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Highlights
➢ A multivariate estimation of the environmental status of rehabilitating areas is presented
➢ The method integrates processes, diversity and structure in a single estimation
➢ Rehabilitation status is successfully estimated after iron ore mining in Corumbá
➢ The approach enables tests for biases regarding single variables or variable groups
➢ Defining indicators reduces the number of variables needed for further assessments

Abstract
Despite the wide variety of variables commonly applied to measure different aspects of
rehabilitation, the assessment and subsequent definition of indicators of environmental
rehabilitation status are not simple tasks. The main challenges are comparing rehabilitated sites
with target ecosystems as well as integrating individual environmental and eventually collinear
variables into a single tractable measure of the state of a system before effective indicators that
track rehabilitation may be modeled. For that, a consensus is lacking regarding which and how
many variables need to be surveyed. Our approach considered ecological processes, vegetation
structure, and community diversity from nonrehabilitated, rehabilitating and reference sites. We
applied this approach to a curated set of 32 environmental variables retrieved from
nonrevegetated, rehabilitating and reference sites associated with iron ore mines from the
Urucum Massif, Mato Grosso do Sul, Brazil. By integrating variables from a single attribute or the
entire set of variables into a single estimation of rehabilitation status, the proposed multivariate
approach is straightforward and able to adequately address collinearity among variables. The
proposed approach allows for the identification of biases towards single variables, surveys or
analyses, which is necessary to rank environmental variables regarding their importance to the
assessment. Furthermore, we show that bootstrapping permitted the detection of the minimum
number of environmental variables necessary to achieve reliable estimations of the rehabilitation
status. Finally, we show that the proposed variable integration enables the definition of
environmental indicators for more comprehensive monitoring of mineland rehabilitation. Thus, the
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proposed multivariate ordination represents a powerful tool to outline the benefits of rehabilitating
sites for the maintenance of biodiversity and ecosystem functions and services provided that
sufficient environmental variables related to ecological processes, diversity and vegetation
structure are gathered from nonrehabilitated, rehabilitating and reference study sites. By
identifying deviations from predicted rehabilitation trajectories and providing assessments for
environmental agencies, this proposed multivariate ordination increases the effectiveness of
(mineland) rehabilitation.
Keywords: environmental monitoring; ecological processes; functional diversity; environmental
indicators; primers for environmental rehabilitation; Urucum Massif

