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Abstract

Decades of scientific development have led to a specialisation of environmental analyses,
hampering the recognition of forest ecosystem restoration. However, an integrated approach is
required to better understand the trajectory of forest recovery. In this study, we aimed to
evaluate potential comprehensive approaches for forest restoration assessment by considering
184 environmental features, including geographical information, tree dimensions and biomass,
soil abiotic parameters, microclimate, and soil microbial taxa and functions. All these
characteristics constituted the dimensions of the ecosystem hypervolume and its emerging
properties, related to naturally regenerating Acacia mangium plantations. Through
unsupervised and supervised machine learning algorithms, we recognised the known time lag
between the modification of ecosystem properties and the macroscopic aspects, such as the
aboveground biomass. While the sectorial analysis highlighted the recovery of numerous
characteristics by the 10" year after plantation establishment (e.g., tree biomass), the analysis
integrating numerous ecosystem parameters highlighted the sequential similarity along the
chronosequence, with only the 24-year-old plantation approaching recovery as measured in an
adjacent remnant forest. The presence of keystone parameters (environmental variables with

disproportionate effect on the ecosystem restoration relative to their value or variance) and the
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lagged response of ecosystem properties to drivers of environmental changes call for a more
comprehensive approach to assess the achievement of restoration goals. Together with recent
efforts to include machine learning analyses to answer ecological questions, our study brings
unprecedented evidence on how leveraging advances in this analytical field can prompt a better
understanding and management of recovering forests, considering multiple intertwined

environmental factors.

Keywords: tropical forest recovery, ecosystem properties, machine learning classification,

forest ecology, environmental recovery, Machine Learning ecology, ecological hypervolume

Introduction

Forest restoration derives from the variation of multiple environmental parameters, with their
monitoring being fundamental to assessing the recovery of the native characteristics or
historical functions of the system (Chazdon et al. 2016). While the modification of interacting
components is entangled within the forest recovery (de Jong et al. 2021; Toro et al. 2025) and
fundamental to evaluating the success of restoration projects over time, long-term monitoring
is often neglected (Le et al. 2012, 2014; Vivian et al. 2026). When present, the ecosystem
recovery assessment often focuses on a few parameters (e.g., Adamo et al. 2021; Nunez et al.
2021) depending on the project objective, the interest of stakeholders, and the available budget
(Caughlan and Oakley 2001).

Ecosystem analyses considering an integrated perspective can improve the
understanding of ecosystem dynamics occurring over recovery. Specialisation of the studies
(Casadevall and Fang 2014) facilitated improvements in many scientific fields while causing a
gap between them. This fracture is recognised, and scientists increasingly advocate for the
adoption of more comprehensive approaches in their research (e.g., Hobbs et al. 2011; Malhi

et al. 2022; Vivian et al. 2025a). For instance, the “recovery wheel” developed as a tool to
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assess the ecosystem restoration by comprehending multiple spheres (Gannet et al. 2019),
considers the socio-economic parameters of the recovering system along with the ecological
ones. Furthermore, making use of technological innovations, Woolnough et al. (2023) highlight
the benefits of merging fields by leveraging advances in quantum computing to understand
ecological processes. Forest restoration evaluation fits within this context of comprehensive
analysis requiring cutting-edge analytical techniques: above- and below-ground components
and emerging properties of the synergies within the ecosystem (e.g., functions revealed by the
variation of soil microbial communities) should be considered altogether to disentangle their
intertwined recovery (Gann et al. 2019).

A comprehensive evaluation of forest recovery may unravel the occurring interrelated
processes, allowing better management of the restoration efforts. Interests in forest services
(e.g., carbon sequestration), the increasing awareness of the importance of soil health (Wall et
al. 2015), and of microbial processes occurring in it (Bardgett and van der Putten 2014; Fierer
2017) promote their analysis, providing unprecedented insights into forest recovery dynamics
(Vivian et al. 2025b, under review). Traditional above-ground biomass assessments (e.g.,
Nowak and Crane 2002) may be integrated with the study of soil microbial community
evaluations through eDNA (genetic fragments collected from environmental substrates;
Thomsen and Willerslev 2015), offering early evidence for ecosystem modification (Bardgett
and Van Der Putten 2014; Li et al. 2020). For instance, eDNA allows for the identification of
numerous taxa (e.g., Allen et al. 2023; Goralczyk et al. 2025; Ke et al. 2025; Lépez-Gonzalez
et al. 2025; Bessey et al. 2025), such as soil microbes that respond to short- and long-term
environmental variations (Graham and Knelman 2023; Lemke and DeSalle 2023). This
characteristic makes them valuable indicators for forest ecosystem recovery (Vivian et al.

2025a). The consideration of analyses from complementary scientific spheres (e.g., microbial
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ecology, plant ecology, botany) is crucial to reestablish the useful integrated approach, and
advanced analytical techniques can be leveraged for this scope.

Machine Learning algorithms can improve the understanding of forest restoration by
analysing combined ecosystem changes if a sufficient number of high-quality data are
available. Multidimensional kernel density estimation has been used to explore the ecosystem
modifications and ecological questions (Blonder et al. 2014; Barros et al. 2016), and different
machine learning (ML) techniques were used to recognise areas with high natural regeneration
potential (Crouizelles et al. 2020; Williams et al. 2024). These recent ML applications lay the
ground for their application to study numerous ecological parameters (also referred to as
“features”) and large datasets (Jordan et al. 2015; LeCun et al. 2015). Given these
characteristics, ML techniques are valuable means to evaluate the complex environmental
modifications (Tahmasebi et al. 2020), as those occurring during forest ecosystem restoration.
Indeed, forest recovery involves the interplay of several abiotic and biotic factors (Chazdon
2014), composing the dimensions characterising the ecosystem “hypervolume” (Barros et al.
2016) and from which distinct environmental properties emerge (e.g., nutrient cycling).

Advanced computations have the potential to provide objective insights into forest
restoration and the variation of ecosystem traits. Unlike the ecological analyses that are data-
informed and usually affected by strong assumptions (e.g., Kimmel et al. 2021), ML algorithms
are data-driven approaches (Jordan et al. 2015). Therefore, the interpretations of the results can
generally directly emerge from patterns and characteristics of the records. Belonging to the ML
domain and being assumption-free, the clustering and classification algorithms are used to
recognise patterns in the data (Sarker 2021) and divide samples into a pre-defined number of
categories (Hastie et al. 2009), respectively, given the traits of the samples. Reflecting the high
dimensionality of the hypervolume, ML approaches fit well in a context where complex

dynamics interplay, being capable of handling large datasets and numerous variables. Thus, we
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used ML algorithms to identify different phases of forest restoration with real-world
measurements, recognising the variation of the measurable and emerging properties over time,
represented by the integrated consideration of the measured variables.

Clustering techniques are widely implemented in ecology to explore the data, making
these algorithms a useful bridge from traditional to innovative analyses with ML methods. For
instance, used to recognise the similarity between samples, Principal Component Analysis
(PCA) is one of the most common analyses undertaken in ecology and belongs to the realm of
ML algorithms (Sarker 2021). While in environmental sciences this technique is used to
recognise patterns, in other scientific spheres it is often implemented to reduce the dimensions
of the datasets, creating new variables (Sarker et al. 2020a), on which the analysis is applied.

Machine learning classification algorithms can provide insights into the forest
restoration trajectory, enhancing the understanding of the modification of environmental traits
over time. The classification of samples (also referred to as “instances”) is based on their
disposition in a multidimensional space (which makes them easily applicable to the
hypervolume concept), according to learned decision boundaries as limits between categories
(Hastie et al. 2009). While ML classification does not substitute specialised analyses, it enables
the recognition of recovery phases through an integrated perspective, bringing benefits to the
management of forest restoration projects.

