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Abstract

Forest structure is fundamental for linking ecological processes with management out-
comes, and it influences key ecosystem services. However, the high cost and complexity of
field data collection often limit the application of structural indices to small-scale studies,
constraining operational assessments of forest multifunctionality. This study develops and
tests an operational indicator of forest multifunctionality based on the structural heterogene-
ity index derived from forest management plans (FMPs). We analyzed the dendrometric
data from 134 management units across 15 FMPs in the Lombardy region (Italy). Horizon-
tal diversity was quantified using a Gini-based index, calculated from tree diameter-class
distributions and combined with stand age, timber stock, and tree density using principal
component analysis. Two orthogonal gradients emerged: a productivity gradient and a
maturity-structural heterogeneity gradient. Generalized linear mixed models were used to
assess their effects on carbon sequestration, timber yield, and touristic-recreational value.
Structural heterogeneity was positively associated with all three functions, while productiv-
ity showed contrasting effects, particularly a negative relationship with recreational value.
These results demonstrate that structural complexity and productivity are not necessarily
in conflict and highlight the potential of FMPs as cost-effective data sources for operational,
landscape-scale assessments of forest multifunctionality.

Keywords: forest structure; ecosystem services; multifunctionality; forest management
plan

1. Introduction

Forest structure is fundamental for linking ecological processes with management
outcomes, and it is recognized as a key component of sustainable forestry. Forest structure
is one of the main attributes that affect ecosystem properties, including the provision
of ecosystem services [1]. In fact, forest structure influences key ecological processes
such as nutrient cycling, carbon sequestration, biodiversity conservation, and resilience to
disturbances [2,3]. In general, forest structure refers to the configuration and distribution
of different plant species and sizes within a stand [4]. However, the definition of forest
structure is not unique and sometimes it appears ambiguous, as it can address different
stand features (e.g., vertical layering, horizontal heterogeneity, or species composition).
The spectrum of forest structures found worldwide is remarkably broad, ranging from
oversimplified systems, such as even-aged plantations or intensively managed forests, to
very complex systems, such as uneven-aged tropical rainforests. This variability reflects not
only natural dynamics but also human intervention, making forest structure a fundamental
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concept for both ecological research and forest management [5]. Indeed, forest management
is a key indicator of forest structure. By modifying structure and competition processes,
forest management can impact a wide range of ecological processes, enhancing specific
functions at the expense of others [6]. Different structural parameters are associated with
different functions [7]. Although analyzing and classifying forest structures can help
identify the best possible function for a stand, applications are often site-specific and
difficult to upscale [8,9].

This variability also manifests at much smaller spatial scales: for example, in Lombardy
(Northern Italy), forest structure varies substantially depending on geomorphology, forest
type, elevation, and management regime. The Italian National Forest Inventory [10]
documents marked spatial variability in forest quality, composition, and forest types, while
at the same time indicating a broadly balanced distribution of forest categories at both
the regional scale and along the altitudinal gradient. Importantly, this balanced pattern
also emerges for several key structural parameters such as growing stock volume, volume
increment, canopy cover, tree density, and stand age, suggesting a high variability of forest
structural complexity across the region.

Defining and measuring structural complexity and developing corresponding indices
is not straightforward [9,11,12]. Stand structural complexity is essentially a measure of
the variety of structural attributes (e.g., abundance, relative abundance, richness, size
variation, and spatial variation in different forest variables) and the relative abundance of
each attribute [13]. This requires the collection of extensive forest data, preferably in the
field, for higher precision. Due to the complexity and high costs of field data acquisition, it
is sometimes necessary to build indices of structural complexity from other, less detailed
data sources (e.g., forest management plans), but no standardized procedures currently
exist for this purpose [14-16], resulting in considerable variability among studies and
regions in both what is measured and how it is assessed [17]. Additionally, differences
in spatial scale, data availability, and institutional capacity hinder uptake. Filling this
gap—through validation studies, stakeholder engagement, and development of standard
operational frameworks—is key to ensure that structural complexity metrics inform real
management and policy decisions.

In this study, we propose a comprehensive index of structural heterogeneity (SHI)
based on stand dendrometric parameters obtained from the forest management plans
(FMPs) in different Italian alpine forests to provide a tool supporting operational manage-
ment planning. The aim of this study is to test the SHI based on the data derived from FMPs
and to identify the main variables that drive structural heterogeneity in forest ecosystems.
The study also explores the relationship between the SHI and different forest functions,
with the broader goal of evaluating its potential as a practical tool for supporting forest
planning, management, and the assessment of ecosystem services.

We focused on Italian alpine forests since they represent a key component of the
European forest landscape due to their ecological, economic, and social importance. Indeed,
they provide a wide range of ecosystem services, including: timber provision, carbon
sequestration, water regulation, mitigation of natural hazard, biodiversity conservation,
and provision of non-timber product [18-20]. Historically, these forests have been man-
aged under multifunctional principles, balancing productive, protective, and ecological
objectives [21]. However, in recent decades, their structure and functionality have been
increasingly threatened by the combined effects of climate change, land abandonment,
and changing socio-economic conditions [19,22]. These dynamics make Alpine forests an
ideal case study for investigating how forest structure can impact the provision of different
ecosystem services.
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To our knowledge, this is among the first attempts to systematically apply a structural
heterogeneity derived from the management plan data in Alpine forests, aiming to bridge
the gap between ecological theory and operational forestry.