1. Introduction
Decision making as well as timely and adequate interventions in complex systems require
indicators for tracking the states of a system. The environmental rehabilitation of mining areas,
which is intended to restitute ecosystems and their functionality to as close as possible to
premining levels to reduce the overall impacts of mining operations (Perring et al., 2013), is
affected by a myriad of forces operating at multiple spatiotemporal scales (Arroyo-Rodríguez et
al., 2017; Ren et al., 2017). The monitoring of rehabilitation success and the definition of effective
indicators of rehabilitation status are necessary for monitoring whether rehabilitation goals are
achieved (Gastauer et al., 2018a; Latawiec and Agol, 2016). Moreover, monitoring can guarantee
institutional tractability of rehabilitation activities (Lamb et al., 2015) and may produce positive
feedback for environmental rehabilitation practices (Lechner et al., 2018). In this context, we
define rehabilitation status as the portion of environmental advances achieved at rehabilitating
sites in relation to the overall trajectory necessary to restitute the biodiversity and ecosystem
functioning of nonrevegetated sites to predisturbance levels. Despite their importance, the
development of such metrics is challenging, as there is no consensus about which and how many
variables to survey and how to integrate different variables into a single tractable measure of the
state of a system (Gastauer et al., 2018b; Kollmann et al., 2016; Perring et al., 2015).
In 2004, the Society of Ecological Restoration (SER, 2004) postulated nine primers to evaluate
environmental rehabilitation success. From that list, Ruiz-Jaen and Aide (2005a) recommended
the inclusion of two variables from each of the following attributes to achieve a reliable evaluation
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of revegetation success: vegetation structure, diversity of restituted communities and ecological
processes. Whereas vegetation structure may comprise vegetation cover, tree density, and the
basal area of trees, diversity may be captured as the taxonomic, phylogenetic and functional
diversity of different taxonomic groups (Brancalion and Holl, 2016; Cadotte et al., 2015).
Additionally, the inclusion of species composition in restoration success measures makes these
measures resilient to compositional failures (Reid, 2015). Ecological processes encompass
intrinsic ecosystem characteristics that maintain the integrity of an ecosystem (Birkhofer et al.,
2015), i.e., the mechanisms by which ecosystems provide ecosystem services, including
decomposition, (primary) production, nutrient and water cycling, nutrient and energy fluxes,
community dynamics, plant and animal successions, energy flow, species interactions, the
movements of organisms and natural disturbance regimes (Bennett et al., 2009).
Although most rehabilitation status assessments comprise surrogates for all three attributes
proposed by Ruiz-Jaen and Aide (Wortley et al., 2013, but see Gatica-Saavedra et al., 2017), the
number of different ecosystem characteristics surveyed to monitor rehabilitation activities differs
significantly among available studies (e.g., Derhé et al., 2016; Kollmann et al., 2016; Vickers et
al., 2012). Questions about how to integrate different variables into a single measure of
rehabilitation status are rarely addressed in the literature (Gastauer et al., 2018b; McDonald et
al., 2016). Instead, most studies derive rehabilitation status from individual variables without any
form of integration (e.g., Jiao et al., 2012; Monie et al., 2013; Sasaki et al., 2018) or define
rehabilitation status arbitrarily as a single variable, such as the species richness of the restituted
communities (e.g., Londe et al., 2017); however, different variables may estimate rehabilitation
status to different magnitudes. Not integrating different environmental variables in a single
conclusive figure impedes the subsequent modeling of suitable indicators for tracking the
rehabilitation status, statistical testing for the number of environmental variables necessary for
reliable estimations and testing for biases regarding certain variables. Additive approaches that
define rehabilitation status as the mean score of different variables (Ruiz-Jaén and Aide, 2005b)
are restricted to uncorrelated variable sets (Rosenfield and Müller, 2018). As far as we know,
multivariate ordination approaches, which are common in community ecology and other
ecological fields (e.g., Dray et al., 2012), have rarely been applied to compute rehabilitation status
(but see Ruiz-Jaén and Aide, 2005b), even though they may represent effective tools for
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addressing collinearity, sample sufficiency and the importance of single variables to achieve
reliable estimations of the rehabilitation state.
In order to overcome these challenges, we propose here a multivariate approach to integrate
different environmental variables in a single estimate of mineland rehabilitation status. We
develop this approach using a curated set of 32 environmental variables, including surrogates for
ecological

processes,

community

diversity

and

vegetation

structure

retrieved

from

nonrevegetated, rehabilitating and natural reference sites associated with iron mines from the
Urucum Massif, Mato Grosso do Sul, Brazil. To outline whether all variables are equally important,
we checked for biases towards single variables or groups of variables. Additionally, we examined
the sufficiency of the sampling effort, i.e., the number of variables used for the assessment, before
we identified the variables or the combination of variables that were possible surrogates for
(indicators of) the postmining rehabilitation status in the region.

2. Methods
2.1. Rehabilitation status estimation
We define the rehabilitation status as the environmental modifications achieved by rehabilitating
sites in relation to both undisturbed reference and nonrevegetated sites, being 0 in
nonrevegetated sites and 100, when ecological processes, vegetation structure and community
diversity correspond to levels achieved in undisturbed reference sites. For single variables, the
status is computed as shown in equation (1).

𝑅𝑒ℎ𝑎𝑏𝑖𝑙𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑠𝑡𝑎𝑡𝑢𝑠 = (1 −

∆𝑅𝑒ℎ−𝑅𝑒𝑓
∆𝑁𝑅−𝑅𝑒𝑓

) ∗ 100

(1)

∆Reh-Ref is the difference between the scores achieved by rehabilitating a site and the mean
scores from reference sites; ∆NR-Ref is the mean difference between nonrevegetated and
reference sites.
To integrate available environmental variables in a single estimation, we propose a multivariate
ordination method to remove collinearity among variables before we compute the quotient
between the rehabilitation-reference site distances and the mean nonrevegetated-reference site