In our study, we aimed to recognise the efficacy of an integrated methodology to
unravel patterns of forest restoration trajectories through different ML clustering and
classification algorithms, by considering above-ground and below-ground parameters (e.g.
biomass, species, carbon, soil attributes and microbes). Thus, we focused on assessing the
benefits of ML approaches to help with the evaluation of forest restoration. The setting of this
study was a degraded grassland (representing the initial state of the system), Acacia mangium

plantations of 2-, 10-, and 24-year-old, and a reference state of remnant forest in the
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Philippines. In this context, the modification of the plantations has been scarcely assessed,
especially considering multiple above- and below-ground parameters, such as tree community
composition, biomass stock, soil nutrients, and microbial community (but see Wei et al. 2024).
This case study was adopted to fill the knowledge gap on the benefits of a more integrated
approach in forest restoration evaluation, with the additional benefit of providing evidence of
ecosystem changes in an understudied context. To unravel the similarity between the oldest
naturally regenerating plantings and the remnant forest, we assumed that, if a trajectory of
forest restoration is present, and thus samples of increasingly old plantations hold similar
values to those of the aimed state, combining the instances from these classes into one category
would result in a better classification. Given field observations and previous analyses on our
context (see Vivian et al. 2025b, under review; Vivian et al. 2026), we expected an ongoing
restoration through time, and we hypothesised a higher classification accuracy when
measurements of the late stages of natural regeneration and remnant forest are considered as
belonging to the same class compared to that achieved when the two classes are retained.
Therefore, to test our expectations and unravel the potentialities of ML classification to
understand forest restoration, we addressed the following questions: i) What is the similarity
between A. mangium plantings and remnant forests over time based on an integrated approach?
i) What can be inferred about forest ecosystem recovery and management, with the
simultaneous consideration of multiple parameters, with these reflecting the emerging
ecosystem properties? While using data on tropical forest restoration, this unprecedented
analysis and results create the background for the implementation of ML in monitoring
outcomes of forest restoration, with important consequences for the management of such

recovering ecosystems worldwide.
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Methods

In our analysis, we considered: geographical information; tree dimensions (and derived
biomass, referred to as Above Ground Biomass, “AGB”), species, and abundance; soil
nutrients, temperature, humidity, and pH; air temperature and humidity (hereafter referred to
as “microclimate”); canopy coverage; soil fungi and bacteria taxonomic and functional
information as relative abundances (Table S1). We expected the analysis of 184 environmental
parameters through ML algorithms to provide deep insights into the restoration trajectory, by
considering the subtle changes usually overlooked in traditional approaches (evaluated in
Vivian et al. 2025, under review, and Vivian et al. 2026), and the related modification of the

ecosystem hypervolume.

Study site

Soil samples, and data on microclimate, tree dimensions and community composition were
gathered in September 2024 on Biliran island, in the central part of the Philippines archipelago.
The analysed sites comprise minimally managed A. mangium plantations of different ages (2,
10, and 24 years) (Fig. 1A). Due to socio-economic reasons, these A. mangium plantations
established by local communities were usually left minimally managed after the first three
years, with a lack of clearing and occasional uncontrolled harvesting (Gregorio et al. 2015).
The lack of intensive management, the common placement of such plantations in proximity to
forest remnants (Evans 1992), and the versatile traits of A. mangium (e.g., nitrogen-fixation;
Krisnawati et al. 2011) led to natural regeneration of the forest (Vivian et al. 2026). As the
starting state, we sampled nearby degraded grasslands of Imperata cylindrica, and as the
reference state, we gathered data in secondary forests, hereafter named “remnant forest”, not
directly affected by intensive anthropogenic use, and located in the proximity of the plantations.

Altogether, the sampling sites will be referred to as “landcover types”. More details on the
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location characteristics are extensively reported in Vivian et al. (2026), and the list of the

variables included in this study is reported in the Supplementary Material (Table S1).

Assessment of the above and belowground ecosystem conditions

Data on tree community, soil abiotic parameters, microclimate, and aboveground biomass of
standing trees were collected and calculated as thoroughly described in Vivian et al. (2026).
Briefly, we sampled four transects of four plots for each of the five landcover types. These
transects were ordered along the altitude axis and paired to have a comparable elevation but
different light exposure (i.e., different side of the ridge). (Fig. 1A-B). Overall, we sampled a
total of 80 plots across the study area, covering a maximum distance of 1800 m and a total
elevation difference of 400 m. Soil, air, and microbial data were gathered in each plot (“Sample
plot”’; measuring 5 x 5 m; Fig. 1B), while the tree height, diameter and community composition
were assessed for one larger plot in every transect (the second plot from the lowest elevation,
with dimensions of 20 x 20 m; known as the “Measure plot”; Fig. 1B). Values of the
vegetational data were copied for the other three plots of the same transect. For this study, we
estimated aboveground biomass of trees with diameter at breast height (DBH) > 5 cm using

the equation of Chave et al. (2014):

AGB = 0.0673 x (p X D?x H)*976
D=DBH (cm)
H=Height (m)
p=Wood density (C%)
The carbon concentration and stock in the 0-10 cm layer of bulk soil were assessed
through the protocol of Heanes (1984), considering the soil density of the sites. Available

phosphorus was calculated through the Olsen procedure (Olsen 1954), while total nitrogen was

defined through the steam distillation method (Bremner et al. 1965).
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Fig. 1 (A) Study site; sampled plots (coloured points) composing the transects for each landcover type; (B) Set of
transects for one landcover type, and details on the disposition of the plots and parameters collected.
Microbial communities

Fungal and bacterial communities of the topsoil (0-10 cm) were studied in all the selected
landcovers. In each “soil data” plot, a soil sample was gathered, representing a replicate,
totalling 4 per transect and 16 per landcover type. A detailed explanation of the sampling,
sequencing, and bioinformatic pipeline is reported in Vivian et al. (2025, under review). The
ITS2 rRNA and 16S rRNA gene amplicons were considered for fungi and bacteria DNA
sequencing, respectively, through the lllumina NextSeq2000 platform. The sequences obtained
were processed as Amplicon Sequence Variants (ASVs) (representing true and unique
biological units; Callahan et al. 2017) using the “DADA2” pipeline. The taxonomic profile of
the communities was obtained by comparing them with genomes present in UNITE (version
10.0) and SILVA (version 138.2) (Quast et al. 2013) databases for fungi and bacteria,
respectively. To assign the functions possibly expressed by the identified microbes, we used
the FUNGuild (Nguyen et al. 2016) database for fungi and that of FAPROTAX v1.2.10 (Louca

et al. 2016) for bacteria. In the present study, we used the information on the observed richness
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of ASVs, and on the relative abundance of each phylum and functional groups for both fungi

and bacteria.

Machine Learning Analysis

Seven algorithms of supervised and unsupervised ML were implemented to unravel the
temporal stages of forest recovery. These algorithms were selected based on how they handled
the data and their complexity (as suggested by Alnuaimi and Albaldawi 2024), allowing a more
objective interpretation of the results. Four supervised and three unsupervised ML techniques
were employed to facilitate a robust exploration of the data and related ecosystem
modifications, capturing general patterns among the clustering and classification methods
(Tables S2-S3). By considering diverse learning models, their flaws, and advantages (e.qg.,
Caruana and Niculescu-Mizil 2006; Sarker 2021; Alnuaimi and Albaldawi 2024, and
extensively covered in the Supplementary Material section 2.2-2.3, along with details on their
functioning), we hoped to gain a more comprehensive understanding of clustering and
classification, and the related forest recovery. Data preprocessing and dimensionality reduction
methods are reported briefly here, with the detailed explanation of the latter in the
Supplementary Material section 2.1. All analyses were conducted in Python 3.12.4 (Python
Software Foundation 2024). The protocol related to the adopted workflow can be found at
dx.doi.org/10.17504/protocols.io.6gpvrwj2zimk/vl  (Private  link  for  reviewers:
https://www.protocols.io/private/E914510FCB6411FOB39B0A58A9FEACO2 to be removed
before publication.) Code and datasets are available at

(https://github.com/JennyVivian99/ML Classification for forest restoration).