2. Materials and Methods
2.1. Study Area

This study focuses on two Alpine valleys located in the Lombardy region (Northern
Italy): Valle Camonica and Valchiavenna. These sites (Figure 1) were selected due to the
high availability and completeness of forest management plan data, which was essential
for the analysis.

189.94 =
) Forest Stands |-

Tree cover
density (%)
. 99.71

0

Figure 1. (A) The two study areas in the alpine context; (B) the digital terrain model (DTM,
5 x 5 m resolution) provided by the Lombardy Region geoportal and processed by the authors;
(C) the map of tree cover density (Tree Cover Density 2023, raster 10 m/100 m, Europe) derived from
the Copernicus Land Monitoring Service and processed by the authors.

Valle Camonica is one of the largest valleys in the Central Alps, extending approxi-
mately 100 km in length and covering a total area of 1365 km?. The elevation ranges from
250 m to 3539 m a.s.l., with the highest point at Mount Adamello. Forests cover 648 km?
of the valley, representing approximately 14% of the total forest area in Lombardy. The
dominant forest types are composed of chestnut (Castanea sativa) and Norway spruce (Picea
abies) [23,24]. Sweet chestnut forests predominantly occur at lower elevations, ranging from
300 to 1000 m above sea level (a.s.l.), more adapted to warmer conditions and fertile soils.
As elevation increases, the forest composition shifts mainly toward Norway spruce, which
is well-adapted to the cooler and more acidic soils found at higher elevations (1000-1800 m
a.s.l.). Above 1800 m, forests are primarily characterized by a mix of alpine species such
as larch (Larix decidua) and Swiss pine (Pinus cembra), often interspersed with subalpine
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meadows and shrubland [24]. The climate is classified as sub-oceanic, and the valley is
mainly characterized by morainic soils. Approximately 25% of the valley’s surface is used
for agriculture, with predominant cereal and forage crops. Valle Camonica also includes
several Natura 2000 sites, providing protected habitats for local biodiversity.

Valchiavenna is a transboundary Alpine valley covering 574 km?, bordering both
the Lombardy region and the Swiss Canton of Grisons. It includes two sub-valleys: Val
Bregaglia, where the Mera River originates, and Valle Spluga, drained by the Liro stream.
Forests occupy about 209 km?, accounting for 36% of the valley’s total surface [23]. These
forests are composed of 55.9% high forests and 44.1% coppice stands. The dominant
species include chestnut, Norway spruce, and European larch. Like in Valle Camonica,
the distribution of tree species in Valchiavenna is strongly influenced by an altitudinal
gradient. At lower elevations (300-1000 m above sea level), chestnut and oak (Quercus spp.)
dominate, while, as elevation increases, the forest composition shifts towards montane
ecosystems, where Norway spruce and larch become more prevalent. Above 1500 m, Swiss
pine and larch are the main species. At higher elevations, forest cover gradually gives way
to pasturelands and, ultimately, to bare rocky landscapes [25]. The valley has an Alpine
climate, characterized by a wide altitudinal gradient.

2.2. The Data from Forest Management Plans

In order to investigate the relationship between structural forest heterogeneity and
ecosystem services, we first digitized forest management plans. The data used for the
analysis in this study were collected from the forest management plans (FMPs) in the study
area (Valle Camonica and Valchiavenna). The available FMPs can be accessed freely on
Lombardy’s digital library of forest management plans [26]. Between all the available
FMPs, we selected only those located in the study area (Table A1), currently in force or due
to expire, with clearly reported forest data according to ‘management unit’ division, and
which did not contain drafting errors, such as typing errors, incorrect numbers, or missing
tables. The choice of management plans useful for data collection led to the selection of
15 FMPs, of which 13 are located in the province of Brescia (BS), relating to Valle Camonica,
and two are located in the province of Sondrio (SO), relating to Valchiavenna. Of the
15 plans taken into consideration, seven will expire after 2030, six between 2025 and 2030,
and two expired in 2024 and have not yet been renewed (Table 1).

Each forest plan covers multiple management units (Table 1), which were considered
as study units for this work. A total of 134 management units have been found between the
selected FMPs. For each management unit, we extracted average diameter at breast height
(DBH), tree density (n stems/ha), forest species, mean stand age, total timber stock (m3/ha),
and the distribution of trees into three diameter classes (17.5 cm < DBH < 32.5 cm: small
plants, 32.5 cm < DBH < 52.5 cm: medium plants, and DBH > 52.5 cm: large plants). Thus,
while this simplification may introduce some bias and limit the representation of fine-scale
structural variability, it reflects the structure of the data available in forest management
plans. This allows for consistent application of the method across all management units
although at the expense of detailed structural resolution.