5

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 September 2019

doi:10.20944/preprints201909.0206.v1

Peer-reviewed version available at Journal of Environmental Management 2020; doi:10.1016/j.jenvman.2019.109894

distance. Because environmental variable sets necessary for the estimation of rehabilitation
status may include continuous (e.g., estimation of biomass or enzyme activities) as well as count
data (e.g., observed and estimated species richness), the computation of principal components
based on Euclidean distances among the plots is not appropriate (Ramette, 2007). Instead, we
compute Gower distances among sites based on the variable set, which are able to address
variables of different natures (e.g., ‘daisy’ function in the cluster package, Maechler et al., 2018).
Based on this distance matrix, we conduct principal coordinate analyses using the ‘cmdscale’
function. We then compute the mean Euclidean distances between the coordinates of each plot
and the centroid coordinates from all the reference plots among all the principal coordinates with
positive eigenvalues. Then, the quotient of the mean plot-reference site distance and the mean
nonrehabilitated reference distance represents the portion of environmental advances still
necessary to achieve predisturbance levels (in relation to the overall trajectory necessary).
Subtracting this value from 1 returns the portion of environmental success already achieved by
the rehabilitation trajectory, i.e., the environmental rehabilitation status. Thus, the mean
rehabilitation status of all nonrehabilitated sites will be 0, and the mean score of all reference plots
will equal to 100%; the rehabilitated sites receive scores relative to the reference study sites.

2.2. Verifying the influences of the variables and the minimum number of variables for the
estimation
To check how single variables or different combinations of variables (e.g., ecological processes,
vegetation structure or community diversity) influence assessments of rehabilitation status, the
rehabilitation status is estimated without the use of focus variable(s). For each reduced variable
set, the estimation computed for the entire set of variables is then fitted with the estimation from
the reduced set. For each comparison, the minimum and maximum residuals from the models
are interpreted as a measure of the magnitude of deviations that might occur when dropping
single variables or variable combinations. The minimum and maximum residuals indicate the
extent to which the values of single sites might be over- or underestimated when the rehabilitation
status is computed based on a reduced set of variables. The coefficient of determination (R2),
although inappropriate for model selection, indicates the predictability of the complete
rehabilitation status with a reduced set of variables. The larger the R 2 is, the lower the
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rehabilitation status differences are that are computed between the complete and reduced sets
of variables.
To outline the minimum number of variables for a reliable estimation of rehabilitation status, the
number of variables for the estimation is bootstrapped. For each number of variables, the
rehabilitation status is estimated 1,000 times based on randomly selected variable combinations.
As above, the analysis of minimum and maximum residuals, as well as the coefficients of
determination, enables to outline over- or underestimation as well as predictability when the
rehabilitation status is computed based on a reduced set of variables.

2.3. Identification of indicators for the estimation of rehabilitation status
To determine which variables or variable combinations used for estimation are the most
appropriate indicators of environmental rehabilitation status, global models with the estimated
rehabilitation status as the response variable and all independent environmental variables are
built. The Akaike information criterion (AIC) is used to select the variable combinations that best
fit the estimation (Symonds and Moussalli, 2011). For that, all of the models containing
noncollinear variables (r < 0.6) using the ‘dredge’ function (MuMIn package) should be compared
(Bartón, 2015). All of the models with ∆AICc values smaller than 2 in relation to the best model
are considered equally parsimonious.

