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Natural regeneration has been proposed as a cost-eﬀective forest restoration approach for both small and largescale initiatives. However, attributes for assessing the success of forest restoration through natural regeneration
may vary among them in spatial patterns depending on the scale of analysis and on environmental gradients.
Here we analysed the spatial patterns of recovery completeness (i.e. how similar attributes in restored forests are
to the same attributes in reference forests) in response to environmental factors in a Mediterranean forest
landscape of Central Chile. We evaluated (1) forest recovery completeness using basal area (BA), quadratic mean
diameter (QMD), adult species density (ASD), adult species richness (ASR), and seedling species richness (SSR);
(2) the spatial congruence of recovery completeness estimated by each of these indicators; and (3) the environmental factors potentially shaping these spatial patterns. We used ﬁeld measurements and geospatial information sources to quantify and predict indicator responses by ﬁtting boosted regression tree models. To assess
the spatial congruence of predictions we overlaid high-level recovery completeness values for all indicators.
Overall recovery completeness in the study area was 72.7%, suggesting positive prospects for attaining fully
restored forests. Recovery completeness had a resulted higher for diversity (92.3%−99.6%) than structural
forest attributes (33.5%−76.9%); however, spatial congruence among recovery indicators was low due to the
uneven spatial responses of each indicator. The maximum potential spatial congruence was < 10%, and was
predicted only by two environmental variables (soil bulk density and slope). Our results suggest that low spatial
congruence among forest recovery indicators may hinder the monitoring of restoration at large scales. The
implications of such divergence in deﬁning restoration success can be enormous given the current global
challenge of forest restoration. Although our research was tested in a threatened region of global importance, our
results may have wider signiﬁcance for restoration planning providing cautionary notes and recommendations
for the appropriate use of forest recovery indicators when monitoring large-scale restoration projects.
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1. Introduction

Wortley et al., 2013; Gatica-Saavedra et al., 2017). In general, studies
consider a forest as successfully restored when the values of the attributes measured are indistinguishable from, or at least similar to, the
values in reference forest (McDonald et al., 2016; Suganuma et al.,
2018). In this context, the attributes of recovery completeness (i.e. how
similar attributes in restored forests are to the same attributes in reference forests) may be strongly spatially correlated (Kacholi et al.,
2015), but may also show large-scale variation and a low degree of
spatial congruence depending on environmental gradients. Therefore
evaluating the spatial patterns of forest attributes is an important task
for quantifying forest recovery and monitoring forest restoration at
large scales.
The main question of this study was what degree of spatial congruence exists among the typical attributes used to assess the success of
forest restoration? To address this question we quantitatively evaluated
spatial patterns of recovery completeness and their responses to environmental factors in a Mediterranean forest landscape in Central
Chile using ﬁve common indicators of forest restoration success. We
evaluate: (1) forest recovery completeness of basal area, quadratic
mean diameter, adult species density and richness, and seedling species
richness; (2) the spatial congruence of these ﬁve indicators; and (3) the
importance of climatic, topographical and edaphic environmental factors in predicting the spatial distribution (and thus the spatial congruence) of the responses of these indicators. We discuss how the insights from this research may be used to inform future actions and to
facilitate the implementation of more cost-eﬀective forest restoration
programmes in this global biodiversity hotspot (Myers et al., 2000), and
also in large-scale restoration initiatives. We expect that our results will
help others to deﬁne realistic restoration goals and actions in a context
of global change.