2.3. Building the Structural Heterogeneity Index

To evaluate structural forest heterogeneity, we calculated the horizontal diversity
index (HDI) for each management unit based on the Gini index, calculated on the frequency
distribution of trees across the three diameter classes. The Gini index, initially developed
in economics, is a statistical measure of distribution inequality [27], and it is particularly
useful for analyzing classical forest inventory data, such as height or DBH, divided into
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classes [17,28]. The Gini coefficient (G) was calculated using the standard formulation
based on pairwise differences among class values:

G = [sum overisum overjof [x; — xj|]/ (2 n? i) (1)

where x; and x; represent the number of trees per hectare in the i-th and j-th diameter
classes, n is the number of classes (n = 3), and X is the mean number of trees across classes.

To enhance interpretability, Gini values were reversed (1 — Gini), so that higher HDI
values reflect greater structural complexity.

However, it is generally agreed that the Gini coefficient alone is insufficient to analyze
complex forest structures, as it fails to capture the full range of structural heterogeneity in
these ecosystems [15,17]. To incorporate greater environmental variability into the analysis,
we performed a principal component analysis (PCA) that included four variables describing
different structural aspects of forest ecosystems: HDI, mean stand age, total timber stock per
hectare, and tree density per hectare. Although these variables represent partially different
ecological dimensions (e.g., structural heterogeneity, stand development, and productivity),
they are interconnected within forest stand dynamics. In managed forests, these variables
are typically shaped by the development stage and silvicultural history and can therefore
be interpreted as indirect proxies of structural conditions. Their joint use thus complements
the Gini-based HDI, allowing a more comprehensive representation of forest structure. The
resulting axes from the PCA, which explain the latent gradients of ecological dynamics, will
be used as explanatory variables in the analysis of the productive and tourist/recreational
functions of the forests of Valcamonica and Valchiavenna. The use of PCA does not imply
a strict separation among these dimensions but rather identifies dominant gradients of
variation in which different attributes contribute with varying weights. The workflow of
the procedure is summarized in Figure 2.

FMPs (ERSAF
digital library)

Digitisation
> and data
extraction

| Computation

of Gini Index

Derivation of
Horizontal
Diversity
Index Integration with

additional stand
variables (tree
density, timber sock,
age)in PCA

Output: Structural
Heterogeneity Index
(SHI), Productive
Index (P1),.

Figure 2. Flowchart summarizing the steps for the computation of the structural heterogeneity index
(SHI) and the derivation of the PCA structural gradients.

2.4. Assessing the Effects of Structural Heterogeneity on Forest Functions

With FMP as the data source, collecting precise indicators of ecosystem services (ES) is
challenging. However, a literature review allowed us to identify and adopt three variables
as proxies, each representative of a given forest function: CO; sink (tCO, ~Tha! year’l),
timber yield (m® ha™!), and tourism-recreation value. As the direct measurement of TR
value was not available, we adopted an expert-based scoring approach derived from the
literature [29]. Although this may introduce some degree of subjectivity, the scores are
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based on a structured expert framework and are consistent with established evidence on
the influence of forest management and species composition on recreational value.
We refer to these proxies as forest functional traits (FFT) (Table 1).

Table 1. Forest functional trait (FFT) explanation.

FFT Units Data Origin and Explanation ES Class St.lpportmg
Literature
CO; sink was estimated from annual volume increment per
hectare using the following equation:
CO;, sink = INCR_HA x WD x BEF x CF x 3.67,
where INCR_HA is the annual increment in stem volume
(m? ha™1 year‘l), WD is wood density (t m~3) of the
. dominant tree species, BEF is the biomass expansion factor, .
-1 -1 P r P ’
CO; sink tCO; ha™" year CF is the carbon fraction of dry biomass (assumed equal to Regulation 311
0.5), and 3.67 is the molecular weight ratio used to convert
carbon into COs,.
Species-specific values of wood density and BEF were
assigned according to the dominant species recorded for
each management unit [30].
’ Tlmber‘ ‘ m3 ha-1 It represents the harve?stal:?le provision defined directly by Provisioning [32]
yield /provision forest managers (considering fertility, increment, age, etc.)
It is derived from a literature-based matrix, where
- recreational scores are assigned to forest stand types based
Touristic on species, development stage, and management regime
recreational Score (0-10) P ! pme &5 & grme. Cultural [29]
The scores were obtained through a structured Delphi
value (TR) .
survey of European experts and represent a standardized
proxy for cultural ecosystem services.

To analyze the effect of structural heterogeneity on prevailing forest functions, we
fitted generalized linear mixed models (GLMMs) to the three FFTs. We used the first two
axes resulting from the PCA and four environmental covariates (slope, elevation, aspect,
mean annual temperature, and cumulative growing-season precipitation) as predictors.
Aspect was included as the cosine of the aspect angle, yielding a continuous variable
from —1 (south-facing) to 1 (north-facing). Collinearity among predictors was evaluated
through the variance inflation factor (VIF); variables with VIF > 10 were excluded. Mean
temperature was removed from the predictors because of high collinearity with elevation
(VIF =17.2-18.7).

Because each FFT represents a distinct ecological process, we adopted a model for-
mulation with trait-specific parameters. For each trait, k (CO, sink, timber yield, and
tourism-recreation), and each management unit, 7, the linear predictor is defined as:

ki = o + Pr1 PCAL; + Bro PCA2; + Bys Slope; + Pyy Elevation; + Pys Aspect; + Py Precipitation; + uy () (2)

where 1y ;) is a random intercept associated with the forest management plan (FMP), p,
accounting for the nested data structure. PC1 and PC2 are the two axes resulting from PCA,
which express specific gradients.

uk,p ~ N(Oral u,k) (3)

The expected value of each FFT depends on the distributional family:

Gaussian model (link = identity) for recreational value.