2.4. Case study
To test our method, we analyzed a rehabilitating chronosequence after open-cast iron ore mining
situated between 19º10’-19º13’ S and 57º33’-57º37’ W in the Urucum Massif, Corumbá and
Ladário municipalities, Mato Grosso do Sul, midwestern Brazil (Gastauer et al., 2019). The
climate of the region is tropical warm (Aw in the Köppen classification) and is characterized by
dry winters and rainy summers, with a mean annual temperature of 25°C and a mean annual
precipitation amount of 1,070 mm. A mosaic of seasonal deciduous and semideciduous forests,
as well as different savanna formations, characterize the vegetation of the region. While forests
cover the slopes and the neighborhoods of water courses, different savanna formations, ranging
from arborized physiognomies to treeless grasslands (open savanna formation), may be found
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on the upper sections of the massif. Iron ore reserves are covered by canga vegetation, an open
savanna formation composed of a characteristic set of species (Takahasi, 2010).
Open-cast iron ore mining occurs after vegetation suppression and the removal of the topsoil
layers. For rehabilitation, the mined soils are limed and fertilized, and biomass from the
suppressed areas is added. Plants rescued from the suppressed areas and seedlings of native
species produced in tree nurseries are planted for rehabilitation. Additionally, seed mixtures of
native species collected from the vegetation remnants are applied. If required, further activities,
such as the replantation of seedlings, the further application of seeds, and the combating of alien
invasive species, are executed.
We sampled three bare soil, i.e., nonrevegetated, seven rehabilitating (two-, three- and six-yearold stands), and three reference sites (Fig. 1). Because minelands were originally covered by
canga vegetation and environmental rehabilitation after iron ore extraction is intended to restitute
this specific formation, we placed undisturbed reference sites in remnants of this unique
vegetation type. Bare soil or nonrevegetated sites were minelands immediately before beginning
of rehabilitation activities. At each study site (Fig. 1), three 10×10 m plots were installed in
homogeneous, representative vegetation without signs of external disturbances, comprising a
total of 39 sampling plots. This sample design guaranteed sufficient revegetation site samples
(Supplementary Material 1). Within the plots, the vegetation and soils were sampled to obtain a
total of 32 variables related to the three attributes proposed by Ruiz-Jaen & Aide (2005a) (Table
1). For comments on variable selection and the methodological details, please see
Supplementary Material 2.
Unless otherwise stated, all of the statistical analyses were carried out in the R environment (R
Core Team, 2018). Before estimating the rehabilitation status, we built a correlation matrix
between all of the variables using the ‘corrplot’ function. Then, we outlined the differences in all
32 variables among the nonrevegetated, rehabilitating and reference plots using Kruskal-Wallis
tests followed by post hoc Dunn tests.
Then, we estimated the rehabilitation status for the entire set of variables and each attribute
proposed by Ruiz-Jaen and Aide (2005a), i.e., ecological processes, vegetation structure and
diversity. To outline the influences of single variables or groups of variables and the minimum
number of variables for a reliable estimation, we fitted mixed-effect models using the ‘lmer’
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function in the lme4 package (Bates et al., 2014). The random effect was the study site, as the
rehabilitation activities and abiotic stand properties may differ between sites, and the arrangement
of the three plots within small study sites did not guarantee complete sample independence. We
checked the dependent variable against truncated distribution (Greene, 2012) and evaluating for
endogeneity (Wooldridge, 2009), before we computed the coefficient of determination (R2) for the
mixed-effect models using the ‘r.squaredGLMM’ function in the MuMIn package (Johnson, 2014).
To model effective indicators for more comprehensive monitoring, we built global mixed-effect
models with the estimated rehabilitation status as the response variable, 32 independent
environmental variables, and study site as the random effect. We considered only the models
with two or fewer variables to avoid overfitting.