Forest loss continues to be a major global environmental problem,
even in high-conservation-value areas (Allan et al., 2017; Potapov et al.,
2017). Even minimal forest loss may have severe consequences for
biodiversity (Betts et al., 2017), and compromise carbon storage and
other ecosystem services (Millennium Ecosystem Assessment, 2005;
Rappaport et al., 2018). Forest loss due to advances of the agricultural
frontier and ﬁres greatly increases the human footprint in areas not
subject to outright deforestation (Venter et al., 2016), and this can be
exacerbated by climate change (e.g. by more frequent droughts and
longer dry seasons; Seidl et al., 2017). Ecological restoration has
emerged to counteract these transformative processes by promoting a
progressive increase in the extent and functionality of imperilled ecosystems (McDonald et al., 2016). Some global and regional commitments have been made to deal with these issues; most notably, the Bonn
Challenge (IUCN, 2011) and the New York Declaration on Forests
(Summit, 2014) aim to restore 150 million hectares of forest worldwide
by 2020 and 350 million hectares by 2030 respectively.
Achieving these ambitious goals requires a combination of diﬀerent
approaches that need to be implemented on a large scale and provide
cost-eﬃcient solutions. Natural regeneration has been proposed as a
cost-eﬀective approach to forest restoration, as it is a nature-based tool
that enhances resilience, supports local biodiversity, and supplies
multiple ecosystem goods and services (Chazdon, 2017). Natural regeneration can play a beneﬁcial economic and ecological role in largescale forest and landscape restoration (Chazdon and Guariguata, 2016).
However, it may be challenging in some forest types, such as the
Mediterranean forests in southeast Australia, California, southwest
South Africa, the Mediterranean Basin, and Central Chile (Acácio et al.,
2007; Rey Benayas et al., 2007; Mucina et al., 2017).
Restoring Mediterranean forests through natural regeneration may
be a hard task (Vallejo et al., 2012), but it can oﬀer an alternative or
complementary approach to restoration under certain circumstances
(Mucina et al., 2017). For instance, spontaneous increase of forest cover
in degraded areas in Central Chile has mostly been restricted to the
proximity of remnant forests and the presence of nurse plants (Schulz
et al., 2010, 2017; Fuentes-Castillo et al., 2012). These regenerating
forests occur in areas with high levels of environmental heterogeneity
and inter-annual climatic variation (Doblas-Miranda et al., 2015;
Venegas-González et al. 2018). Current predictions of land cover
changes, increasing temperature and precipitation reduction (Sillmann
et al., 2013), which may lead to desertiﬁcation (Kéﬁ et al., 2007), are
not favourable for the natural regeneration of Mediterranean forests
(Garreaud et al., 2017). Restoring this forest type is crucial, considering
that it is present only in regions with a Mediterranean climate, and even
covering < 5% of the Earth’s surface it contains a relatively high proportion of human population. This ecosystem type is one of the least
protected in the world (Millennium Ecosystem Assessment, 2005), and
is highly sensitive to global change (Sala et al., 2000). Moreover, ecosystems in these regions have usually suﬀered long-standing anthropogenic pressure; they are among the most seriously threatened in the
world due to signiﬁcant current human activity (Gauquelin et al.,
2018).
Under restoration scenarios, including either natural regeneration
or tree-planting, the attributes used to monitor forest recovery are
important not only for understanding regeneration success, but also for
deﬁning realistic goals (McDonald et al., 2016). Several attributes have
been proposed for monitoring and quantifying the recovery of forest
structure and functions. Criteria such as easy and cost-eﬀective measurement and easy interpretation have most often been preferred; for
instance, species diversity (e.g. tree richness and diversity), community
structure (e.g. tree diameter and height), abiotic conditions (both microclimatic and edaphic), and some ecological processes (e.g. litterfall
production, nutrient cycling, pollination, erosion control) are widely
used to assess outcomes of forest restoration (Ruiz-Jaén and Aide, 2005;