Gamma model (link = log) for CO, sink and timber production.

All statistical analyses were performed using the R software (version 4.4.3) (R Core
Team, Vienna, Austria). The Gini coefficient was calculated using the ineq package [33];
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the principal component analysis (PCA) was performed with the base R function, prcomp;
generalized linear mixed models were fitted using the glmmTMB package [34], collinearity
was assessed with the car package [35]; model explanatory power was evaluated using the
performance package [36]; and partial regression plots were produced with visreg [37].

3. Results

The PCA identified two dominant axes of variation (Figure 3). The first principal
component (PC1) explained 43.3% of the total variance, while the second component
explained (PC2) 33.9%

HDI
S
21
;—\<; Oo oooo o
o |° °e
) RS- T Sy
~—" 00 -1
N o
O °
o o o
=21 & .
e e
2 0 2 4
PC1 (43.3%)

Figure 3. The results of the PCA showing the first two components.

PC1, hereafter referred to as the productive index (PI), was strongly positively associ-
ated with a productivity gradient, showing high loadings for timber stock and tree density.
In contrast, PC2, hereafter termed the structural heterogeneity Index (SHI), reflected a
gradient of increasing stand maturity and structural complexity (Table 2). Given their
clear ecological interpretation and high explanatory power, the PI and SHI were directly
included as predictors in subsequent modeling.

Table 2. The PCA loading results of the first two components.

PC1 PC2
Forest Variables (Productive Index) (Structural Heterogeneity Index)
43.3% 33.9%
Horizontal diversity index (HDI) —0.174 0.717
Tree density (n trees/ha) 0.723 —0.040
Timber stock (m3/ha) 0.663 0.305
Stand age (years) —0.076 0.625

It is important to note that, although the PC1 and PC2 can be interpreted respectively
as productivity and structural heterogeneity gradients, the contribution of individual
variables is not exclusive. Most variables show loadings that contribute to both axes. In fact,
timber stock, mainly associated with the PC1, also slightly contributes to the PC2, whereas
the HDI, followed by stand age, which primarily drive the PC2, show minor contributions
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to the PC1 (Table 2). This indicates that both components integrate information from all
variables, although with different relative weights.

The GLMMs with Gamma distribution revealed that CO, sink was significantly and
positively associated with both principal component axes (Figure 4). The PC2 (structural het-
erogeneity index) was positively associated with CO, sequestration (estimate = 0.15 & 0.02 SE,
z =598, p < 0.001) (Figure 4a). The PC1 (productive index) showed the strongest effect
(estimate = 0.28 £ 0.03 SE, z = 9.64, p < 0.001) (Figure 4b). Slope showed a weak negative
effect (estimate = —0.05 &+ 0.03 SE, z = —1.57, p = 0.116), while elevation, aspect, and
precipitation had no detectable influence (Figure 4c) (Table A2). The model explained
a substantial proportion of variability, with a conditional R? of 0.778 and a marginal R?
of 0.473.

(=]

17T T T T I b
35 1]
230
g 25
30 | - 20 -
0 45 |
- 9 15 /
L <10 4
® 25 *
b t 5
5 o 0 y "
®©
o
<20 3 -2 -1 0 1 2 3 4
g [e] P
e =
~ 151 T
£ H I
u:' g.35
S 10 7 20
© £ 25 -
°N20~
5 - Q 15 4
¥ 10
R R
0 [P
\‘ . 1l \‘ L1100 \\IHHI JHUJIJIUH [T H‘I 1l HH‘ [ o 0l . L g
-4 -3 -2 -1 0 1 2 4 -3 2 -1 0 1
SHI Slope

Figure 4. Partial regression plots showing the relationships between the annual increment and (a) the
SHI (PC1), (b) the PI (PC2), and (c) the slope as derived from the GLMM. Solid lines indicate model
prediction, the shaded areas represent 95% confidence intervals, and tick marks along the x-axis show
the distribution of observed data used in the model.

Variable importance analysis for the Gamma GLMM indicated that CO, sink capacity
was driven by the PI, which accounted for approximately 66% of total model importance
(Figure 5). The SHI contributed 29%, suggesting that more structurally developed stands
also enhanced carbon sequestration potential. In contrast, slope, aspect, precipitation, and
elevation each explained less than 5% of the variation, indicating negligible effects on CO,
sink strength.

The Gamma GLMM with a log-link revealed that timber yield was strongly and posi-
tively associated with both principal components-derived indices (Figure 6). The structural
heterogeneity index showed a significant positive association (estimate = 0.32 & 0.05 SE,
z = 612, p < 0.001) (Figure 6a). The productive index had the strongest effect
(estimate = 0.35 = 0.05 SE, z = 7.15, p < 0.001) (Figure 6b).
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Figure 5. Relative importance of predictors included in the generalized linear mixed model (GLMM)
for annual increment. Black bars are the significant ones.
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Figure 6. Partial regression plots showing the relationships between timber yield and (a) the SHI
(PC1), (b) the PI (PC2), and (c) the elevation, as derived from the GLMM. Solid lines indicate model
prediction, the shaded areas represent 95% confidence intervals, and tick marks along the x-axis show
the distribution of observed data used in the model.

