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1. Abstract
Elevation gradients are generally characterized by a steady reduction in temperature with

altitude, potentially leading to zonation of vegetation structure. A south-north transect
across the central Himalayas spans from a tropical to alpine climates, offering an
opportunity to investigate the relative roles of abiotic stress and competitive interactions
in shaping plant community assembly. We hypothesise that vegetation composition and
productivity shift from competition-driven realised niches at lower elevations, to stress-
driven physiological niches at higher elevations. To investigate how these niche
transitions influence community assembly and ecosystem processes, we used a dynamic
vegetation model with regional plant functional types (PFTs) parameterised with trait
data, including allometric relationships. The model captured spatial patterns in
vegetation structure and productivity along the gradient. PFTs’ establishment and
performance depended on their climatic niche and the local competitive interactions,
with persistence shaped by specific functional traits and adaptive strategies. At low
elevations, where competitive interactions dominate, tropical shade-intolerant raingreen
and tropical shade-tolerant evergreen PFTs dominated above-ground biomass
production and vegetation cover. In contrast, shorter stature, evergreen, and cold-tolerant
PFTs were favoured at high elevations, reflecting reduced competition and increasing
temperature limitation. PFT functional diversity declined with elevation, while
compositional evenness increased, with evidence of a mid-elevation diversity peak after

accounting for stochasticity. Despite higher functional diversity at low elevations,
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vegetation structure and function - reflected in leaf-area index, foliar projective cover and
above-ground biomass - were dominated by a few competitively superior PFTs. Overall,
these results indicate that vegetation dynamics along the elevation gradient are governed
by a trade-off between competitive ability and stress tolerance. This trade-off drives shifts
in structure, composition and productivity along the gradient, reflecting a transition from
realised to physiological niche dominance mediated by environmental conditions and

trait responses.

Keywords: Elevation gradient, temperature, competition, community composition,

Himalayas, traits, dynamic vegetation model.

2. Introduction
Elevation gradients are characterized by rapid changes in climatic conditions,

particularly a decline in temperature with altitude (Zhu et al, 2022). With rising
elevation, temperature changes predictably in accordance with the ‘lapse rate’, creating
differences in growth conditions, which may be further accentuated by small-scale
variations in precipitation, topography, aspect, exposure, geology, soil properties, and
biogeochemical processes governing nutrient availability. These environmental
gradients act as filters (stress factors) (Asner et al.,, 2014; De Frenne et al,, 2013; Zhu et
al, 2022) that structure ecological processes and species interactions, resulting in
emergent eco-evolutionary patterns such as niche differentiation, functional trait
distribution, plant strategies, and competitive exclusion (Asner etal., 2014; Mufioz Maz6n

etal.,, 2020).

Temperature gradients are among the most influential environmental axes shaping
vegetation patterns globally. The Himalayas provide a striking example of this, with
distinct zonation observed from the tropical lowlands in the south to the alpine
conditions in the north. The strong climatic contrast, i.e. cooler and wetter conditions at
higher elevations, and hot, seasonally dry conditions at low elevations, influences
vegetation fitness and community compositions, and distribution of functional traits
(Maren etal., 2015).Vegetation at higher elevations often exhibits thicker leaves and frost
tolerance adaptations such as reduced leaf area, increased epidermal thickness, and

increased antifreeze proteins (Satyakam et al., 2022). In contrast, lower elevation species
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have larger leaves with higher specific leaf area (SLA), larger and wider branching
patterns, and fast growth rates to take advantage of abundant resources and warm
temperatures (Shah et al, 2019; Sigdel et al.,, 2022). In addition, biotic interactions,
particularly competition for light, space, and soil resources also drives vegetation
function, diversity (species richness and evenness), and species composition along the
elevation gradient (Maharjan et al,, 2021; Thakur & Chawla, 2019). However, the relative
strength of biotic interactions and abiotic constraints varies along environmental

gradients and remains difficult to quantify in complex mountain systems.

Research on community assembly and vegetation zonation in the Himalayas has largely
been descriptive, based on empirical field observations (Acharya et al., 2011; Dhakal,
2018; Shah etal., 2019; Sigdel et al., 2022; Thakur and Chawla, 2019; Thorne et al., 2022)
and descriptive interpretation of elevational patterns (Ayer et al., 2025; Drollinger et al.,
2017; Dyola et al,, 2022; Liang et al., 2020; Maharjan et al,, 2021; Maletha et al., 2022;
Sigdel et al, 2020). Studies have focused on species distribution, occurrence,
morphological trait distributions and their relationships with environment. However, a
synthetic framework that explains community assembly and ecosystem dynamics across
the Himalayan bioclimatic range, considering both abiotic and biotic influences on species
distribution patterns, remains lacking, limiting our understanding of how competition
and abiotic stress interact along the elevation gradient, particularly in driving the
transition from realised to physiological niches and how species traits mediate these

shifts.