Data preprocessing and dimensionality reduction
Data preprocessing was conducted before running each of the selected ML algorithms. To
consider the above and belowground traits of the ecosystem, we combined information on tree

communities, aboveground biomass of standing trees, soil nutrients, temperature, humidity,


https://github.com/JennyVivian99/ML_Classification_for_forest_restoration

— ARPHAPreprints Author-formatted, not peer-reviewed document posted on 02/12/2025 DOI: https://doi.org/10.3897/arphapreprints.e181100

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

and pH, microclimate, and microbial (fungi and bacteria) communities characteristics (Table
S1), for a total of 184 variables. Altogether, these data characterised what will be called hereon
the “sample” or “instance”, one for each of the 80 plots sampled. For the microbial community
characteristics, we retained the ASVs richness and the relative abundance of phyla and
functional traits. According to the bioinformatic pipeline (see Vivian et al. 2025b, under
review), and due to potentially low-quality results (from their low sequencing depth, affecting
the reliability of the taxa identification), two samples gathered from the remnant forest were
discarded for fungi communities. For bacteria, one sample from the 10-year-old plantation, two
from the 24-year-old plantation, and one from the remnant forest (the same was excluded for
the fungi community) were excluded from further analysis for the same reason. Thus, to avoid
the inclusion of biased microbial information, we excluded the same samples across all the
variables (i.e., above- and below-ground ecosystem traits), resulting in some loss of replication
(i.e., from a total of 80 replicates to 75). To allow statistical computations, we numerically
mapped the “character” variable of the transect disposition into numerical variables, with 0
representing the South side and 1 the North side of the hills that were sampled. Finally, as
reported above, we associated the following vegetation parameters, evaluated for the second
and bigger plot in each transect (“Measure plot” in Fig. 1B), to the other three plots (“Sample
plot” in Fig. 1B) within the same transect: number of tree species, number of tree individuals,
stems per hectare (DBH < 5cm, height > 2m), cumulative basal area (m?/ha), average DBH
(cm), cumulative AGB (t/ha), “average height (m), number of native tree species, and number
of exotic tree species. While for these variables the replication was reduced to four per
landcover type, the integrated analysis was expected not to be affected by such a reduction in
measurements, for the persistence of minimum variance and at the landscape level.

After data preprocessing, we standardized the dataset to minimize biases deriving from

different feature scales of values. This step is necessary since ML algorithms are mathematical
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constructs lacking the understanding of the physical unities of measure of the data (Singh and
Singh 2020), and because we employed distance-based (i.e., scale-sensitive) ML techniques as
the K-nearest neighbours (KNN) (Fix and Hodges 1951; Cover and Hart 1967). Before the
application of unsupervised algorithms (i.e., run with unlabelled data; Hastie et al. 2009), we
performed data standardisation simultaneously on the entire dataset. Only for the application
of the variance threshold feature selection (explained in Supplementary Material section 2.1),
the standardisation was substituted by normalization, to allow variance assessment. For
supervised classification (i.e., computations occurring with labelled data; Hastie et al. 2009),
data standardization (and normalization when the variance threshold was applied) was
performed after splitting the dataset into training and test sets to avoid data leakage.

All the ML techniques were applied with and without dimensionality reduction through
variable (also called “feature”) selection and feature extraction (Fig. 2). Dimensionality
reduction was conducted as a preprocessing step to lower the dimensions of the dataset while
maintaining all the relevant information (Liu and Motoda 1998; Sarker et al. 2021). Decreasing
the dimensions is crucial to achieve the best functioning of distance-based ML techniques, as
it mitigates the problem of the curse of dimensionality (Bellman 1966), a well-known ML
issue. This limitation imposes a higher risk of overfitting, an inability of patterns and clusters
distinction, and a subsequent lower efficiency of the ML algorithm as the number of features
increases. In our study, the variance threshold (Pedregosa et al. 2011), was implemented to
select the features before running unsupervised ML algorithms (i.e., retention of a subset of
variables; Sarker 2021). Additionally, feature extraction using principal component analysis
(PCA,; Hotelling 1933) was employed to generate a new and smaller set of variables from the
existing ones, while retaining part of the original information (Sarker 2021). Such a technique
was included by taking advantage of the familiarity of the researchers in environmental

sciences with PCA. Specifically, we used PCA in this study as the foundational step toward
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the usage of classification techniques, which, being all part of the data-driven approaches
(Hastie et al. 2009), can improve the understanding of forest restoration. These methods for
dimensionality reduction were implemented before running each ML unsupervised algorithm
on the entire dataset, since these methods do not require the dataset division for clustering
purposes.

Supervised ML algorithms use a random subset called “training set” extracted from the
complete dataset. Following the standard approach, dimensionality reduction was first
conducted on the training set and not on the whole dataset to avoid data leakage. Then, the
selected or extracted features of the training set were also considered for the test set, on which
the dimensionality reduction is ultimately run. While the results of the dimensionality reduction
are equal among different seeds in unsupervised ML (since the entire dataset is used), in
supervised ML, the features selected vary according to the seed set, given its influence on the
random selection of the samples for the training set. For supervised ML techniques, we also
considered the Pearson correlation (Pearson 1896) threshold, selecting the variables to retain
in the analysis (Sarker et al. 2020b). In this case, the correlation was computed by representing
each landcover type with a numeric value: 0 for grassland, 1, 2, and 3 for the 2, 10, and 24-
year-old A. mangium plantations, respectively, and 4 for the remnant forest. Therefore, a
negative correlation coefficient indicates a diminution of the value of the feature with the
recovery time since plantation establishment, with the opposite applying when a positive
correlation is present. Considering the high number of features we aimed to retain, and the
composition of our data, we used a r > |0.20] value as a weak threshold to retain the variables
mostly correlated with the landcover type (Evans 1996). Subsequently, a threshold of r < |0.70]
was used to filter out the highly autocorrelated features. Results of the feature extraction and
selections are by-products usually implemented as core analysis in traditional studies to unravel

patterns in the data. Indeed, the outcomes of the feature extraction and selection (see Tables
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S4-S15) highlight the most important parameters for the definition of the ecosystem, making

them important to discuss.
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Fig. 2 Machine Learning analysis conducted in our study.

Unsupervised machine learning algorithms

To answer our questions, we first explored the disposition of data into clusters through
unsupervised ML algorithms. These unsupervised algorithms are partitioning, density-based
and hierarchical-based methods, respectively: K-means (MacQueen 1967; Lloyd 1982; Jain
and Dubes 1988), agglomerative hierarchical clustering (AHC; Ward 1963), and density-based
spatial clustering of applications with noise (DBSCAN; Ester et al. 1996). K-means analysis
was run considering the basic number of clusters (i.e., 2), the real number of categories (5
landcover types), and the optimal number of clusters retrieved through the elbow method
(Thorndike 1953; Zhang et al. 2017). The AHC allowed for the construction of a dendrogram
through which the clusters can be identified according to different levels of similarity between
instances (Ward 1963; Murtagh and Legendre 2014; Nielsen 2016; Sarker 2021), and the
DBSCAN analysis is flexible to the number of clusters created, without requiring their number
to be set a priori (Deng 2020). For the AHC, the average and Ward methods for linking
instances were studied (see Supplementary Material section 2.2 for details).