Among the environmental covariates, elevation exerted a significant negative effect
(estimate = —0.20 = 0.07 SE, z = —2.79, p = 0.005) (Figure 6c). In contrast, slope, aspect, and
precipitation showed no detectable influence on stand recovery (all p > 0.2) (Table A2).

Model explanatory power was moderate to high, with a conditional R? of 0.671 and a
marginal R? of 0.543.

Variable importance analysis for the Gamma GLMM indicated that timber yield was
primarily driven by the PI, which accounted for approximately 51% of the total explanatory
power (Figure 7). The SHI followed with 36%, suggesting a strong but secondary influ-
ence. Elevation contributed moderately (=9%), while precipitation, slope, and aspect each
explained less than 2% of the variation, indicating minimal effects on timber yield.

The Gaussian GLMM revealed that touristic-recreational value was significantly
influenced by both stand productivity and structural heterogeneity (Figure 8). The struc-
tural heterogeneity index had a positive and significant effect (estimate = 0.28 + 0.08 SE,
z=3.71,p <0.001) (Figure 8a). Conversely, the productive index showed a negative effect
(estimate = —0.18 & 0.08 SE, z = —2.32, p = 0.020) (Figure 8b).
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Figure 7. Relative importance of predictors included in the generalized linear mixed model (GLMM)
for timber yield. Black bars are the significant ones.
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Figure 8. Partial regression plots showing the relationships between the tourism-recreation value
and (a) the SHI (PC1), (b) the PI (PC2), and (c) the slope, as derived from the GLMM. Solid lines
indicate model prediction, the shaded areas represent 95% confidence intervals, and tick marks along
the x-axis show the distribution of observed data used in the model.

Among the environmental predictors, slope exerted a strong positive influence
(estimate = 0.38 &+ 0.10 SE, z = 3.68, p < 0.001) (Figure 8c). Elevation, aspect, and pre-
cipitation showed no detectable effects (all p > 0.3) (Table A2).

Model explanatory power was modest, with a conditional R? of 0.378 and a marginal
R? of 0.287.

The analysis of variable importance (Figure 9) highlights the relative contribution of
different predictors to the tourism-recreation GLMM. The SHI was the strongest predictor,
accounting for approximately 39% of total model importance. The slope and PI followed,
contributing 29% and 19%, respectively. Elevation showed a moderate influence (*28%),
while precipitation (=2%) and aspect (=1%) had only minor effects.
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Figure 9. Relative importance of predictors included in the generalized linear mixed model (GLMM)
for the tourism-recreation value. Black bars are the significant ones.

4. Discussion
4.1. Multivariate Structural Gradients

The PCA results show that the considered variables (stand variables) are organized
along two principal gradients, one ecological/productive and one structural. The PC1 axis
corresponds to the quantitative/productive variables (PI); it represents more than 40% of
the variance, and it is related to the productivity of the stands since it mainly follows the
timber stock and tree density variables. The observed association between timber stock
and tree density (PC1) aligns with classical stand dynamics theory, where stand density
regulates resource partitioning and biomass accumulation [38,39].

The second axis (PC2), which captures one-third of the variance, reflects instead a
maturity and structural heterogeneity gradient. Indeed, the positive association between
the SHI and stand age suggests that the SHI may effectively catch the dimensional differen-
tiation process that develops with the aging of a stand cycle. This is particularly relevant,
as it indicates that even a simple index obtained from forest management plans is able to
provide crucial information about structural complexity, normally considered accessible
only through more detailed field data [13].

The two main axes represent distinct ecological dimensions, with the productivity
index (PC1) primarily capturing biomass-related variation and forest density, while the
structural heterogeneity index (PC2) is largely driven by the HDI and stand maturity. Even
though the PC2 retains a minor component of standing stock, the principal gradient of
timber quantity remains orthogonal to structural variability. Forest structural heterogeneity
has often been linked to stand productivity or biomass accumulation [1,13]. However,
recent studies suggest that this assumption can lead to misleading results and may over-
look some important ecological dynamics. Structural attributes such as size difference,
spatial variability, or age diversity are strongly influenced by stand development dynamics,
disturbance history, and management practices rather than by biomass alone [11,13,17].
Therefore, structure diversity and productivity can become decoupled: highly productive
forests may show low structural complexity, whereas structurally diverse stands do not
necessarily correspond to high-growing stock or density [2,40]. Our PCA results provide
empirical support for this conceptual separation. This decoupling allows a more pre-
cise interpretation of forest complexity, confirming that structure and productivity can be
analyzed, at least partially, as independent drivers of forest functioning.