The complex interaction between growth conditions and vegetation functional traits, and
their role in structural dynamics and competitive interactions along this gradient, can be
effectively captured by incorporating characteristic plant traits into dynamic vegetation
models (DVMs) (De Paula et al.,, 2021; Sitch et al., 2003; Smith et al., 2014). By encoding
the traits and response mechanisms of vegetation for different plant functional types
(PFTs), we can disentangle the interaction between environmental conditions and
vegetation community dynamics. DVMs represent vegetation as groups of functionally
similar species (PFTs), defined by shared morphological, and ecophysiological straits, life
history strategies and climatic niches (bioclimatic limits for establishment or survival).

The trait-based parameterisation enables representation of functional trade-offs in the
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carbon allocation and ecological strategies (Diaz et al, 2016; Pierce et al., 2013),
providing a mechanistic link between plant-level adaptations and regional vegetation

patterns.

We employed an individual-based dynamic vegetation model, LPJ-GUESS (Smith et al,,
2001, 2014), to simulate structural, compositional, and functional variability along a
south-north transect of the central Himalayas spanning from a tropical to alpine
conditions. Using empirical data on vegetation traits and life history strategies of regional
PFTs, we evaluated how abiotic stress and competitive interactions jointly shape plant
community assembly, vegetation structure, and productivity. Here, we teste the
hypothesis that community assembly shifts from a competition-driven regime at lower
elevations (realised niche dominance) to a stress-driven regime at higher elevations
(physiological niche dominance). By comparing simulated outcomes with field
observations, we assess how well these niche transitions explain spatial patterns in
vegetation structure, composition and productivity across one of the world’s most
complex mountain ecosystems. We further evaluate species richness and evenness as
emergent properties of functional composition, providing insight into how changing
growth conditions influence biodiversity patterns along the Himalayan elevation
gradient.

3. Methods

3.1 Study site
The study focuses on a species-rich elevation gradient of the central Himalayas (Figure

1). Along the gradient, temperature decreases by approximately 6.5 OC per vertical
kilometer; reflecting the standard lapse rate, where the average annual temperature in the
tropical zone is 28 9C and around 10 9C in the alpine region (MoFSC, 2016; Poudel et al,,
2020). Nearly 80% of the total annual rainfall occurs during the monsoon (June to
September) (Maharjan et al., 2021), where average annual rainfall ranges from 165 mm
(northern end of the gradient, i.e., Trans-Himalayan region) to 5244 mm (1550-2000 m
altitude) in the lower and middle part of the gradient (Luitel et al., 2020; Poudel et al,,
2020). Generally, precipitation reaches a maximum at mid-elevations (approximately
1000-2000 m) and declines rapidly at higher elevation (Luitel et al., 2020; Maharjan et
al., 2021; Poudel et al., 2020). Vegetation follows the temperature patterns ranging from

tropical (24 9C) to temperate forests and to colder sub-alpine vegetation (6.9 °C)
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(Shrestha et al., 2015), where growth condition varies significantly due to variations in
temperature and precipitation patterns. Within a horizontal span of 100 km along the
gradient, 160 different tree species were recorded in a plot-level survey conducted in
forest areas, where vegetation composition and dominance changes with elevation

(DFRS, 2015; Pokhrel and Sherpa, 2020).
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Figure 1: Map of the study area with ecoregion (data source: Olson et al., 2001), elevation
range (data source: Earth Resources Observation and Science (EROS) Center, 2017), trait
data observed sites (Maharjan et al., 2021), and simulated grids along the elevation
gradient of the central Himalayas [Supplementary Figure 1 shows the spatial distribution

of forest types along the gradient].