The silhouette score was analysed for each clustering technique. This metric is a
coherence value of the clusters, spanning from -1 to 1, with higher values indicating a marked
separation between groups, and therefore their better definition (Belyadi and Haghighat 2021).
We also created contingency tables and plots, displaying the disposition of the samples within

the identified clusters compared to the actual category (i.e., “label”) of the data.
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Supervised machine learning algorithms

Through supervised ML algorithms, we aimed to clarify the recovery dynamics of A. mangium
plantation. We chose four supervised ML algorithms (Fig. 2), based on their assumptions and
data-handling characteristics (see Supplementary Materials section 2.3 for details). A
multiclass classification analysis was performed using algorithms for managing high-
dimensional datasets with a moderate number of samples, as techniques that perform well with
a higher number of samples, such as Random Forest or deep neural networks (Krizhevsky et
al. 2012; He et al. 2015; Novello and Tonello 2024), would lead to overfitting in our scenario.

Considering the true origin of the samples (known a priori), we envisage two
possibilities from the classification results. In the first case, ML classification algorithms
accurately separate the observations as belonging to different phases of forest regeneration. In
the second case, the wrong allocation of observations (low algorithm accuracy) can serve as
preliminary evidence of a high degree of similarity between the misclassified instances and the
class they were incorrectly assigned to. Further indication of the similarity between confounded
samples is the higher accuracy achieved by merging their respective categories (also referred
to as “classes™), compared to that obtained when the data are labelled according to their true
origin. For instance, the incorrect allocation of samples belonging to late stages of forest
recovery in the class of the aimed (reference) state may prove the similarity of the former to
the latter, which may be confirmed by the higher accuracy achieved by the algorithm when the
two classes are considered as one.

We compared the following supervised ML classification techniques: KNN (Fix and
Hodges 1951; Cover and Hart 1967), support vector machines (SVMs; Cortes and Vapnik
1995), decision tree (DT; Quinlan 1993), and adaptive boosting (AdaBoost; Freund et al. 1996)
(Fig. 2). All algorithms were run with four different seed values (0, 1, 2, 3), with optimal

hyperparameters set under seed 0 and retained equal for the other seeds. The analysis with
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multiple seeds allowed enough replicates to calculate the mean and standard deviation for the
classification metrics.

The performance of supervised ML algorithms was assessed in terms of accuracy and
precision (the additional recall metric is reported in the Supplementary Material section 3).
Accuracy can be defined as a measure of the correctly predicted new instances (Teng 2011;
Baldi et al. 2020), while model precision averages the number of correctly assigned samples
of a specific class on the total samples assigned to the same category (Hastie et al. 2009;
Gangadhar and Rangaswamy 2018). For the precision, we calculated its “macro-averaging”
value, which assigns an equal weight to each class (Sokolova and Lapalme 2009).

To unravel the similarity between landcover types, we observed the variation of the
accuracy and confusion matrices after classification with merged categories, thus by merging
the samples belonging to different categories (i.e., landcover types) (Fig. 3).

As previously reported, the idea behind merging landcover types by creating coarser classes is
to further validate the difference and similarity between the phases of natural regeneration
studied. A higher or lower accuracy of the classification with merged classes compared to the
performance considering the original dataset was retained as an indication of their similarity or
dissimilarity, respectively. To explore the results by using the original set of features, we
implemented such an analysis on the dataset without reduced dimensions (hereafter referred to
as “original dataset™). For this purpose, we used the best-performing classification algorithms
(based on the accuracy achieved on the classification with unmerged categories), running each
of them with 6 additional different random seeds (4, 5, 6, 7, 8, and 9), for a total of 10 runs.
Thus, we retrieved the accuracy, precision (and recall, reported in the Supplementary Material
section 3) from all the runs with differently merged datasets. Then, we calculated the accuracy
difference (and of precision for the results on the late phases of recovery) between the datasets

having different merged classes through the Mann-Whitney test (McKnight and Najab 2010).
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The difference in the achieved accuracy was also calculated by comparing the results of the
best-performing algorithms on the original and merged datasets. To make the comparison
independent and considering the different number of runs done for the original and merged
datasets, we calculated the statistical difference between accuracy values with the Mann-
Whitney test from runs with the 0, 1, 2, 3 and 4, 5, 6, 7 seed values for the original and merged
datasets, respectively. Finally, to better understand the possible forest restoration trajectory, we
analysed the accuracy and precision obtained for each class considering the best-performing
algorithms, adding information on the allocation of the samples into the categories by reporting

part of the confusion matrices (i.e., summary table of the correctly and wrongly classified

samples).
. 4 Categories
Y A
. .. ) ) . 5
)
) )
. L ] } ) ) AB
. ) ) } c
@ » »
Accuracy l, Accuracy t

Fig. 3 lllustration of the expected increase in accuracy when merging two similar categories.

Results

Dimensionality reduction

The feature extraction and selection techniques resulted in distinct sets of variables for the
unsupervised and supervised ML techniques, as well as for different seeds within the
implementation of these latter algorithms. Dimensionality reduction through PCA, Pearson
correlation, and variance threshold highlighted the most influential variables for the clustering
of the samples. These variables were largely correlated with the landcover type, and with the

highest scaled variance, respectively (Table 1).
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Considering the entire dataset using unsupervised techniques, the set of ten variables
that contributed most (i.e., had the highest “loading”) to the first and second principal
components (PCs) was consistent across the seeds used (Table 1). The first PC (PC1) had an
average total variance of 13%, and PC2 had 12.4% (the low values derived from the positive
and negative influence of all the 184 features). Conversely, for the supervised methodologies,
the total variance explained by the first two components was held by different variables, given
the differential split of the dataset according to the seed used (Tables S4-S7). Here, PC1 only
had two variables (the elevation of the sites and the number of trees present) shared among
three of the four seeds (0, 1, and 2) as part of the ten most contributing. For PC2, none of the
ten most contributing variables was shared between three or more sets.

Setting the variance threshold to 0.10 as an arbitrary value after scaling the data, distinct
features were selected for unsupervised and supervised ML algorithms. Seven variables were
retained after the dimensionality reduction of the entire dataset (i.e., for unsupervised ML
techniques) (Table 1). The same threshold was applied to supervised ML algorithms to select
a set of variables from the training set (then applied to the test set). Among the results for each
seed (holding a different number and type of retained variables), we observed six common
features: side of the hill in which the plot was assessed, average value of canopy cover, average
tree height, average tree DBH, number of tree species, and longitude (Tables 2, S8, S10, S12,
S14).

Dimensionality reduction through the Pearson correlation threshold showed only one
feature repeatedly selected for different seeds (Tables S9, S11, S13, S15). For this technique,
only used in supervised classification, the relative abundance of symbiotic fungi was the unique
variable shared by three out of four seeds used, with an average correlation of r =-0.13 £ 0.23
(considering the values of r>10.20| for this category from the analyses with the different seeds).

Overall, soil nutrients, fungal and bacterial taxa were the features mostly correlated with the
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variation of the landcover type, even considering the filtering of autocorrelated variables (r <
|0.70]) (Tables S8-S15). Soil nutrients generally increased with the age of the plantation (with
older plantations identified as successive phases of natural regeneration), while microbial taxa
and functions displayed heterogeneous correlations (e.g., an increase in litter saprotrophic fungi
and symbiotrophic fungi, and a decrease in wood saprotrophic fungi and FCPU426 bacteria

phylum over the natural regeneration).

Table 1. Variables extracted from different dimensionality reduction techniques.