The partial overlap among variables reflects that forest structure is the result from the
interaction of stand development, competition processes, and management history [13].
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In managed forests, attributes traditionally associated with productivity, such as growing
stock and density, also reflect structural conditions and past silvicultural interventions.
Therefore, their inclusion contributes to a more integrated representation of stand structure.
From the ecological point of view, it is clear that structural heterogeneity is not a simple
result of productivity, but it is linked with the life-cycle of the stands and its influence
(disturbances, management, aging, etc.). From the management perspective, it highlights
how the increase in structural complexity (using particular practices such as Closer to
Nature Forest Management—CNFM) can require different approaches than those applied
only to improve timber production. Eventually, from the scientific perspective, the non-
collinearity between the SHI and PI represents promising results since they can be applied
as complementary indicators for stand structure.

4.2. Structure as Ecosystem Service Predictor

The second form of decoupling, in addition to the divergence in productivity and
structural diversity as a result of the PCA, emerges when considering the relationships
between forest attributes and ecosystem functions. It is increasingly recognized that
different functions respond to different components of forest structure: biomass-based
functions such as timber yield or carbon sequestration tend to depend more strongly on
quantitative attributes such as stand density, basal area, or growing stock, whereas functions
related to biodiversity conservation, habitat provisioning, or resilience to disturbances are
more closely associated with structural heterogeneity, spatial variability, and the presence
of uneven-aged features [1,2,40]. Our results are consistent with this framework: while both
gradients (SHI and PI) influence the three analyzed functions, their effects are distinct and
sometimes contrasting, underscoring that ecosystem services are not uniformly governed
by the same structural attributes. Recognizing this decoupling is essential for interpreting
multifunctionality in managed landscapes, suggesting that higher structural complexity
may support both ecological and cultural functions without necessarily mirroring the
dynamics of biomass accumulation or productivity.

In detail, the first results from the GLMM (Figure 4) showed a positive and significant
correlation between the C sink and both maturity and productivity gradients. The results
related to the PI were predictable since a higher timber stock is more prone to sequester
C from the atmosphere [41]. However, a correlation with the SHI may suggests that not
only younger and denser forests have high absorptive capacity for carbon but also older
and structured ones. This is in line with the evidence that more structured forests (e.g., old-
growth forest—OGF) are not carbon-neutral, but they work as carbon sinks [42]. Although
more structurally heterogeneous forests in our study do not qualify as old-growth forests,
our analysis of the maturity and structural gradient suggests that structural heterogeneity
may play a role in carbon sequestration. Furthermore, the overall results suggest that in our
stands, the management adopted is already moving toward closer-to-nature management,
and the results suggest that increasing structural complexity does not necessarily reduce
carbon sequestration [43].

Model results (Figure 5) also underscore a positive correlation between timber yield
and the two gradients resulting from the PCA but also a negative correlation with elevation.
These outcomes are striking since the timber yield is calculated in the forest management
plan, taking into account the current timber increment and also the economic necessities.
The strong effect of PI was expected, as higher stocking and tree density are directly
linked to greater volumes available for harvest, in line with classical yield theory and the
central role of stand density in determining allowable cut [16]. The positive effect of SHI is
particularly noteworthy, since it shows that structurally heterogeneous and mature forests
are not only sustaining carbon sink but also timber yield and, thus, harvestable production.
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This result suggests that management approaches aligned with CFNM may not necessarily
conflict with timber provision, and it and may contribute to stabilizing production [1]. The
negative correlation with elevation supports the well-known confirmed theory according
to which the elevation influences the timber yield of forests. This is probably due to several
factors that are linked with elevation (soil and water availability, temperature, irradiation,
etc.), but this result underlines the importance of accounting for site-specific constraints
when interpreting yield models and designing forest management strategies.

Finally, the third model (Figure 6) revealed a contrasting pattern for the touristic—
recreation value compared to carbon sink and timber yield. The SHI reveals a positive
correlation with the TR values, showing that more complex and mature forests are per-
ceived as more attractive, in line with studies showing that heterogeneous, multi-layered
canopies and the presence of large trees enhance recreational quality and landscape ap-
preciation [44]. However, the negative correlation with the PI underlines the mismatch
between production and esthetic value. This is probably due to the rising awareness in
public opinion about the real aspects of the naturalness and wildness of forests. Many
studies confirmed how the perception of beauty in forest stands is driven by several factors,
including the dendrometric ones [45,46], and they confirmed that more structured and older
forests are normally considered more esthetic. Thus, our results suggest that recreational
value may be approximated using data derived from management plans. Furthermore, it
is important to evidence that the TR value is positively correlated with slope, which may
reflect the difficulty of managing forests in steep mountainsides.

4.3. Forest Management Plans as Ecological Data Source

Our findings indicate that alpine forests show that structural diversity and heteroge-
neous stand conditions are indeed crucial for sustaining and enhancing multiple ecosystem
services. Forest management plans can serve as readily available sources of forest data,
requiring no additional field sampling efforts—apart from the time needed for the digital-
ization. A similar approach has been previously applied to the data collected following the
Forest National Inventory protocol [9], but the complexity of data collection and analysis
does not allow it to work on wider areas.