3. Results
The Spearman correlation matrix revealed that the different variables regarding the ecological
processes, vegetation structure and community diversity were, in most cases, positively
correlated with each other (Supplementary Material 3), so additive approaches could not be
applied to estimate rehabilitation status.
As expected, most of the variables derived from vegetation were higher in the reference than in
the rehabilitating sites, and the nonrehabilitated sites showed the lowest scores (Table 1). The
percentage of zoochoric species in the rehabilitating sites was not different from the percentage
detected in the reference sites. Additionally, the biochemical soil attributes (variables related to C
and N cycles and enzyme activities) showed no difference between the nonrehabilitated and
rehabilitating sites, but the values were higher in the reference sites than in the other two types
of sites. The microorganism richness was lower in the rehabilitating than in both the
nonrehabilitated and reference study sites; the Shannon diversity of microorganisms exhibited no
differences. Thus, single variables (except the variables with mean values in the rehabilitated
sites outside the interval given by the mean scores from the nonrehabilitated and reference study
sites) were used to estimate the mean environmental rehabilitation status after iron mining in the
Urucum Massif. The status was estimated to be between 0.7 and 93.23% in relation to the
reference sites (Table 1).
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Principal coordinate analyses showed significant differences among nonrehabilitated,
rehabilitating and reference study sites for the entire variable set as well as for variables related
to ecological processes, vegetation structure and diversity (Supplementary Material 4, 5).
The nonrehabilitated sites received rehabilitation scores less than 10% in all four comparisons,
and these scores were derived from the distances among the plots within PCoA space (Fig. 2).
In all of the comparisons, the reference sites achieved scores higher than 0.9. Considering the
variables regarding only the ecological processes, the estimated rehabilitation status of the
rehabilitated study sites varied between 6.74 and 52.88% (mean 32.10%). The diversity attributes
indicated a higher rehabilitation status for the rehabilitating study sites than further comparisons,
ranging from 67.71 to 87.71% (mean 78.54%). For most of the rehabilitating sites, 60 to 80% of
the vegetation structure was rehabilitated, although site 2 showed values less than 50%. The
environmental status ranged between 50.46 and 73.90% (mean 64.39%, Fig. 2) when all 32
variables were used.
With coefficients of determination greater than 0.99 and absolute maximum or minimum residual
values, which are a measure of the over- or underestimation of single plots, less than five, the
withdrawal of single variables showed only a nonsignificant influence on the rehabilitation status
estimation (Supplementary Material 6). The withdrawal of attributes, entire surveys or analyses
from the rehabilitation status estimation showed only marginal effects in most cases (R2 > 0.98).
However, due to the low coefficient of determination (~0.95), i.e., a large influence on the
outcomes of the estimation, the vegetation surveys were indispensable for the reliable estimation
of rehabilitation status (Fig. 3).
Randomly increasing the number of variables used to estimate the rehabilitation status increased
the strength of the mean correlation with the estimation of the rehabilitation status using all of the
variables; a random subset of 12 variables was necessary to achieve sufficient prediction power
(mean R2 greater than 0.95, Fig. 4).
Two models were selected after fitting the rehabilitation status estimation by using different
combinations of all 32 variables (considering only models with two or fewer variables). Both
models included vegetation cover plus either RaoQ, a measure of functional diversity, or
phylogenetic diversity (Table 2). Both models showed R 2 values greater than 0.99; high
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correlation coefficients were not due to truncated regressions or endogeneity of the dependent
variables (Electronic Supplementary Materials 7 and 8).