Unsupervised ML Supervised ML
PCA Variance threshold Variance threshold
Variable PC1 Variable pPC2 Variable Variance Variable Variance
(13.0%) (12.4%)
loading loading
Average densiometer 0.19 Bacteroidota 0.18 Hill side 0.25 Hill side 0.25+0
(%) bacteria phylum
Cumulative Basal 0.17 Candidatus 0.17 Average 0.22 Average 0.23+0.01
Area (m*ha) Kryptonia bacteria densiometer densiometer
phylum (%) (%)
Average DBH (cm) 0.17 Fibrobacterota 0.16 Average tree 0.12 Average tree | 0.11+0.01
bacteria phylum height (m) height (m)
Cumulative AGB 0.17 Anaerobic 0.15 Average tree 0.11 Average tree | 0.10+0.01
(t/ha) chemonheterotrophic DBH (cm) DBH (cm)
bacteria
Average tree height 0.16 Nitrogen-respiring 0.15 Number of 0.11 Number of | 0.12+0.01
(m) bacteria tree species tree species
Number of trees 0.16 SAR324 bacteria 0.15 Longitude 0.11 Longitude 0.11+0
phylum
Pseudomonadota 0.16 Nitrate-respiring 0.15 Latitude 0.11 Latitude 0.11+0
bacteria phylum bacteria
Air T (°C) -0.16 Bacteria ASV 0.15
number
Soil T (°C) -0.17 NB1-j bacteria 0.15
phylum
Longitude -0.17 MBNT15 bacteria 0.14
phylum

Variables extracted from PCA dimensionality reduction, with their relative contribution (loading) to PC1 and PC2
before implementation of unsupervised ML techniques, and variables selected through a variance threshold of
0.10 for unsupervised and supervised ML algorithms. For this latest case, the average and standard deviation of
the variance of the common features selected (through four different seeds: 0, 1, 2, 3) were retained. DBH:
diameter at breast height; AGB: above-ground biomass (t/ha); T: temperature (°C); Longitude and Latitude were

in decimal degrees.

Clustering
The most coherent grouping among the clustering techniques was represented by two and three
clusters, displaying the separation between early, late phases of natural regeneration, and the

reference state of the remnant forest (Table 2 and Fig. 4). K-means, AHC, and DBSCAN
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techniques without dimensionality reduction of the dataset generally resulted in poorly
coherent groups. In this case, the silhouette value for the DBSCAN algorithm was higher than
that of K-Means and AHC (0.35 = 0, 0.14 £ 0.09, 0.30 £ 0.19, respectively). Conversely, K-
Means outcompeted the other techniques in terms of average silhouette value, when the
clustering was computed on the dataset with reduced dimensions through PCA (0.62 + 0.05 for
K-means, 0.12 £ 0 for DBSCAN, and 0.61 + 0.05 for AHC). K-Means held a higher silhouette
value compared to the other techniques, also after feature selection with variance threshold
analysis (0.53+0.06 for K-means, -0.06+0 for DBSCAN, and 0.48+0 for AHC). The highest
coherence of the samples considering feature extraction through PCA (Table 2, Fig. 4) derived
from the K-Means distinguishing 3 clusters (obtained through the elbow method) representing
early, late phases of natural regeneration and remnant forest, and from AHC, with 2 clusters
(identified from dendrogram analysis) separating the plantations from the remnant forest. All
algorithms highlighted the persistent diversity between plantations and remnant forests, with
some techniques showing also the differences between younger and older plantations (Table 2
and Fig. 4).

Table 2. Average silhouette coefficient and related standard deviation of the different clustering techniques

considered.
K-Means Agglomerative Hierarchical Clustering DBSCAN
Original | 2 clusters | 0.20+0.11 Average linkage 2 clusters 0.48+0 1 cluster 0.35+0
5 clusters | 0.08+0.04 Ward linkage 2 clusters 0.12+0

3 clusters | 0.13+0.07

PCA 5 clusters | 0.58+0.01 Average linkage 2 clusters 0.65+0 | 2clusters | 0.12+0

3 clusters 0.66+0 Ward linkage 2 clusters 0.57+0
VT 5 clusters | 0.59+0.01 Average linkage 2 clusters 0.48+0 | 8clusters | -0.06x0
2 clusters 0.48+0 Ward linkage 2 clusters 0.48+0

Average silhouette coefficient and related standard deviation of the different clustering techniques considered, for
each of the datasets analysed, and derived from the usage of four seeds to include variability and statistical
significance, while controlling for randomicity. Original: dataset without reduced dimensions; PCA: dataset with
dimensions reduced through Principal Component Analysis; VT: dataset with dimensions reduced through

Variance Threshold. Highlighted in italics are the highest silhouette values and the relative number of clusters.



— ARPHA Preprints Author-formatted, not peer-reviewed document posted on 02/12/2025 DOI: https://doi.org/10.3897/arphapreprints.e181100

468
469

470

471

472

473

474

K-means
oy @ Cluster1 .| ® Grassland
® Cluster 2 2-year-old plantation
® Cluster 3 " 10-year-old plantatien *
24-year-old plantation
=1 . | @ Remnant forest .
*
% 18
.
o . *
—
o
O . .
n' - -
. . *
: . # - -. & . -
. v oo
I" - . L '.
. ot e - .
- . ". - -
e et .
.,
B ) ) T : 2
DBSCAN
“ @ cluster1 : 1 @ Grassland
Cluster 2 * 2-year-old plantation .
" @ Cluster3 & 154 10-year-cld plantation .
e 24-year-old plantation
< w . . '® Remnant forest .
o . . . .
el I | :
[&] . .
o ' 4 L . .
o . ::‘: ol .'!?q;l e )
’ -5 4 : .
=15 =40 -5 a0 s 0 73 '-'-‘ '.:'J n'-'.\ IF-!F l'-'J '.\.!F
Agglomerative Hierarchical Clustering
20 20
@ Cluster 1 @ Grassland
Cluster 2 2-year-old plantation .
15 . 10-year-old plantation
24-year-old plantation .
@ Remnant forest
=
L] o
= . o® . L
o
—
[ - . L] 3 -
Q . * % .
L/ L] . & -
] .. T o o.':‘o. & . g ®
) L] .. ’ . .
. . .
-5 LR bl A . .
.® . @
=75 =50 =25 00 2.5 50 75 & -0 23 oo 23 50 15
PC113% PC113%

Fig. 4 Unsupervised classification with three different machine learning algorithms, considering the dataset with

reduced dimensions through PCA, and seed O.

Classification

Different techniques achieved perfect classification of the samples, with the original set of
variables, or only the features holding the highest variance (Table 3). While KNN never
achieved the test maximum accuracy and precision, SVMs correctly classified all the instances

when only features with the highest variance (> 0.10) were used. This result displays the
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possible confounding effect of considering numerous variables altogether to recognise the true
origin of the samples. Still, the DT and AdaBoost algorithms achieved the maximum test
accuracy with the original dataset, or, as SVMs, by computing the classification using the most
variable features, making these techniques not affected by the high dimensionality for the
allocation of the samples to their corresponding landcover type. The perfect classification
indicated the evident distinction between landcover types, and therefore phases of natural
regeneration, while still leaving the possibility for a trajectory of forest recovery to be observed
with the merged categories classification. The additional recall metric values are reported in

the Supplementary Material (Table S16) for all the supervised ML techniques implemented.

Table 3. Average accuracy and precision, and related standard deviation of the different classification algorithms

considered (from seeds 0, 1, 2, and 3), for each of the datasets analysed.

KNN SVMs DT AdaBoost Average
Original Accqrz_acy 0.65+0.14 | 0.78+0.04 1+0 1+0 0.86+0.17 (A)
Precision | 0.60£0.16 | 0.78+0.05 1+0 1+0
PCA Accuracy | 0.53+0.12 | 0.52+0.03 | 0.52+0.06 | 0.52+0.06 | 0.52+0.01 (C)
Precision | 0.57+0.22 | 0.32+0.04 | 0.47+0.12 | 0.47+0.12
Vas Accuracy | 0.90+0.07 1+0 1+0 1+0 0.98+0.05 (A)
Precision | 0.90+0.13 1+0 1+0 1+0
P Accuracy | 0.60£0.05 | 0.60+0.12 | 0.71+0.29 | 0.75+0.11 | 0.67+0.08 (B)
Precision | 0.49+0.12 | 0.61+0.14 | 0.66+0.29 | 0.75+0.12

SVMs: Support Vector Machines; DT: Decision tree; AdaBoost: Adaptive boosting; Original: dataset without
reduced dimensions; PCA: dataset with dimensions reduced through Principal Component Analysis; VT: dataset
with dimensions reduced through Variance Threshold; P: dataset with dimensions reduced through Pearson
correlation threshold. Capital letters indicate the significant difference between accuracy values using different

dataset.