2. Methods
2.1. Study site
Our study was conducted in the Mediterranean region of Chile
(Fig. 1). It includes the Valparaíso and Metropolitan administrative
regions located between 33° and 34° South and covers 31,640 km2, with
elevations ranging between the sea level and 1,835 m.a.s.l. Mean annual precipitation is 500 mm, and is concentrated in winter (June –
August). Mean annual temperature is 14.5 °C (Luebert and Pliscoﬀ,
2006), ranging from 21 °C in summer (January) to 7 °C in winter (July).
Summer temperatures often reach above 30 °C. Local microclimatic
conditions can diﬀer widely between coastal and inland areas; the
Coastal range has milder conditions in terms of temperature and
drought stress and is therefore more favourable for seedling establishment (Holmgren et al., 2000). Plant species composition diﬀers according to these microclimatic variations but also to topographical and
latitudinal diﬀerences (Villagrán, 1995; Luebert and Pliscoﬀ, 2006).
Sclerophyllous Mediterranean forest is the dominant ecosystem, composed mainly of woody species such as Cryptocarya alba and Peumus
boldus in the Coastal range, and Lithraea caustica and Quillaja saponaria
inland and in the pre-Andean range (Luebert and Pliscoﬀ, 2006). The
region has historically been subjected to landscape fragmentation and
degradation, with profound transformation of the original vegetation
due to intense urbanization and agricultural activities (Schulz et al.,
2010; Vergara et al., 2013). It presents the highest historical relative
habitat loss in South America, with just 20% remaining of the original
vegetation cover (Salazar et al., 2015).
2.2. Quantiﬁcation of recovery completeness
We used panchromatic aerial photographs dating from the 1970 s
and 80 s, acquired from the Aerophotogrammetric Service (www.saf.cl)
and recent Google Earth satellite imagery from 2013. By visual analysis
we identiﬁed all patches where forest cover was absent in the aerial
753

Ecological Indicators 102 (2019) 752–759

A. Altamirano, et al.

Fig. 1. Study area and location of reference and regeneration plots.

formula linearizes the metric, such that deviations in the numerator are
treated in the same way as deviations in the denominator, and the
variable typically shows a normal distribution. The formula includes a
correction (+0.01) in both the numerator and denominator to account
for zero-percentages in both regeneration and reference sites (De
Frenne et al., 2011). RC tends toward zero as the Xreg value approaches
the Xref value. To facilitate interpretation, RC values were back-transformed and converted to percentages. Thus RC may vary between 0%
(no recovery) and 100% (full recovery). We established a minimum
value of 70% for RC to be considered as a ‘high level’.

photographs (1970–80s) but fully recovered in the Google Earth images
(2013). This implies that we identiﬁed forest patches under regeneration ranging from 25 to 35 years old, which we will call “regeneration
sites”. We identiﬁed 200 regeneration sites, but due to accessibility
constraints we visited only 85 (47%) of them between December 2014
and October 2015. For each regeneration site visited, we selected a
“reference site” which was: (i) the nearest remnant forest existing from
the 1970 s according to the aerial images; and (ii) located with the same
topographical aspect as the regeneration site. Reference sites were
chosen to enable us to compare their forest attributes with those in the
regeneration sites.
In each regeneration and reference site we established a plot of
20x20 m (400 m2) in which we estimated ﬁve forest attributes
(Appendix 1): (1) basal area (BA); (2) quadratic mean diameter (QMD);
(3) adult species density (ASD); (4) adult species richness (ASR); and (5)
seedling species richness (SSR). We used these attributes because they
are those most frequently used to assess restoration success (Wortley,
2013). For the ﬁrst four indicators we only considered tree and shrub
species with DBH > 5 cm. For seedling species richness, we counted all
seedlings with DBH < 5 cm and height < 2 m along two cross-sectional transects up to 1 m wide on the main axes of the plot oriented
North-South and East-West. We only considered seedlings developed
from seeds because they represent new individuals.
For each indicator and plot we estimated recovery completeness as
RC = ln[(Xreg + 0.01)/(Xref + 0.01)], where Xreg represents the attribute value in the regeneration plot while Xref represents the value of the
same attribute in the reference plot. This formula is an adapted version
of the response ratio proposed by Hedges et al. (1999) to compare relative changes among indicators using diﬀerent unit measurements. The