4. Discussion
The integration of 32 environmental variables in a unique estimation of rehabilitation status by the
multivariate ordination method proposed in this study was straightforward because the principal
coordinate analysis based on Gower distances represents an adequate way to integrate different
types (continuous and count data) of collinear environmental variables into a single estimation of
rehabilitation status. Estimations can be carried out for different attributes, e.g., as proposed by
Ruiz and Jaen (2005a), or for the entire set of variables. The multivariate ordination can integrate
variables with scores from rehabilitating sites that are outside the intervals detected in
nonrevegetated and reference sites (some biological or biochemical soil properties in our case),
indicating deterioration or over-rehabilitation in analyses that consider single variables
individually. Furthermore, the proposed procedure enables the evaluation for biases against
single variables or groups of variables and allows for issues regarding which variables are most
important for environmental monitoring to be addressed. The proposed approach also provides a
statistical tool (bootstrapping) to outline the minimum number of variables required for a reliable
assessment and permits the derivation of useful indicators for more comprehensive monitoring of
rehabilitation activities. By producing practical feedback, i.e., identifying deviations from predicted
rehabilitation trajectories (e.g., along time series or chronosequences) and providing reliable
assessments, the proposed method is thus able to contribute to more effective rehabilitation,
given that sufficient environmental variables from nonrehabilitated and reference study sites are
available.
The rehabilitation outcomes of our case study were highly variable from the perspective of single
variables, indicating deterioration (e.g., richness of microorganism communities, glomalin
contents), no rehabilitation (further biochemical soil attributes) or restitution of up to 80% of
predisturbance levels (functional diversity measures). Nonetheless, the multivariate estimation of
rehabilitation status showed low bias towards single variables, attributes, surveys and analysis.
The high coefficients of determination and low minimum and maximum residuals between the
estimation computed from the entire set of variables and the computations lacking single variables
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indicate that the estimation is not biased by any single variable. Concerning different analyses
and surveys, the exclusion of only the entire vegetation survey caused the inaccurate prediction
of the rehabilitation status when the entire set of variables was used for the estimation. The
importance of the vegetation surveys was expected, as vegetation structure was one of the three
attributes proposed by Ruiz-Jaen and Aide (2005a), rendering the attribute mandatory for
rehabilitation status assessments.
Furthermore, the bootstrapping of the variables showed estimation stability in our case (mean
correlation coefficients > 0.95) when more than 12 variables (30% of available variables) were
present in the analysis. As the estimation became reliable with a much smaller subset of variables
than those applied, we can attest sample sufficiency here, but highlight that the minimum number
of variables for a reliable assessment in our case is larger than that postulated by Ruiz-Jaen and
Aide (2005a). Additionally, this phenomenon and the low influence of the variable groups indicate
that the inclusion of additional analyses that are not yet available but intended to capture a more
holistic picture of environmental status may influence the overall estimation only marginally as
well, highlighting the reliability of the produced estimation.
The selection of appropriate reference sites is critical for the reliable estimation of rehabilitation
status. Reference sites from ecosystems that will not or cannot be achieved by rehabilitation
activities due to abiotic or biotic changes in the system (e.g., Suding et al., 2004) reduce the
quality of the estimation and may produce meaningless results, further influencing downstream
analyses such as the identification of useful rehabilitation status indicators. Unpredictable
rehabilitation outcomes, including the emergence of novel ecosystems in rehabilitated minelands
(Gastauer et al., 2018a), may require the use of multiple reference ecosystems to minimize the
risk of relating rehabilitation outcomes to inappropriate reference systems in further assessments
(Palmer et al., 2016).
In our rehabilitation case study, the mean rehabilitation status of the open savanna formations
after iron mining in the Urucum Massif amounted to approximately 60%, indicating the return of
ecosystem services in the examined minelands. Diversity indicated a higher rehabilitation status
than indicated by structural parameters or ecological processes, although the structure was
expected to restore more quickly than processes and diversity (Laughlin et al., 2017; Suganuma
and Durigan, 2014). In particular, the basal area and biomass scores in the rehabilitating sites
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were far from the reference site values; thus, long periods are required for the rehabilitation of
these attributes (Chazdon et al., 2016). Furthermore, some of the variables, including soil organic
matter, in the rehabilitating sites did not differ from those in the nonrehabilitated sites, although
they were expected to increase after the beginning of rehabilitation (Yuan et al., 2018). High
temperatures and low soil humidity may contribute to the rapid decomposition of applied biomass;
additionally, short periods of vegetation establishment might be insufficient for an increase in soil
organic matter. The lack of organic matter may reduce microbial richness, activity and diversity,
including mutualistic, glomalin-producing mycorrhiza necessary for the establishment of certain
plant species (Singh et al., 2016). Thus, further rehabilitation activities in these areas should focus
on increasing the soil organic matter content to enhance the actual rehabilitation status by
increasing microbial activity.
For the presented case from the Corumbá Massif, the suitability of vegetation cover plus the
functional or phylogenetic diversity were the best indicators of the environmental rehabilitation
status in the region. Together, they predict environmental rehabilitation status with sufficient
precision (> 99%). The importance of phylogenetic and functional diversity for environmental
assessments as the linkage between traditional taxonomic measures of biodiversity and
ecosystem functioning has previously been assumed (e.g., Díaz-García et al., 2017; Gastauer et
al., 2018b). Thus, prospective or more spatially comprehensive assessments of rehabilitation
status after iron mining in the Urucum Massif may focus on a much smaller subset of variables.
Application of the proposed methodology to further (mineland) rehabilitation projects will
contribute to more effective monitoring of environmental rehabilitation activities.