Classification with merged landcover types

Classification with merged categories allowed for the recognition of the similarity between
successive phases of natural regeneration and their relative reference states. To classify samples
considering merged classes, we used the best-performing algorithms according to the accuracy
achieved with unmerged classes: DT and AdaBoost (Table 4). A perfect classification of the

samples was achieved by both algorithms when merging the samples belonging to the grassland
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and 2-year-old plantation (G-2), then to the 2-year-old plantation with those of the 10-year-old
plantation (2-10), and by collapsing into one category the instances of this latest landcover type
with that of the 24-year-old plantation (10-24). With the AdaBoost algorithm, a higher accuracy
was achieved by grouping the observations belonging to the remnant forest with those of the
“24-year-old plantation” class (24-R), compared to merging the instances of the goal reference
state with the 10-year-old plantation (10-R) ones (Table 4), exposing their similar values.

Table 4. Average values and standard deviation of the accuracy and precision values achieved by decision tree

(DT) and Adaptive Boosting (AdaBoost) algorithms, considering seven datasets having differently merged

categories.
Decision Tree

G-R 2-R G-2 2-10 | 10-24 10-R 24-R
Accuracy | 0.95+0.07 (A) | 0.87+0.09 (B) 1+0 (A) | 10 1+0 0.91+0.09 (a) 0.93+0.16 (a)
Precision 0.93+0.12 0.83+0.16 110 110 110 0.89+0.14 0.92+0.19

AdaBoost

G-R 2-R G-2 2-10 | 10-24 10-R 24-R
Accuracy 1140 (AA) 0.94+0.06 (BB) (1Ai£) 1+0 1+0 0.9140.11 (aa) | 0.99+0.03 (bb)
Precision 1+0 0.93+0.11 1+0 1+0 1+0 0.93+0.10 0.99+0.02

G-R: dataset with samples of the grassland and the remnant forest merged; 2-R: dataset with instances of the 2-
year-old plantation and remnant forest considered as part pf the same category; G-2: dataset with grassland and
2-year-old samples as part of the same class; 2-10: dataset with 2- and 10-year-old plantations instances collapsed
into a unique category; 10-24: dataset in which the samples belonging to the 10- and 24-year-old plantations were
labelled similarly; 10-R: dataset with samples of the remnant forest and 10-year-old plantations labelled equally;
24-R: dataset with samples of the 24-year-old plantation and remnant forest labelled as belonging to the same
class. Statistically significant differences (Mann-Whitney test; p < 0.05) in accuracy are displayed, considering,
for DT results, single and double capital letters for distinct pair comparisons. The same was applied to highlight
accuracy differences between AdaBoost results, adopting single and double lowercase letters for distinct pairwise

comparisons.

Merging the classes of “Grassland” with “Remnant forest” (G-R), and “2-year-old
plantation” with “Remnant forest” (2-R) resulted in a lower accuracy compared to the original

dataset using DT, but not AdaBoost, highlighting the classification power of this latest
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technique, through the distinction of common patterns among the high-dimensional data. For
both DT and AdaBoost, merging the samples of the “10-year-old plantation” class, or those of
the “24-year-old plantation” with the instances belonging to the remnant forest, did not bring
different values of accuracy compared to the original dataset, where the samples of these
classes are separated in each respective category (Mann-Whitney test; p > 0.05).

To better disentangle the similarity between the 10-, 24-year-old plantations and
remnant forest (through classes merging), we analysed the accuracy and precision obtained by
DT and AdaBoost for each class (Table 5) and observed the samples allocation (i.e., confusion
matrix; Table S18). Merging the 24-year-old plantation with remnant forest resulted in almost
a perfect allocation of the grouped observations, while collapsing samples of the 10-year-old
plantation with those of the reference state induced misclassifications. For the DT algorithm,
significantly lower accuracy was achieved with the 10-R dataset compared to that calculated
using the 24-R dataset. The lower score was caused by the misclassification of the samples
belonging to the merged classes (10-year-old plantation and remnant forest) and to the 24-year-
old plantation. In the case of the 24-R dataset, a low average accuracy was triggered by the
misclassification of samples belonging to the 2-year-old plantation, allocated into the 10-year-
old class, highlighting their similarity. The AdaBoost algorithm wrongly classified samples of
the 10-R merged class in the 24-year-old plantation category and vice-versa, and of the 2-year-
old plantation in the 10-year-old plantings when the 24-R classes were united. Recall metric
scores are reported in the Supplementary Material (Table S19) for all the explored scenarios.

Table 5. Accuracy and precision values for each class, achieved by decision tree (DT) and Adaptive Boosting

(AdaBoost) algorithms, considering the two different datasets.

Decision Tree

Grassland 2-year-old 10-year-old 24-R
Accuracy 1+0 0.90+0.32 1+0 1+0 (A)
Precision 0.88+0.26 0.80+0.42 1+0 10 (a)

Grassland 2-year-old 10-R 24-year-old
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Accuracy 1+0 1+0 0.91+0.14 (B) 0.68+0.43
Precision 1+0 140 0.85+0.20 (b) 0.72+0.42
AdaBoost

Grassland 2-year-old 10-year-old 24-R
Accuracy 1+0 0.98+0.08 0.97+0.11 10 (A)
Precision 1+0 0.98+0.08 0.98+0.06 140 (a)

Grassland 2-year-old 10-R 24-year-old
Accuracy 1+0 140 0.93+0.12 (B) 0.79+0.27
Precision 0.95+0.16 1+0 0.87+0.17 (b) 0.91+0.15

Datasets considered: the “10-R”, in which the samples of the remnant forest and 10-year-old plantations are
merged in the same class; the “24-R”, where samples of the 24-year-old plantation and remnant forest are
combined in the same category. Capital letters highlight the statistical difference (Mann-Whitney test; p < 0.05)
between precision values of the merged classes of 10, 24-year-old plantation and remnant forest, while
lowercase letters highlight the statistical difference (Mann-Whitney test; p < 0.05) of precision for the same

combination of comparisons between classes.

Discussion

Discrepancy between ecosystem properties and macro-aspects restoration is
unravelled through ML clustering and classification

Naturally regenerating A. mangium plantings increasingly resembled the remnant forest,
without fully recovering. Unsupervised ML techniques are important to recognise patterns in
the data without biases related to a priori knowledge of their true origin (Hastie et al. 2009). In
our study, these algorithms highlighted how the ecosystem characteristics of the 10 and 24-
year-old plantations can appear similar to those of the remnant forest while remaining
differentiated from it (i.e., with instances belonging to different clusters), emphasising the
transitional nature of these intermediate phases of natural regeneration. Through AHC, the
highest distinction among landcover types occurred between the earliest years of A. mangium
growth (0-2 years) and the peak of its dominant abundance in the ecosystem (around the 10"
year; Krisnawati et al. 2011). This latter phase corresponds to a closer canopy compared to the

early plantation development, which persists after A. mangium decay (30"-50" year, Guzman
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etal. 1997; Krisnawati et al. 2011), for the presence of other tree species entering the ecosystem
(Vivian et al. 2026). Therefore, this algorithm seems to have captured the macroscopic aspect
of the system variation as an indication of their similarity. Conversely, K-means and DBSCAN
techniques distinguished the plantings from the remnant forest, highlighting the unique
composition of characteristics of the reference state. In this context, the combination of
multiple biotic and abiotic environmental parameters (e.g., microclimate, tree community
diversity) may have imposed a higher influence on the results compared to the similar
macroscopic aspect of the canopy coverage. Overall, we argue that being sensitive to outliers
(Balcan et al. 2014), the AHC algorithm may have failed to unravel the discrepancies between
similar yet distinct landcover types compared to K-means and DBSCAN.