2.3. Spatial congruence of recovery completeness
We evaluated the spatial distribution of only high-level RC for all
indicators on the landscape scale, and ﬁnally examined their spatial
congruence by overlaying the individual maps. RC predictions were
calculated for the landscape dominated by natural forest and shrubland
land cover types (1,291,656 ha or 41% of the whole study area). We
considered shrublands for these estimations because this land cover
type represents the successional stage previous to forests.
2.4. Modelling recovery completeness using environmental predictors
We constructed a set of environmental variable maps from spatially
explicit data on climate, topography, and soil characteristics (Appendix
1). We used the following climatic variables: maximum temperature of
warmest month (Tmax), mean temperature of warmest quarter (Tmea),
mean temperature of coldest quarter (Tmin), precipitation seasonality
(Psea), precipitation of driest quarter (Pmin), heat load (Hload), and
754
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3.2. Spatial patterns and congruence of recovery completeness

aridity index (Aind). For topography, we used elevation (Elev), slope
(Slop), and distance to coast (Dcoas). Finally, for soil variables, we used
bulk density (Bden), cation exchange capacity (Cec), soil pH measured
in H2O (SpH), and soil organic carbon (SoC) (Appendix 1 and 2). We
examined the correlation matrix of all these explanatory variables and
excluded those that were highly correlated (|r| > 0.6) to avoid multicollinearity for model-building purposes.
For statistical modelling, we used boosted regression trees (BRT).
Decision trees are generated linking the explanatory variables to the
dependent variables. This technique generates many regression trees
that are combined into one ultimate regression tree model, boosting the
ultimate model’s accuracy and predictive performance drastically (Elith
et al., 2008). We generated regression trees using the gbm package in R
(Ridgeway, 2007). This procedure uses three variables: learning rate
(lr), bag fraction (bf), and tree complexity (tc). To obtain the optimal
combination of these variables, a series of models was generated using
diﬀerent values of lr and tc based on previous studies (Elith et al.,
2008). Then we calculated measurements of model performance for
each ﬁtted model (i.e. percentage explained deviance; D2) (Littke et al.,
2014), the relative root mean square error (RMSE) (Aertsen et al.,
2010), and the correlation between observed and predicted values. For
each model, we chose those predictor variables which presented a
strong relationship with the response variable (i.e. > 10% of inﬂuence
in BTR models). The model estimates the relative inﬂuence of predictor
variables (inﬂuence). The inﬂuence is based on the number of times a
variable is selected for splitting, weighted by the squared improvement
to the model as a result of each split, and averaged over all trees (Elith
et al., 2008). The relative inﬂuence of each variable was scaled so that
the sum totalled 100, with higher numbers indicating stronger inﬂuence.

Landscape predictions of recovery completeness showed markedly
diﬀerent spatial patterns (Fig. 3a–e). Basal area presented predominantly low levels of RC; the highest values corresponded to small
patches mainly restricted to the pre-Andean range (Fig. 3a). Recovery
completeness of quadratic mean diameter showed a heterogeneous
distribution with the highest values concentrated in the centre of the
Coastal range (Fig. 3b). Higher recovery completeness for adult species
density was mainly conﬁned to patches located in the Coastal and preAndean ranges in the study area (Fig. 3c). Adult species richness
showed a clear pattern of low levels of recovery completeness distributed throughout the whole study area (Fig. 3d), while seedlings
species richness mostly exhibited intermediate levels of recovery completeness, with the few high levels concentrated in the southern and
northern parts of the study area (Fig. 3e).
The area of high-level RC varied among indicators, being higher for
adult species density and quadratic mean diameter and lower for adult
species richness and basal area (Table 1). Predictions at landscape scale
estimated a potential area of maximum spatial congruence for highlevel RC (i.e. ≥ 70%) at 94,576 ha (7% of the landscape area) (Fig. 3f).
However, when the minimum of two indicators was used, spatial congruence of high-level RC represented 424,697 ha (33% of the landscape
area).
3.3. Environmental predictors of recovery completeness
All models showed good performance in terms of explained deviance (D2) and errors (rRMSE < 20%), and all relied on few explanatory variables, reducing the likelihood of statistical artefact
(Table 2). BA, QMD and ASR models provided the best goodness of ﬁt
(i.e. highest explained deviance and highest correlation between the
observed and ﬁtted values). Two environmental variables predicting RC
showed the highest spatial congruence (i.e. in more than two models):
bulk density (for models BA, QMD, ASR and SSR), and slope (for models
QMD, ASD, and ASR). The most important predictor variables were
bulk density, mean temperature of warmest quarter and distance to
coast, which had ≥ 40% inﬂuence on RC indicator responses (Fig. 4).