5. Conclusions
Addressing collinearity, the proposed multivariate ordination approach is a straightforward
method to integrate different environmental variables in a unique estimation of rehabilitation
status, given that environmental variables regarding ecological processes, vegetation structure,
and diversity from chronosequences including nonrehabilitated, rehabilitating and undisturbed
reference sites are available. For our Corumbá study case, the proposed method attributes that,
at average, about two thirds of environmental rehabilitation has already been concluded, although
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reference levels have not yet been achieved. To enhance the actual rehabilitation status, further
rehabilitation activities should focus on increasing the soil organic matter content.
By testing for biases against single variables or variable groups or bootstrapping the number of
variables, the proposed approach provides statistical support to answer key questions about
which and how many variables are necessary for a reliable estimation of rehabilitation status.
Additionally, the estimation permits the prospection of useful indicators able to track the status of
the rehabilitated systems to facilitate further monitoring activities. Thus, the methodological
approach presented here provides a practical framework to comply with environmental legislation
regarding the monitoring of mineland rehabilitation activities. The statistical tools to define
effective indicators for the overall rehabilitation status contribute to more effective monitoring of
future (mineland) rehabilitation projects. However, the importance of single environmental
variables, the minimum number of variables necessary to achieve a consistent estimation and the
indicators that are effective for comprehensive monitoring may differ among cases, indicating the
need for further research on these topics.
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Fig. 1. Map of the study sites (A) and the characteristic vegetation mosaic found in the Urucum
Massif, Corumbá, Brazil (B). The general landscape shows open savanna formations covering
the mountaintops in the background of B and forest formations on the hillsides, the environmental
rehabilitation areas (mountains in the center and on the left portion of the photo) and the
nonrehabilitated mining sites (mountain on the left). C-E provide details of premining open
savanna formations (sites 1, 9, 10), rehabilitating sites (2, 4, 6, 7, 8, 12, 13) and nonrehabilitated
benches (further sites).
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Fig. 2. Mean estimated rehabilitation status (error bars indicate standard deviations) based on
proxies of the ecological processes, diversity, and vegetation structure and the entire set of
variables computed by the multivariate approach for reference sites (study sites 1, 9, 10),
nonrehabilitated benches (sites 3, 5, 11) and rehabilitating sites (further sites). The colors change
from red to green with increasing rehabilitation status. For the geographic locations of the study
sites, see Fig. 1.

21

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 September 2019

doi:10.20944/preprints201909.0206.v1

Peer-reviewed version available at Journal of Environmental Management 2020; doi:10.1016/j.jenvman.2019.109894

Fig. 3. Influence of single attributes, surveys or analyses on the outcomes of the rehabilitation
status estimation. The percent residual variances (lines) and the coefficients of determination
(points) fitting the complete estimation by the estimations computed from smaller variable sets
using mixed-effect models are shown. See the methods for details.
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Fig. 4. Mean coefficients of determination (black points) and their standard deviations (lines)
between 1,000 randomizations based on a reduced number of variables and the rehabilitation
status estimation from the entire set of variables. See the methods for details.
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Table 1. Variable mean values (± SD) from the nonrehabilitated sites (NR), the rehabilitated sites
(Reh) and the reference sites (Ref), as well as the mean scores of the rehabilitated sites scaled
between the values achieved in the reference and nonrehabilitated sites (REH[%]), used for the
rehabilitation status estimation after iron ore mining in the Urucum Massif. Different letters indicate
significant differences according to a post hoc Dunn test (p < 0.05).
Attribute