3.2 Vegetation model description and customization

The Lund-Potsdam-Jena General Ecosystem Simulator (LPJ-GUESS) is a process-based
dynamic vegetation model used to simulate ecosystem responses to environmental
changes at regional or global level based on local, neighbourhood-scale interactions
among simulated plants (Smith et al, 2001, 2014). It represents generalized
ecophysiological processes such as photosynthesis, autotrophic (plant) and
heterotrophic (soil) respiration, carbon, water, and nitrogen cycling. The model adopts
gap dynamics theory (Bugmann et al., 1996; Scherstjanoi et al., 2014) to simulate tree
population dynamics through plant establishment, growth, and mortality (De Paula et al.,
2021; Sitch et al,, 2003; Smith et al., 2001). The model is applied across a continuous
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geographic grid. Vegetation in each grid cell is represented as a mixture of PFTs whose
distribution is governed by bioclimatic envelopes for establishment and survival. Within
its bioclimatic envelope, PFT abundance is further influenced by the interactions between
co-occurring individuals that affect carbon assimilation and allocation, reproduction, and
survival within local patches, nominally 0.1 ha in size. The overall vegetation of a grid cell
is aggregated across multiple patches (here 15), representing random samples of the
wider landscape within each grid cell. PFT-specific parameters and growth strategies
determine performance under different climates, CO2 concentrations, and stages of

vegetation development.

The model accounts for structural responses to competitive and environmental
conditions through adaptive allometric relations (DBH-Height, DBH-Crown Area, DBH-
Crown Volume) and a dynamic bole height scheme for each cohort. This allows allometric
scaling and carbon allocation to respond dynamically to canopy crowding conditions
defined by the availability of photosynthetically active radiation (Paudel et al., 2026). The
model simulates leaf area index (LAI) from leaf carbon pool using PFT-specific SLA
(prescribed as a PFT parameter), emerging from carbon allocation, phenology and

turnover processes.

To represent the diversity of vegetation composition along the Himalayan elevation
gradient, we modified the following features to customize the model for application to
our study area.

e The default model has 12 PFTs, defined to represent the dominant biomes of the
world. For this study, we defined a new set of regional tree PFTs tailored to local
conditions using a multivariate hybrid (hierarchical) clustering approach (see
Section 3.3 and Supplementary Materials for the details of the clustering approach
and derived PFTs). These PFTs represented major vegetation strategies for coping
with competition (biotic stress) and harsh climatic conditions (abiotic stress)
across the gradient. Tree PFT parameters and their derivation are further
discussed in Section 3.3 below. Both C3 and C4 grass PFTs with default parameter
values (defined for the global level) were retained (Peng et al., 2024), representing
distinct photosynthetic pathways and associated physiological differences that

influence their relative abundance along the elevation gradient.
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e Bioclimatic limits (mean minimum and maximum temperature for the 20 years
coldest month for establishment and survival; mean minimum warmest month
temperature for establishment) control each PFT's establishment and survival in
a given grid cell. The model defines these limits for global biomes ranging from
tropical to boreal ecosystems. For this study, four climatic limits are defined:
tropical, subtropical, temperate, and alpine. Climatic ranges were adopted from
Jackson (1994) and modified based on the ranges recorded by Maharjan et al.
(2021).

3.3 Data Sources for model input and parameterisation
The CRU-JRA (v2.4.5d) global gridded climate dataset was downscaled to a 3 km spatial

resolution using bicubic interpolation (Latombe et al., 2018) and used as climate-forcing
data for our model simulations. This method increases spatial resolution but does not
explicitly account for topographic effects such as lapse-rate-driven elevation and
associated terrain condition. The CRU-JRA is a gridded daily dataset with 0.5° x 0.5°
spatial resolution from 2001 to 2022 (Araghi and Martinez, 2024). We used monthly
mean air temperature, precipitation, wind speed, incoming solar radiation, specific
humidity, number of wet days, and minimum and maximum temperature as inputs. Wet
days are defined as days with non-zero precipitation (> 0 mm) and monthly counts are
obtained using daily precipitation data for model simulation. All variables except for
precipitation were interpolated to daily values; for precipitation, the monthly sum was
divided equally across the number of wet days per month. Soil properties and the
atmospheric nitrogen deposition rates (Lamarque et al., 2013) were configured using 0.5°
x 0.5° spatial resolution. Annual atmospheric CO2 concentration data from NOAA (1901-
2022) are used as input data (Friedlingstein et al., 2023). Elevation values of each
simulated grid were extracted from the GTOPO30 dataset provided by the U.S. Geological
Survey (Earth Resources Observation and Science (EROS) Center, 2017) with a horizontal

resolution of 30 arc-seconds (approx. 1 km).