3. Results
3.1. Recovery completeness by indicators
Reference plots mostly showed higher values than regeneration
plots for all recovery indicators except seedling species richness
(Appendix 2). The highest values were found for maximum basal area
and quadratic mean diameter in reference plots, which were 42.4 m2
ha−1 and 36.3 cm respectively.
Overall RC was 72.7% and ranged between 99.6% and 33.5%
(CV = 36.3%), showing a high variation among indicators (Fig. 2).
Species richness, both for seedlings (99.6%) and adults (92.3%) showed
almost full RC and intermediate spatial variation (coeﬃcient of variation 54% and 42% respectively). Structural attributes showed intermediate to low RC values: 76.9% (CV = 48%) for adult species density,
61.4% (CV = 34%) for quadratic mean diameter, and only 33.5%, with
the highest spatial variation (CV = 67%), for basal area.

4. Discussion
This study provides an example of monitoring natural forest recovery in a globally important biodiversity region (Mittermeier et al.,
2004). We visually selected forest patches under regeneration ranging
from 25 to 35 years old. Recovery completeness was high for almost all
the ﬁve indicators used; the spatial patterns of their responses were
uneven and spatial congruence among indicators was low. These results
have implications for the eﬃcient provision of guidance for large-scale
restoration eﬀorts, as we discuss below.
4.1. Recovery completeness levels and spatial patterns
RC gave a higher result for species diversity indicators – namely
species richness of seedlings and of adult individuals, which attained
nearly full recovery – than for the vegetation structure indicator.
Diversity indicators tend to rise faster in the ﬁrst years of plant colonization and later may stabilize or even decrease (Rosenzweig, 1995);
however, long life-span pioneer species can persist until later successional stages in some forests (Gutiérrez et al., 2008), maintaining species diversity. Moreover, high seedling diversity can be associated with
pioneer species after disturbance (e.g. forest ﬁre, harvesting) (Castoldi
et al., 2013; Duah-Gyamﬁ et al., 2015). Diversity indicators, in particular species richness, are commonly used to assess natural forest recovery (e.g. Orsi et al., 2011; Karsten et al., 2014; Gatica-Saavedra
et al., 2017), but they should be used with caution as high levels of
diversity outcomes do not necessarily imply successful forest recovery

Fig. 2. Amoeba diagram showing recovery completeness (%) based on ﬁve
indicators of forest recovery. 100 means full recovery.
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Fig. 3. Boosted regression tree model predictions of natural forest recovery completeness for: a) basal area, b) quadratic mean diameter, c) adult species density, d)
adult species richness, e) seedling species richness, and f) spatial congruence of forest recovery indicators. No colour means no-prediction because the pixel was not
currently classiﬁed as any of the land cover types considered in our analysis. Grey means no congruence of any indicator. Maximum spatial congruence means there is
coincidence of high-level recovery completeness for all ﬁve indicators, whereas minimum spatial congruence means there is coincidence of high-level recovery
completeness of two indicators.

The highest and lowest spatial variations of RC were found for basal
area and quadratic mean diameter respectively. Quadratic mean diameter would present low variability since it represents the average
diameter of all the trees of each site, whereas basal area is rather used
as an indicator of forest successional stage (e.g. canopy closure)
(Gutierrez and Huth, 2012). Additionally, basal area is strongly inﬂuenced by the time elapsed since regeneration started, land use history
and site quality (i.e. climate, soil), and is therefore a good indicator of
forest recovery (Toledo et al., 2011).