The results from unsupervised algorithms and supervised classification emphasise the
known lag between the evident change of ecosystem properties and that of macroscopic
parameters (Fig. 5A). The unsupervised technique of AHC, being sensitive to outliers and thus
being affected by their value for the disposition of the samples in the multidimensional space,
arranged the instances into 2 clusters. In this case, samples of the old plantations were clustered
together with those of the remnant forest, suggesting their similarity. However, the less outlier-
biased K-Means and DBSCAN algorithms showed the best performance with 3 groups,
highlighting the persisting differences between the monocultures and the remnant forest, even
for the 24-year-old planting, which is consistent with the restoration trajectory expectations.
The supervised techniques further stressed the outcomes of the unsupervised algorithms.
Precisely, the high accuracy achieved by merging subsequent categories (e.g., grassland and 2-
year-old plantation, 2- and 10-year-old plantations) unravelled the similarity of the samples of
the collapsed categories, which also showed the delay in the recovery of the ecosystem
properties (represented by the consideration of the integrated variables analysis) (Odum and

Barret 1971; Mitchell et al. 2023). Thus, the ecosystem state at different phases of modification



— ARPHAPreprints Author-formatted, not peer-reviewed document posted on 02/12/2025 DOI: https://doi.org/10.3897/arphapreprints.e181100

586

587

588

589

590

591
592

593

594

595

596

597

598

599

600

601

602

(in a trajectory of forest regeneration) is similar to the state it follows and precedes, despite
how the environmental components vary at a different pace (Fig. 5B). Underscoring the need
for a comprehensive method, the reliance on a sectorial analysis of only a few ecosystem
characteristics can hinder the recognition of broader patterns and dynamics (Levins 1992;

Loehle 2004).

Ecosystem state “X” Ecosystem state “Y”

Ecosystem
. Ecosystem macro and
propertAles'and micro-components
functioning
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Recovery

Time
B .
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Fig. 5 (A) Representation of the ecosystem components and properties (circular arrows) variation over forest

recovery. Diagram in (B) explains the differential time required for the variation of the components and properties.

The integrated analysis seems to confirm the different time scales of recovery for
ecosystem properties and components (e.g., Odum and Barret 1971; Mitchell et al. 2023),
improving the understanding of forest restoration. For instance, in our context, AGB certainly
recovers from the 10" year of the plantation establishment (Vivian et al. 2026). According to
such a result, the accuracy achieved with the classification of the samples of the 2- and 10-
year-old plantation merged should have demonstrated a low value, especially compared to the
performance of the algorithms with these originally separated classes, but this was not the case.
The accuracy achieved was the highest possible, showing the similarity of the two categories
when numerous ecosystem characteristics, even at the “fine scale”, are considered (e.g., the

relative abundance of bacteria and fungi taxa). Examples like this underscore the need for a
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comprehensive method to better assess the restoration trajectory and show that relying on
detailed studies of only a few ecosystem characteristics (e.g. AGB, tree community) can hinder
the recognition of broader patterns and dynamics (Levins 1992; Loehle 2004).

The outcomes of our study are consistent with previous research on ecosystem shifts
along with their resistance to change, stability and resilience, which are related to their abiotic
and biotic characteristics (Holling 1973; Tilman and Downing 1994; Scheffer et al. 2001).
Scheffer et al. (2001) explain the possibility of different ecosystem responses to multiple
disturbances and parameter changes, with a shift toward an alternative state occurring at
variable times according to the resilience of the system, type, and extent of modifications. Such
results are reflected in our study, considering the modification over time of plantings of A.
mangium, a fast-growing tree (Krisnawati et al. 2011). We speculate that this biological
characteristic of the planted species, together with the climatic and anthropogenic disturbances
(e.g. typhoons, fires, and occasional harvesting), can prompt steady changes to the macroscopic
aspects of the environment, with the ecosystem properties varying at a different pace. This
dynamic of ecosystem components and properties change is extensively studied (e.g., Attiwill
and Adams 1993; Pastor and Walker 2006; Watts et al. 2020; Pigani et al. 2022) and is thought
to lead to delayed ecosystem shifts (e.g., Scheffer et al. 2001; Adrian et al. 2012; Hughes et al.
2013). For example, the development of a dense and closed canopy (i.e., steady variation of a
macroscopic aspect) induces a lower mean air temperature and reduced light on the
undergrowth, affecting the composition of the bacterial community. Consequently, nutrient
cycling and decomposition rates shift, but these alterations become apparent only later, as it
takes time for significant changes to accumulate and prompt the modification of these
ecosystem properties. Because of dynamics, we emphasise the need to consider the different
reaction times between ecosystem components and properties to environmental variations

(Moreno-Mateos et al. 2020; Watts et al. 2020) in forest ecosystem monitoring.
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When numerous variables are considered, which can be viewed as the multiple
dimensions of a hypervolume, the study computes changes for the ecosystem components and
linked properties rather than observing the modification of each feature independently.

Our results stress the discrepancy between the response time of the ecosystem
hypervolume, represented by the integrated analysis of numerous variables, and the related
properties compared to macro-scale environmental variables. Observing the values of
environmental characteristics, it is evident that many of them recover by 10 or 24 years (e.g.,
soil nutrients, canopy coverage, biomass of trees and tree community composition (Fig. 5A;
see Vivian et al. 2025b,under review; Vivian et al. 2026). Still, the total accuracy obtained for
differently merged samples unravelled the comparability between the grassland and 2-year-old
plantation, the 2- and 10-year-old plantations, highlighting how the ecosystem is still
recovering. Furthermore, the wrong class attribution occurring when samples of the 24-year-
old plantation and remnant forest are labelled equally was related to the 2-, 10-year-old
plantation categories (i.e., not the united class), emphasising the common characteristics among

these two landcovers.

Integrated approach in tropical forest restoration

Our results suggest that a general approach is beneficial to recognise distinct phases of
restoration when the considered parameters are highly variable. Differently from KNN, which
is instance-based (Fix and Hodges 1951; Cover and Hart 1967), and thus rely on similarities to
the training data to classify the unknown cases (Mitchell 1997 Section 8.6), the DT, AdaBoost,
and SVMs algorithms are model-based (Quinlan 1993; Cortes and Vapnik 1995; Freund et al.
1996). During the training phase, these later algorithms construct a general model through
which new instances are classified (Mitchell 1997, Section 8.6). Our results suggest that
allocating new samples based on their similarity to training data (i.e., through KNN) is less

effective than classifying them using general patterns (i.e., with DT, AdaBoost, and SVMs).
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We argue that the high variability of each feature may stand at the core of such a result,
emphasising the utility of an integrated, model-based approach to unravel patterns of ecosystem
forest restoration, considering multiple characteristics and their trends rather than their absolute
value.

Interestingly, the high accuracy achieved by AdaBoost when samples belonging to the
grassland and remnant forest are allocated to the same category emphasises underlying
common characteristics between the two landcover types and the classification power of this
algorithm compared to DT. This result may derive from the iterations and complex structure
of AdaBoost, considering multiple decision trees, which allows for a refined analysis of the
subtle dissimilarities and commonalities between the samples (Gallatin and Albon 2023;
Hussain and Zaidi 2024). This characteristic may have also influenced the results of AdaBoost
in our study, which recognised a higher similarity for grassland than for the 2-year-old
plantation when compared to the remnant forest. In this case, the underlying similarities could
be linked to particular microbial taxa and functional groups (as reported in Vivian et al. 2025b,
under review) rather than “macro-scale” features defining the diverse ecosystem structure (e.g.,
tree canopy). Nevertheless, the similarity of grassland to the 2-year-old plantation was also
revealed, given the high accuracy achieved by both DT and AdaBoost when these classes are
merged, sustaining the expected and previously assessed natural regeneration occurring in the
studied landcover types (Vivian et al. 2025b, under review; Vivian et al. 2026).

