggering flooding and soil salinization processes [58]. Likewise, the significant lower
minima values brought by cultivation, together with the higher inter-annual variability, represent an increased exposure of soils to erosion [59]. Beyond structural modifications, the accentuated temporal dynamics of productivity would affect the faunal composition and abundance
of cultivated lands and surroundings by modifying the characteristics and the dynamics of
habitat and resource availability [60].
Our global findings were influenced by unconsidered biophysical factors and by current
and past management strategies and legacies on natural and cultivated vegetation [61]. By
exploring extreme quantiles (τ90 and τ10), we revealed at the global level that cultivated systems
can display the highest long-term stability under the driest conditions (S3 Fig). Regional
results supported this for the extensively irrigated and fertilized India & Pakistan, but also for
the rain-fed technified Mesquite and the non-technified Zambezi-Kalahari (Table 2 and S2
Table and S5 Fig) [62]. The condition or degradation status of the natural systems being
replaced, together with the characteristics of the implanted cultivated systems, seem crucial
determining the net effects of cultivation on productivity. In India & Pakistan and NE Australia, the combination of a degraded natural vegetation and a technified agriculture [63,64]
would be responsible for the increase in mean EVI and the expansion of the growing season
with cultivation. A high demand for forest products and livestock pressure [65], and the extensive aggressive mechanized clearance campaigns [66] are likely responsible for the low productivity of natural systems in these two regions.
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Even though this paper refers to vegetation productivity, we recognize that translating
remote sensing radiometric variables such as EVI into accurate gross primary productivity
(GPP) or net primary productivity (NPP) remains a major challenge. Regarding annual GPP,
uncertainties are related to the apparent need of site-specific empirical scaled EVI-fAPAR
functions [67], and the variability of annual LUE (affected by vegetation structural and functional traits–e.g. photosynthetic syndrome–, and soil and climatic conditions) [67–72], sometimes solved by means of look-up tables (based on biome type and climatology) [37,73] or
more recently by means of the carotenoid-sensitive “Photochemical Reflectance Index” (PRI)
[38,74,75]. However, the accuracy of annual EVI-GPP relationships seems to improve in land
covers with high annual EVI ranges and summer rainfalls [28], as in our case. Regarding NPP,
even larger uncertainties emerge, particularly those coming from the disparate respiration
rates of foliage, stem, and roots [76,77], with a still elusive quantification over large extensions
and contrasting plant functional types. In the dry subtropics, despite limited direct measures
of GPP or NPP from long-term controlled field experiments (e.g. biomass harvests or flux towers), evidence shows that cultivated systems achieved the highest maximum daily rates of photosynthetic uptakes, but this difference is compensated by the temporality of production
[17,48].