Table 1
Model performance statistics for boosted regression tree models of recovery
completeness using ﬁve diﬀerent forest recovery indicators. Explained Deviance
(D2) of the ﬁtted model, explained deviance after cross validation (D2 CV),
Pearson’s correlation coeﬃcient (Corr) and relative root mean square error
(rRMSE) are reported. BA: Basal area, QMD: Quadratic mean diameter, ASD:
Adult species density, ASR: Adult species richness, SSR: Seedling species richness.
Indicator/Model

D2

D2 CV*

Corr*

rRMSE*

Basal area
Quadratic mean diameter
Adult species density
Adult species richness
Seedling species richness

0.59
0.47
0.41
0.43
0.59

0.10
0.19
0.15
0.14
0.17

0.48
0.48
0.35
0.38
0.44

21.49
17.91
16.21
16.93
8.05

4.2. Spatial congruence of recovery completeness
The low spatial congruence in the RC of the individual indicators
used in this work highlights the importance of indicator selection for
monitoring restoration (Gatica-Saavedra et al., 2017). Given the high
variation of RC and their spatial distribution throughout the study area,
our results suggest that targeting appropriate indicators is critical for
assessing the success of natural forest recovery. We observed low spatial
congruence of high-level values of all indicators, and spatial congruence levels increased as fewer indicators were used. Furthermore, in
the early stages of the successional process – when the tree canopy still
appears highly dynamic – forest recovery is strongly inﬂuenced by
environmental gradients, landscape structure and land use history, restoration eﬀort, and elapsed time since the project took place
(Crouzeilles et al., 2016; Meli et al., 2017).
Our most remarkable ﬁnding is probably the low spatial congruence
of RC indicators. The maximum spatial congruence of all recovery indicators is lower than 10%. Congruence increases as our restrictions are
softened, for instance when using only two indicators; however, this
higher congruence was found in basal area and quadratic mean diameter, which are highly correlated. Low spatial congruence of indicators was also consistent with the congruence of environmental
predictors. In fact, only two environmental variables (bulk density and
slope) predicting responses of RC indicators presented higher spatial
congruence. This implies that if we use these indicators separately to

* Values for cross validation.
Table 2
Predicted area of high level of recovery completeness according to recovery
indicator modelled. See indicator names in Table 1. Percentage values are estimated to cover the whole predicted area.
Recovery completeness indicator

Area (ha)

%

Basal area
Quadratic mean diameter
Adult species density
Adult species richness
Seedling species richness

411,883
950,460
1,070,756
502,429
624,999

32
74
83
39
48

(Meli et al., 2017). Restoring plant species diversity of a target community might be unrealistic, given that recovery could take several
decades or even more. In any case, species diversity cannot be taken as
the sole criterion for evaluating restoration success (Engest et al.,
2016); therefore other metrics must be considered, such as species
composition or functionality diversity that may potentially show slower
recovery (Petchey and Gaston, 2006; Meli et al., 2017).
756
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Fig. 4. Inﬂuence of environmental variables in boosted tree-regression models of recovery completeness indicators: a) basal area, b) quadratic mean diameter, c)
adult species density, d) adult species richness, and e) seedling species richness. Maximum temperature of warmest month (Tmax), mean temperature of warmest
quarter (Tmea), mean temperature of coldest quarter (Tmin), precipitation seasonality (Psea), precipitation of driest quarter (Pmin), slope (Slop), and distance to
coast (Dcoas). Finally, we used edaphic variables such as dry bulk density (Bden) and cation exchange capacity (Cec) (see Appendix 1 and 2 for details of these
environmental predictors).