Sustaining our hypothesis on the benefits of undertaking an integrated approach, the
results suggest the analysis of all the available environmental parameters for a better
recognition of the forest ecosystem regeneration. With supervised ML algorithms, the highest
accuracy was achieved considering all the features or, in all but one case, the most variable
ones. The maximum accuracy achieved by DT and AdaBoost through the usage of the

arameters with high variance suggests their role as “macro” characteristics to assess in each
gg
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monitoring effort (e.g., geographic characteristics and ecosystem structure). In our case, the
variables with the highest variance are ecosystem characteristics commonly assessed in forest
restoration (e.g., tree richness, DBH), but other parameters may have played a fundamental
role in ecosystem restoration despite their variance. In addition, such traits may not express a
large variation in other contexts, making the usage of all features preferable to avoid misleading
inferences. For example, when stages of forest restoration are assessed in close succession, tree
species richness or canopy coverage may not vary enough to inform on the recovery phase of
the system. In those cases, bacterial and fungal communities may be the most distinguishable
features with their sensitivity to small ecosystem changes (Yan et al. 2018). Thus, while in our
case the environmental “macro” characteristics were enough to classify the samples in three
out of four algorithms, we argue that the consideration of multiple “micro-scale” parameters
would improve the understanding of the restoration trajectory, especially in the case of unclear
distinction between ecosystemic changes, or monitoring efforts timed close to each other. In
practice, the environmental assessment can mirror this process by undertaking a sequential
distinction between categories through macro-aspects, small-scale properties and, when these
parameters are taken altogether, ecosystem properties.

We believe that the discrepancy between the ecosystem response and that of many
parameters (e.g., tree biomass, soil nutrients) is caused by the influence of micro-scale
characteristics, which may respond slowly to environmental changes and are often overlooked.
These aspects, despite their abundance or variance, can be highly influential for the restoration
of the ecosystem. Comparable to keystone species (species with disproportionate effect relative
to their abundance; Paine 1969), we define such ecosystem characteristics as “keystone
parameters”. Examples may be bacterial taxa and functional groups, which, despite their low

relative abundance value (e.g., under 1% for the Candidatus Kryptonia and SAR324 bacteria
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phylum), are particularly important for their contribution in PCs, thus for the definition of data
structure (Jolliffe 2002; Peres-Neto et al. 2003; Abdi and Williams 2010).

The presence of keystone parameters and the related discrepancy in the time response
of ecosystem hypervolume to environmental changes corroborates the expected benefits of an
integrated approach. Assessing only the macro-aspects of the system, it may be speculated the
realisation of the restoration, while ecosystem properties could still be adjusting to the
variation. Therefore, we recommend a conservation effort involving a lack of intensive
anthropogenic disturbance, or careful management to ensure enough time for the ecosystem to
adapt to the new conditions. For example, when forest restoration seems to be achieved from a
few macro-aspects characterisation, the conservation of the area without extensive harvesting
should be promoted for a certain period, ensuring the effective transition of the ecosystem
properties (even unassessed ones) to the aimed state. Such management would result in avoided
delays in ecosystem recovery or unexpected variations (e.g., return to degraded state) due to
the fragility of the system in this transition phase (e.g., Scheffer et al. 2001; Folke et al. 2004).

Important for the recognition of different landcover types studied were soil microbial
communities, canopy coverage, and geographical information (exposure and location
coordinates). Specifically, the number of bacteria ASVs and functional groups commonly
composed the first two principal components. In addition, the symbiotic fungi group was
repeatedly highly influential in the dimensionality reduction through Pearson correlation, with
a decreasing relationship with the landcover type over the natural regeneration. Such a result
is particularly important considering the statistical similarity of the relative abundances of this
functional group in old plantations and remnant forests (see Vivian et al. 2025b, under review).
Given these results, we ML classification allowed in our case the recognition of a distinct trait
of the remnant forest compared to old plantations, expressed by a modification of the

interactions between plants and symbiotic fungi, but not by the simple evaluation of the group
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relative abundance between landcover types. Besides the variability of the hillside being an
artifact of the value representing the North and South side of the plot disposition (1 and O,
respectively), the location coordinates, canopy coverage (represented by average densiometer
percentage) and tree dimensions were usually the most variable parameters, indicating their
role as “macro-scale” indicators for the distinction of phases of natural regeneration. As
discussed, while these features are particularly important in the definition of the landcover type,
the observation of small-scale traits may be fundamental to recognising restoration phases
when more evident ecosystem structural or macroscopic characteristics are similar, or when
they deviate from the true recognition of inherently similar landcover types. As reported by the
example of the fungi symbiotic group, the importance of small-scale variables is unravelled by
the highest Pearson correlation with landcover types displayed by numerous microbial taxa,

functional groups, and soil nutrients.

Conclusions

Unsupervised and supervised ML algorithms allowed for the recognition of a forest restoration
trajectory yet to be completed, starting from naturally regenerating A. mangium plantations.
Such transitions occurred with an ecosystem (hypervolume) shift lagging compared to the
changes of environmental macroscopic and usually evaluated components (e.g., AGB, tree
community). The sectoral evaluation of environmental aspects may induce the premature
declaration of forest restoration, with environmental properties still having to fully recover,
and ultimately hampering the achievement of the aimed state. The analysis through ML
unsupervised and supervised algorithms allowed for the recognition of the discrepancy between
the recovery time of the ecosystem components and properties, adding a new fundamental
perspective and analytic tool, the avoidance of unintended consequences from anthropogenic

interventions, and promoting a better management of recovering forests.
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Figures legends
Fig. 1 (A) Study site; sampled plots (coloured points) composing the transects for each landcover type; (B) Set

of transects for one landcover type, and details on the disposition of the plots and parameters collected.

DBH: diameter at breast height; SOC: soil organic carbon; N: nitrogen; P: phosphorus.

Fig. 2 Machine Learning analysis conducted in our study.

KNN: K-nearest neighbours; SVM: Support vector machines; AdaBoost: Adaptive boosting; DT: Decision tree;

PCA: Principal component analysis.

Fig. 3 lllustration of the expected increase in accuracy when merging two similar categories.

On the left, individual data points (observations or samples composed of the value of each parameter assessed)
for three distinct classes (pink, blue, and green) are displayed. Their proximity demonstrates their high similarity
(blue points within the section of the pink class and vice versa), resulting in a low accuracy. On the right, the pink
and blue classes are merged. In this scenario, the simplified boundary computation allows for an accuracy

improvement, demonstrating the similarity between the A and B classes.
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Fig. 4 Unsupervised classification with three different machine learning algorithms, considering the dataset with

reduced dimensions through PCA, and seed 0.

Left column: plots with points representing the samples, spatially organised and labelled according to the clusters
identified by the algorithm. Right column: plots with points representing the samples (i.e., comprehending the
values of the variables), spatially organised according to the clusters identified by the algorithms, labelled

considering the landcover type to which they belong.

Fig. 5 (A) Representation of the ecosystem components and properties (circular arrows) variation over forest

recovery. Diagram in (B) explains the differential time required for the variation of the components and properties.

In (A), the ecosystem properties shift to a different state (i.e., state “Y”) only after the variation of the
environmental components (i.e., tree community, soil microbial communities) from which the properties emerge.
Diagram in (B) displays the variation of the ecosystem (when it approaches the threshold for the ecosystem shift)
into different phases of forest recovery, only after the modification of the ecosystem parameters, occurring during
transition phases. Dotted curves represent the shift of a more resilient ecosystem compared to one represented by

dashed curves.