Conclusion
Our remote sensing approach provides a new quantitative insight on the relative productive
differences between original natural woody systems and novel cultivated systems in dry summer-rains subtropics. Cultivation increased the seasonality and the inter-annual variability of
vegetation productivity without affecting its magnitude, which responded mainly to water
availability. Climatic water availability is important determining productivity in natural systems; however, it loses its strength in cultivated systems, which seem to saturate their productivity at dry subhumid conditions (PPT:PET around 0.5). In the last decades, many researchers
have explored the physical constraints of vegetation productivity in order to predict its
response to global climate change. Using similar data and methodologies, we assess a different
dimension of change, driving the functional debate towards the effects of the ubiquitous and
accelerated land use/cover shifts. We highlight the considerable changes in seasonal vegetation
activity and long-term variability (with likely parallels on carbon, water, and surface energy
exchange) and reveal that the implications of the land transformations depend both on the
physical and human contexts (accounted here by the water availability gradients and by the
regions).
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S2 Fig. The absolute effect of cultivating the dry subtropics at the global level. Each panel
represents the difference between cultivated and natural additive models for the 0.5 and 0.9 or
0.1 quantiles (τ50 and τ90 or τ10) in relation to PPT:PET. Numbers within panels indicate average values about the differences between land use/cover systems according to the τ50 and τ90or
τ10 models. Data came from the global additive median models (fitted values) for the seven
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(EPS)
S3 Fig. Extreme functional responses to water availability of natural vs. cultivated systems
at the global level. Each panel represents the behavior of an EVI-based functional metric in
relation to the PPT:PET. The thin lines represent the individual additive models for the 0.9 or
0.1 quantiles (τ90 or τ10) after a resampling approach (500 points). The thick line represents
the averaging (with a median) of these individual models.
(EPS)
S4 Fig. Median functional responses to water availability of natural vs. cultivated systems
at the regional level. Each panel represents the behavior of an EVI-based functional metric
and region in relation to the PPT:PET. Each dot represents a sampling point and each line an
additive 0.5 quantile (τ50) model. Note that not all regions cover the entire water availability
gradient. Gray bands indicate 95% confidence intervals according to the Hotelling [47] tube
approach.
(EPS)
S5 Fig. Extreme functional responses to water availability of natural vs. cultivated systems
at the regional level. Each panel represents the behavior of an EVI-based functional metric
and region in relation to the PPT:PET. Each dot represents a sampling point and each line an
additive 0.9 or 0.1 quantiles (τ90 or τ10) model. Note that not all regions cover the entire water
availability gradient. Gray bands indicate 95% confidence intervals according to the Hotelling
[47] tube approach.
(EPS)
S1 Table. Sampling details (transects and points) across the dry subtropics receiving summer rains.
(DOC)
S2 Table. Extreme effects of cultivating the dry subtropics at global and regional levels.
Average and standard deviation values for the seven EVI-based functional metrics showing
0.9quantile (τ90) and 0.9quantile (τ10) additive median models of natural and cultivated systems (fitted values in S3 Fig). Acronym: CV, coefficient of variation.
(DOC)
S3 Table. Kendall’s τ non-parametric correlation coefficients among functional metrics.
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Baldi G, Jobbágy EG (2012) Land use in the dry subtropics: Vegetation composition and production
across contrasting human contexts. Journal of Arid Environments 76: 115–127.

22.

MDA Federal (2004) Landsat GeoCover 2000/ETM+ Edition Mosaics. Sioux Falls, USA: USGS.

23.

New M, Lister D, Hulme M, Makin I (2002) A high-resolution data set of surface climate over global land
areas. Climate Research 21: 1–25.

24.

Allen RG, Pereira LS, Raes D, Smith MD (2004) Crop evapotranspiration. Guidelines for computing
crop water requirements. Roma: FAO. 328 p.

25.

Huete A, Didan K, Miura T, Rodriguez E (2002) Overview of the radiometric and biophysical performance of the MODIS Vegetation Indices. Remote Sensing of Environment 83: 195–213.

26.

Huete AR, Didan K, Shimabukuro YE, Ratana P, Saleska SR, Hutyra LR, et al. (2006) Amazon rainforests green-up with sunlight in dry season. Geophysical Research Letters 33: n/a-n/a.

27.

Xiao X, Zhang Q, Braswell B, Urbanski S, Boles S, Wofsy S, et al. (2004) Modeling gross primary production of temperate deciduous broadleaf forest using satellite images and climate data. Remote Sensing of Environment 91: 256–270.

28.

Sims DA, Rahman AF, Cordova VD, El-Masri BZ, Baldocchi DD, Flanagan LB, et al. (2006) On the use
of MODIS EVI to assess gross primary productivity of North American ecosystems. Journal of Geophysical Research G: Biogeosciences 111:

29.

Zhang Q, Xiao X, Braswell B, Linder E, Ollinger S, Smith ML, et al. (2006) Characterization of seasonal
variation of forest canopy in a temperate deciduous broadleaf forest, using daily MODIS data. Remote
Sensing of Environment 105: 189–203.

30.