goal is to increase biodiversity, a measure of plant diversity could be a
suitable indicator (e.g. species diversity, number of target species) (e.g.
Feest, 2013). In summary, we must ask: what attributes of forests
should characterize the success of ecosystem services supply? The answer will guide the development and assessment of the restoration
project, but in turn we must consider that on a large-scale these questions are inﬂuenced by environmental gradients.
When focused at large-scale, the restoration agenda should be embedded in the methodological approach of ‘Forest Landscape
Restoration’, the aim of which is the recovery of multifunctional landscapes beyond the restoration of natural ecosystems (Schulz and
Schröder, 2017). This approach broadens the restoration targets toward
the recognition that ecosystems and landscapes need to be recovered to
provide goods and services to human society (Stanturf et al., 2014;
Wang et al., 2014). Therefore, restoration projects addressing multifunctional landscapes must explicitly consider diﬀerent indicators of RC
linked to ecosystem functions. Some studies have assessed restoration
success by applying a functional perspective (e.g. Engst et al., 2016;
Hedberg et al., 2014; Laughlin, 2014), sometimes directly measuring
function indicators such as nutrient and water supply (Little et al.,

plan large-scale forest restoration, the resulting location area would
diﬀer considerably. Then, one of the main advantages of natural regeneration (i.e. cost-eﬃciency; Birch et al., 2011) as a strategy for
large-scale restoration planning may be compromised if we fail to
choose suitable indicators. As a result of this mismatch, the potential of
natural regeneration to restore the multiple social and ecological beneﬁts of landscapes could be reduced (Chazdon and Uriarte, 2016).

4.3. Implications for planning and monitoring large-scale restoration
The high variation among the selected RC indicators stimulates reﬂection about indicators selection. The goals of a restoration project are
decisive for how the project’s recovery success is measured, and also for
deﬁning restoration priorities (Orsi and Geneletti, 2010). Holl and Aide
(2011) highlighted the importance of clearly identifying goals at the
onset of a restoration project, ideally in consultation with all stakeholders, and using cost-eﬀective methods (Almeida et al., 2019). For
example, if the goal of a restoration project is to maximize carbon sequestration through natural forest recovery, then an indicator of crown
cover may be advisable (e.g. basal area, tree density), whereas if the
757
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2009; Van Bodegom et al., 2006). However, recovery of ecosystem
functions can be slower than other attributes and therefore its application in early stages of restoration projects may be limited (Meli et al.,
2017; Moreno-Mateos et al., 2017). Likewise, the outcomes of ecosystem functions are observed on other spatial and temporal scales
(Greene and Millward, 2017).
A salient characteristic of natural regeneration as an approach for
forest restoration is that it is highly cost-eﬀective (Birch et al., 2011),
since it does not involve direct ﬁnancial costs, including seedlings,
planting, fences, and maintenance (Schiappaccasse et al., 2012).
Therefore, it is highly desirable to decide on suitable RC indicators,
which will help to ensure that the indicators that we use to monitor our
restoration goals are consistent with those goals. Regardless of the restoration strategy used, the global challenge of forest restoration implies rethinking the stages of deﬁning the large-scale, long-term aims of
projects. As part of this challenge, large-scale, long-term forest restoration projects must include the ecological, economic, and social
dimension in order to regain ecological integrity and enhance human
well-being in deforested or degraded forest landscapes (Chazdon and
Uriarte, 2016).
Given the current global challenge of ecological restoration, the
implications of low spatial congruence of RC for the deﬁnition of restoration success can be enormous. The CBD and several countries have
established goals on this issue. Target 15 of the Aichi Targets for 2020
sets a numerical goal of restoration of 15% of degraded ecosystems,
achieving which will require billions of dollars per year (CBD, 2010).
Chile is no exception, and the Government is committed to achieving
the same goal by 2020 (Smith-Ramírez et al., 2015). However, forest
restoration needs to become successful at landscape scale in order to
achieve its goals (Bannister et al., 2018). Thus, how the restoration
success of these degraded ecosystems is measured is an important task
anywhere.
Our results have wider signiﬁcance for restoration planning around
the world, providing cautionary notes and recommendations for appropriate use of forest recovery indicators to monitor large-scale restoration projects.
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