The use of data provided by forest management plans represents an innovative oppor-
tunity to obtain forest information without the need for specific field sampling campaigns,
thereby reducing both costs and time requirements. This approach has several strengths: the
availability of forest data for many areas across the country, collected by expert technicians,
and referring to a fine spatial scale (single municipalities or small groups of municipalities).
In addition, management plans are periodically updated (typically every 15 years), which
also enables the study of historical forest dynamics. However, it is important to underline
that the data from FMPs may not always capture the full structural variability of stands,
particularly where diameter distributions are only partially reported or simplified. This
gap is especially relevant in forests that are predominantly young or recently managed,
where the absence of larger diameter classes may lead to an underestimation of structural
complexity. Moreover, some drawbacks exist, such as the application of different data col-
lection methods (e.g., relascope surveys vs. complete dendrometric surveys), the emphasis
on productive stands where data collection is more detailed, and the heterogeneity in the
structure of management plan documents. The latter often requires manual digitalization,
as they are not standardized in digital formats, particularly if multiple plans are to be
processed together. Furthermore, the use of these plans is limited to the areas where they
are legally in force, and they generally do not cover private properties.

Moreover, several limitations occur when adopting FMP data, mainly because they are
written by forest technicians and designed for administrative and silvicultural purposes.
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The accuracy and consistency of these data are not comparable with more scientific purpose
data sources. For instance, in FMPs, crucial attributes related to structural complexity, such
as deadwood amount, understory complexity, and microhabitat, are not taken into account.
Moreover, the FMPs are periodically revised, and if on one hand, this ensures a regular
update of the data, on the other hand, it limits the ability to capture short-term dynamics.
Taken together, these limitations do not reduce the value of FMPs, but they highlight the
need to interpret structural metrics with caution. In fact, the heterogeneity captured by data
derived from FMPs is often biased toward younger, regularly managed forests and may
therefore underestimate the structural complexity typical of mature, conservation-oriented,
or old-growth stands. Finally, differences in standards and formats across regions may
hinder large-scale comparability.

Furthermore, a methodological consideration involves using three diameter classes
to calculate the Gini index and, consequently, the HDI. The Gini coefficient is a widely
accepted measure of tree size inequality in forest structural analysis [47,48]; however,
its use with aggregated diameter classes rather than individual tree measurements may
not capture detailed structural variability. This choice is intentional: our study uses
the FMP data to assess structural heterogeneity at the landscape scale, consistent with a
well-established tradition of deriving ecological indicators from standardized inventory
and planning data [49,50]. This method ensures spatial coverage, temporal consistency,
and direct applicability to operational forest management, which would be difficult with
plot-level dendrometric surveys alone. Future research could compare FMP-derived and
tree-level structural indices to evaluate how sensitive the HDI is to the resolution of
diameter data.

It should be noted that, the selection of variables was guided by data availability
in forest management plans. While more detailed information on stand composition
and vertical structure would improve the ecological resolution of the analysis, these data
are generally not available in FMP datasets. The adopted approach therefore represents
a trade-off between ecological detail and applicability, consistent with studies showing
that multiple but partially overlapping stand attributes are required to capture forest
multifunctionality [40]. In this context, the joint analysis of these variables allows capturing
the main underlying gradients of stand structure while ensuring practical applicability.

Finally, the assessment of ecosystem functions relies on proxy variables. For in-
stance, the TR value is derived from a literature-based matrix and not from direct mea-
sures/surveys. This approach can introduce some uncertainty and a degree of subjectivity.
Future studies can be oriented toward establishing a combination of management plan-
ning data, on-ground stand measures, surveys, or interviews involving local stakeholders,
communities, and visitors. This can further enhance a direct implementation of social
components into practical forest management and planning.

Overall, FMPs may represent a potentially valuable and cost-effective data source for
ecosystem service assessment. They could contribute to support regional to national scale
monitoring and in informing forest policy, especially if associated with modern tools such
as remote sensing or LiDAR. The standardization and digitalization of management plans
would further enhance their applicability, potentially enabling a more systematic use of
FMPs to monitor and manage forest multifunctionality across broad spatial scales.

5. Conclusions

Structural heterogeneity emerged as a key indicator and significant driver of forest
multifunctionality in the Northern Italian Alps. Our study successfully demonstrated that
core forest functions, such as carbon sequestration, timber yield, and touristic-recreational
value, are strongly positively associated with the structural heterogeneity index (SHI)
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and the maturity gradient it represents. The novelty of this research lies in the use of
forest management plans (FMPs) as the primary data source. This approach represents an
innovative and cost-effective method for systematically deriving forest data across large
areas of public property in Italy. However, we acknowledge that the data provided by
FMPs are primarily designed for administrative and silvicultural purposes, which means
their detail and consistency are not always directly suitable for rigorous scientific analysis.

Our result strongly supports the hypothesis that promoting structural heterogeneity,
potentially through closer-to-nature forest management, does not necessarily lead to a trade-
off but rather can sustain or even enhance both structural complexity and key productive
outputs. Conversely, the negative association between the productivity gradient and
touristic-recreational value highlights the expected trade-off between intensively managed
stands and esthetic appreciation.