Huete A, Didan K, van Leeuwen W, Miura T, Glenn EP (2011) MODIS Vegetation Indices. In: Ramachandran B, Justice CO, Abrams MJ, editors. Land Remote Sensing and Global Environmental
Change. New York, USA: Springer-Verlag

31.

Gao X, Huete AR, Ni W, Miura T (2000) Optical–Biophysical Relationships of Vegetation Spectra without Background Contamination. Remote Sensing of Environment 74: 609–620.

32.

Xiao X, Hollinger D, Aber J, Goltz M, Davidson EA, Zhang Q, et al. (2004) Satellite-based modeling of
gross primary production in an evergreen needleleaf forest. Remote Sensing of Environment 89: 519–
534.

33.

Garbulsky MF, Peñuelas J, Papale D, Filella I (2008) Remote estimation of carbon dioxide uptake by a
Mediterranean forest. Global Change Biology 14: 2860–2867.

34.

Christian B, Joshi N, Saini M, Mehta N, Goroshi S, Nidamanuri RR, et al. (2015) Seasonal variations in
phenology and productivity of a tropical dry deciduous forest from MODIS and Hyperion. Agricultural
and Forest Meteorology 214– 215: 91–105.

35.

Monteith JL, Moss CJ (1977) Climate and the efficiency of crop production in Britain. Philosophical
Transactions of the Royal Society of London Series B, Biological Sciences 281: 277–294.

36.

Monteith JL (1972) Solar Radiation and Productivity in Tropical Ecosystems. Journal of Applied Ecology
9: 747–766.

37.

Ma X, Huete A, Yu Q, Restrepo-Coupe N, Beringer J, Hutley LB, et al. (2014) Parameterization of an
ecosystem light-use-efficiency model for predicting savanna GPP using MODIS EVI. Remote Sensing
of Environment 154: 253–271.

38.
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Houspanossian J, Giménez R, Baldi G, Nosetto MD (2016) Is aridity restricting deforestation and land
uses in the South American Dry Chaco? Journal of Land Use Science

52.

Boling A, Tuong TP, Jatmiko SY, Burac MA (2004) Yield constraints of rainfed lowland rice in Central
Java, Indonesia. Field Crops Research 90: 351–360.

53.

Paruelo JM, Lauenroth WK (1998) Interannual variability of NDVI and its relationship to climate for
North American shrublands and grasslands. Journal of Biogeography 25: 721–733.

54.

FAO (1997) 1990 Results of National Censuses of Agriculture. Roma: Food and Agriculture Organization of the United Nations.

55.

Canadell J, Jackson RB, Ehleringer JR, Mooney HA, Sala OE, Schulze ED (1996) Maximum rooting
depth of vegetation types at the global scale. Oecologia 108: 583–595.

56.

Schenk HJ, Jackson RB (2002) The global biogeography of roots. Ecological Monographs 72: 311–
328.

57.

Lambers H, Chapin FS III, Pons TL (1998) Plant physiological ecology: Springer.

58.

Scanlon BR, Keese KE, Flint AL, Flint LE, Gaye CB, Edmunds WM, et al. (2006) Global synthesis of
groundwater recharge in semiarid and arid regions. Hydrological Processes 20: 3335–3370.

59.

Snyman HA (1998) Dynamics and sustainable utilization of rangeland ecosystems in arid and semi-arid
climates of southern Africa. Journal of Arid Environments 39: 645–666.

60.

Pettorelli N, Ryan S, Mueller T, Bunnefeld N, Jedrzejewska B, Lima M, et al. (2011) The Normalized Difference Vegetation Index (NDVI): unforeseen successes in animal ecology. Climate Research 46: 15–
27.

61.

Monger C, Sala OE, Duniway MC, Goldfus H, Meir IA, Poch RM, et al. (2015) Legacy effects in linked
ecological-soil-geomorphic systems of drylands. Frontiers in Ecology and the Environment 13: 13–19.

62.

Wichelns D (2004) The impact of public policies on the sustainability of rice and wheat production on the
Indo-Gangetic plains. Journal of Sustainable Agriculture 23: 67–92.