Analysis/Surveys

N and C cycles

Environmental variable

Acronym

NR

Reh

Ref

REH [%]*

Soil organic carbon content

Corg

3.3 ±2.23b

3.09 ±2.15b

10.86 ±8.44a

-

Soil basal respiration

Respiration

10.25 ±3.53b

12.19 ±2.88b

25.3 ±2.37a

12.87 ±19.13

Metabolic quotient

qCO2

0.04 ±0.01

0.04 ±0.01

0.04 ±0.02

-

N_BM

1.86 ±1.61b

7.38 ±4.41a

-

Nitrogen in the microbial

1.25 ±1.51b

biomass
Carbon in the microbial

254.94

337.16

777.65

±38.49b

±116.38b

±492.21a

3.34 ±0.58b

3.91 ±3.28b

19.17 ±8.26a

24.32 ±6.04b

210.62

C_BM
biomass
Urease activity

Urease

15.73 ±22.26

β-glucosidase activity
β_glucosidase

23 ±4.56b

3.62 ±20.72

0.70 ±3.22
±45.21a

Enzyme activity

Hydrolysis of the fluorescein

Ecological

90.84

158.51

291.99

±35.64b

±87.56b

±44.09a

209.35

309.94

2375.03

±118.25b

±271.67b

±406.53a

FDA
diacetate

33.64 ±43.53

processes
Phosphatase activity
Phosphatase

4.65 ±12.54

Easily extractible glomalin

1.77 ±1.09b
EEG

2.27 ±0.87b

3.26 ±0.74a

-

21.32 ±8.87a

-

61.54 ±4.84a

93.23 ±13.48

27.2 ±8.87a

15.44 ±22.88

content
Glomalin
Total glomalin content

11.24

9.33 ±7.68b

TG
±10.94b
Percentage of zoochorous

57.37 ±8.29a
%Zchory

0 ±0b

%Fleshy

0 ±0b

Aboveground plant biomass

AGB

0 ±0c

0.31 ±0.26b

0.92 ±0.32a

33.87 ±28.17

Tree density

Tree Density

0 ±0c

10.29 ±8.33b

17.56 ±5.39a

58.59 ±47.42

Vegetation Cover

0 ±0c

89.89 ±5.83a

65.24 ±13.32

0.05 ±0.04a

15.48 ±15.72

4 ±1.5a

51.19 ±24.34

4.19 ±1.59a

50.59 ±25.57

species
Vegetation

Percentage of species with

4.2 ±6.22b

fleshy fruits

Vegetation

Vegetation cover
Vegetation

15.04

structure

±13.67b
Basal area

Basal area

0 ±0c

S_woody

0 ±0c

Chao_woody

0 ±0c

PD_woody

0 ±0c

Observed species richness

0.01 ±0.01b
2.05 ±0.97b

of the woody community
Estimated species richness
Diversity

Vegetation

2.12 ±1.07b

of the woody community
Phylogenetic diversity of the
woody community

253.67

434.39

±89.71b

±147.19a

58.4 ±20.65
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Observed species richness
of the herbaceous

11.62 ±2.48b
S_herbaceous

0 ±0c

16.44 ±2.74a

70.66 ±15.08

23.05 ±5.2a

68.26 ±21.36

community
Estimated species richness
of the herbaceous

15.73 ±4.92b
Chao_herbaceous

0 ±0c

PD_herbaceous

0 ±0c

community
Phylogenetic diversity of the
herbaceous community
Species richness of the

731.72

1273.41

±147.56b

±166.59a

57.46 ±11.62

12.19 ±2.91b
S_total

0 ±0c

PD_total

0 ±0c

17.89 ±2.57a

68.15 ±16.26

entire community
Phylogenetic diversity of the
entire community
Functional richness (entire

791.39

1417.63

±172.93b

±179.45a

55.82 ±12.2

7.86 ±2.01b
FRic

0 ±0c

RaoQ

0 ±0c

FDis

0 ±0c

FEve

0 ±0c

Dissimilarity

1 ±0a

14.11 ±2.03a

55.68 ±14.22

0.2 ±0.01a

78.66 ±12.33

0.44 ±0.02a

85.72 ±9.14

0.74 ±0.05a

76.72 ±10.46

0.37 ±0.08c

51.94 ±8.23

community)
Rao’s entropy (entire

0.16 ±0.02b

community)
Functional dispersion (entire

0.38 ±0.04b

community)
Functional evenness (entire

0.57 ±0.08b

community)
Mean dissimilarity of the

0.67 ±0.05b

reference sites
Richness of the

1553.44

1284.9

1516.86

±287.24a

±232.9b

±193.02a

S_MO
microorganism communities

-

Microorganisms
Shannon diversity of the

5.12 ±0.25
DIV_MO

5.13 ±0.35

5.27 ±0.17

-

microorganism communities

*Missing values indicate that rehabilitation success estimation is not feasible because the scores
achieved by the rehabilitating sites are outside the interval given between nonrehabilitated and
reference study sites.
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Table 2. Best models best fitting the estimation of the rehabilitation status. AIC is the Akaike
information criterion, and R2 is the coefficient of determination of the model, which is listed here
to indicate the predictive power of the model for the entire rehabilitation status estimation and not
as a criterion for model selection. All models are mixed-effect models.
Model

Variable

Estimate (±SE)

t-value

p-value

AIC

Weight

R2

1

Intercept

0.578 ±0.017

34.649

< 0.001

-107.23

0.571

0.9908

Vegetation

0.171 ±0.024

7.160

< 0.001

RaoQ

0.183 ±0.024

7.714

< 0.001

Intercept

0.578 ±0.013

45.128

< 0.001

-106.09

0.340

0.9906

Vegetation

0.179 ±0.024

7.234

< 0.001

0.179 ±0.024

7.318

< 0.001

Cover

2

Cover
PD
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