Ultimately, this study underscores the critical role of structural factors in driving
forest functionalities, thereby highlighting the potential of the SHI as a practical and
accessible metric for integrating multifunctionality into operational FMPs and landscape-
scale planning. Despite the limitations in data detail (e.g., lack of deadwood or biodiversity
information), FMPs represent an underutilized resource that can be effectively adopted
for ecosystem service assessment. The systematic use of the SHI derived from the FMP
data offers a valuable tool for regional to national scale monitoring and for informing forest
policy. To maximize this potential, future efforts should focus on standardization and
digitalization of management plan documents across regions, ideally incorporating these
metrics directly into the decision-making process. This approach is essential for bridging
the gap between ecological theory and operational forestry, ensuring that the monitoring of
structural complexity informs real management decisions across broad spatial scales.
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FMP forest management plan
DBH diameter at breast height
HDI horizontal diversity index
PCA principal component analysis
ES ecosystem services

FFT forest functional traits

BEF biomass expansion factor
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GLMM  generalized linear mixed models

VIF variance inflation factor

PI productive index

SHI structural heterogeneity index
Appendix A

Table Al. Forest management plans (Piani di Assestamento Forestale—FMP) selected for this
study, the number of management units of each plan, the reference municipality, and the validity of

the plan.
Number of Reference
FMP Code FMP Title Management s o Province Validity
. Municipality
Units

Piano di assestamento della

BS_CA_AFM_02 proprieta rustica d.eu.a Comunita 7 Angolo Terme Brescia 2013-2027
Agraria Frazionisti di Mazzunno
(Comune di Angolo)

Piano di assestamento della

BS_CA_BAS_02 proprieta silvo-pastorali 4 Breno Brescia  2013-2027

dell’Associazione Agraria
Frazionisti di Astrio

Piano di assestamento della
BS_CA_BNN_06 proprieta silvo-pastorale del 10 Bienno Brescia 2021-2035
Comune di Bienno

Piano di assestamento della
proprieta silvo-pastorali
dell’Associazione Agraria
Frazionisti di Pescarzo

BS_CA_BPE_02 5 Breno Brescia 2013-2027

Piano di assestamento della
BS_CA_BRE_02 proprieta silvo-pastorale del 15 Breno Brescia 2010-2024
Comune di Breno

Piano di assestamento delle Cividate
BS_CA_CIV_02 proprieta silvo-pastorali del 8 Brescia 2013-2027
R Camuno
Comune di Cividate Camuno

Piano di assestamento della Darfo Boario
BS_CA_DAR 02  proprieta silvo-pastorale del 18 Brescia 2010-2024
. . Terme
Comune di Darfo Boario Terme

Piano di assestamento delle
BS_CA_ESI 05 proprieta silvo-pastorali del 10 Esine Brescia 20202034
Comune di Esine

Piano di assestamento dei beni
BS_CA_INC_05 silvo-pastorali del Comune 8 Incudine Brescia 2020-2034
di Incudine

Piano di assestamento forestale

BS_ CA_MLG_02 del Comune di Malegno 3 Malegno Brescia 2021-2035
Piano di assestamento dei beni
BS_CA_NIA_06 silvo-pastorali del Comune 9 Niardo Brescia 2020-2034
di Niardo
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Table Al. Cont.
Number of Referen
FMP Code FMP Title Management eterence Province Validity
. Municipality
Units
Piano di assestamento delle
BS_CA_PDL_05 proprieta silvo-pastorali del 12 Ponte di Legno ~ Brescia 2015-2029
Comune di Ponte di Legno
Piano economico dei beni
BS_CA_SNC_05 silvo-pastorali del Comune 18 Sonico Brescia 2014-2028
di Sonico
SO_CH MAD (2 riano diassestamento forestale 2 Madesimo ~ Sondrio  2022-2036
- — "~ del CF Boschi Isola in Madesimo
Piano di assestamento della
SO_CH_PIU_02 proprieta silvo-pastorale del 5 Piuro Sondrio  2017-2031
Comune di Piuro
Table A2. GLMM Statistics. Estimate, z-statistic, and p-value are shown for each of the GLMMs built
to understand effects on forest function. Bold values indicate statistically significant predictors.
Forest Independent .
Functional Traits Variables Estimate Std. Error z-Value p-Value
Productive index 0.28181 0.02922 9.643 <2 x 10716
Structural
heterogeneity 0.14880 0.02487 65.984 2.18 x 10~°
index
Carbon storage Slope —0.05442 0.03464 ~1.571 0.116
Elevation —0.03652 0.04402 —0.830 0.407
Aspect 0.04255 0.03760 1.132 0.3258
Precipitation —0.01559 0.07031 —-0.222 0.825
Productive index 0.34987 0.04892 7.15 8.6 x 10713
Structural
heterogeneity 0.31775 0.05190 6.12 9.2 x 1010
index
Timber yield Slope —0.05169 0.06388 —0.81 0.4184
Elevation —0.20473 0.07326 —2.79 0.0052
Aspect —0.02570 0.06972 —0.37 0.7124
Precipitation —0.11537 0.09667 -1.19 0.2327
Productive index —0.17800 0.07673 —-2.32 0.020347
Structural
heterogeneity 0.28493 0.07671 3.71 0.000204
index
TR value Slope 0.37539 0.10212 3.68 0.000237
Elevation —0.07187 0.11035 —0.65 0.514837
Aspect 0.11363 0.11594 0.98 0.327071
Precipitation 0.04787 0.12986 0.37 0.712425
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