63.

Das P (2006) Cropping pattern (agricultural and horticultural) in different zones, their average yields in
comparison to national average/critical gaps/reasons identified and yield potential. New Delhi: IASRI,
Government of India, Ministry of Agriculture, Department of Agriculture & Cooperation. 33–47 p.

64.

Thomas GA, Titmarsh GW, Freebairn DM, Radford BJ (2007) No-tillage and conservation farming practices in grain growing areas of Queensland—a review of 40 years of development. Australian Journal of
Experimental Agriculture 47: 887–898.

65.

Gadgil M, Guha R (1992) This fissured land: An ecological history of India. New Delhi: Oxford University Press. 274 p.

66.

Seabrook L, McAlpine C, Fensham R (2006) Cattle, crops and clearing: Regional drivers of landscape
change in the Brigalow Belt, Queensland, Australia, 1840–2004. Landscape and Urban Planning 78:
373–385.

67.

Zhang Q, Cheng YB, Lyapustin AI, Wang Y, Zhang X, Suyker A, et al. (2015) Estimation of crop gross
primary production (GPP): II. Do scaled MODIS vegetation indices improve performance? Agricultural
and Forest Meteorology 200: 1–8.

68.

Turner DP, Urbanski S, Bremer D, Wofsy SC, Meyers T, Gower ST, et al. (2003) A cross-biome comparison of daily light use efficiency for gross primary production. Global Change Biology 9: 383–395.

PLOS ONE | DOI:10.1371/journal.pone.0168168 December 22, 2016

15 / 16

Productivity Shifts in Dry Subtropics

69.

Garbulsky MF, Peñuelas J, Gamon J, Inoue Y, Filella I (2011) The photochemical reflectance index
(PRI) and the remote sensing of leaf, canopy and ecosystem radiation use efficiencies. A review and
meta-analysis. Remote Sensing of Environment 115: 281–297.

70.

Field CB, Randerson JT, Malmstrom CM (1995) Global net primary production. Combining ecology and
remote sensing. Remote Sensing of Environment 51: 74–88.

71.

Shi H, Li L, Eamus D, Cleverly J, Huete A, Beringer J, et al. (2014) Intrinsic climate dependency of ecosystem light and water-use-efficiencies across Australian biomes. Environmental Research Letters 9:
104002.

72.

Piñeiro G, Oesterheld M, Paruelo JM (2006) Seasonal Variation in Aboveground Production and Radiation-use Efficiency of Temperate rangelands Estimated through Remote Sensing. Ecosystems 9: 357–
373.

73.

Zhao M, Heinsch FA, Nemani RR, Running SW (2005) Improvements of the MODIS terrestrial gross
and net primary production global data set. Remote Sensing of Environment 95: 164–176.

74.

Gamon JA, Peñuelas J, Filed CB (1992) A narrow-waveband spectral index that tracks diurnal changes
in photosynthetic efficiency. Remote Sensing of Environment 41: 35−44.

75.

Rahman AF, Cordova VD, Gamon JA, Schmid HP, Sims DA (2004) Potential of MODIS ocean bands
for estimating CO2 flux from terrestrial vegetation: A novel approach. Geophysical Research Letters
31:

76.

Ise T, Litton CM, Giardina CP, Ito A (2010) Comparison of modeling approaches for carbon partitioning:
Impact on estimates of global net primary production and equilibrium biomass of woody vegetation from
MODIS GPP. Journal of Geophysical Research G: Biogeosciences 115.

77.

Running SW, Nemani RR, Heinsch FA, Zhao M, Reeves M, Hashimoto H (2004) A continuous satellitederived measure of global terrestrial primary production. Bioscience 54: 547–560.

78.

Tsubo M, Walker S (2005) Relationships between photosynthetically active radiation and clearness
index at Bloemfontein, South Africa. Theoretical and Applied Climatology 80: 17–25.

PLOS ONE | DOI:10.1371/journal.pone.0168168 December 22, 2016

16 / 16