Trait values of the 31 most abundant tree species - based on the frequency of observation
and total carbon contribution identified by Maharjan et al. (2021) were compiled from

Maharjan et al. (2021), Jackson (1994), and Thakur and Phulara (2014). Tree allometry
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data (DBH, total tree height, crown radius, crown height) were compiled from the Tallo
database (a global tree allometry and crown architecture database) (Jucker et al., 2022)
and BAAD (a biomass and allometry database for woody plants) (Falster et al., 2015).
Elevation data across the simulated grid were extracted from Earth Resources
Observation and Science (EROS) Center (2000) and were used for plotting simulated
outputs (Supplementary Figure 2 shows the patterns of environmental variables along

the gradient) .

A divisive hierarchical clustering approach was used to group tree species into distinct
PFTs based on similarities in traits and life-history strategies. Both phenological and
morphological characteristics traits were considered. Species were first stratified into
four temperature-defined groups (tropical, subtropical, temperate, and alpine) based on
their dominant climatic distribution (Jackson, 1994; Thakur and Phulara, 2014), ensuring
that broad-scale bioclimatic filtering were accounted for prior to clustering. Within each
temperature stratum, hierarchical clustering using Ward’s method (Murtagh and
Legendre, 2014) was applied to standardized trait data, including specific leaf area (SLA),
wood density, leaf phenology, and leaf longevity, to group species into functionally similar
clusters. The clustering further incorporated ecological strategy variables, including life-
history strategy (fast vs. slow growing; early vs. late successional), shade tolerance
(tolerant, intermediate, intolerant), and drought resistance (tolerant vs. sensitive),
alongside structural traits such as maximum tree height. Species were progressively
grouped based on multivariate similarity in these traits, resulting in 13 distinct functional
clusters, including three PFTs within the conifer group (see Supplementary for further
details of the clustering approach and derived PFTs). The resultant PFTs are designed to
represent the functional diversity required to simulate structure, composition, and

productivity along the elevation gradient.

The following parameters were updated for each tree PFT: leaf phenology, drought
tolerance, wood density, SLA, shade tolerance, leaf longevity, and leaf turnover rate (Table
1). The values of these parameters, compiled from the sources mentioned above, were
averaged across species included in the PFTs emerging from the clustering procedure
described above. In the model, shade tolerance is linked to life history strategies, which

influence growth, reproduction, and survival of PFTs across different light environments.
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Here, parameters and their values (Supplementary Table 2), as defined by Hickler et al.

(2004), were adapted in model simulation to represent these dynamics. Similarly,

quantile regression was used to estimate allometric scaling parameters (DBH relative to

height, DBH relative to crown area, and DBH relative to crown volume) under three

different stand crowding conditions (5%, 50% and 95%), allowing us to evaluate

structural response to competition and their influence on ecosystem dynamics.

Table 1: Tree PFTs and parameter values used for simulation, including bioclimatic limits,

Shade tolerance parameters and their values, and allometric relations (see
Supplementary Table 1 & 2 for details).
PFTs Parameters
Leaf Leaf Shade Wood SLA Leaf Turnover
phenology | longevity | tolerance density (m? (fraction/year)
(years) (kg€Cm3) | kgC1)
Alpine broadleaved | evergreen | 2 intolerant 273 13 0.5
evergreen (ABE)
Alpine needleleaved | evergreen | 3 tolerant 280 9 0.33
(ANE)
Temperate summergr | 0.5 intolerant 265 18 1
summergreen een
(TeBSG)
Temperate 2 Tolerant 281 15 0.5
broadleaved shade evergreen
tolerant evergreen
(TeBEt)
Temperate evergreen | 2 intolerant 282 15 0.5
broadleaved shade
intolerant evergreen
(TelBE)
Temperate evergreen | 3 intolerant 235 18 0.33
needleleaved
(TeNE)
Sub-tropical evergreen | 3 intolerant 210 10 0.33
needleleaved
(STrNE)
Sub-tropical rain raingreen | 0.5 intolerant 200 25 1
green (STrRG)
Sub-tropical shade- | evergreen | 1 intermediate | 265 2085 |1
tolerant evergreen
(STrIBE)
Sub-tropical evergreen | 2 tolerant 145 17 0.5
broadleaved
evergreen (STrBE)
Tropical evergreen | 2 tolerant 290 22 05
broadleaved shade-
tolerant (TrBE)
Tropical summergr | 0.5 intolerant 247 21 1
Summergreen een
(TrBSG)
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PFTs Parameters

Leaf Leaf Shade Wood SLA Leaf Turnover
phenology | longevity | tolerance density (m2 (fraction/year)
(years) (kgCm=3) | kgCH)
Tropical raingreen | 1 intolerant 245 18 1
broadleaved
raingreen (TrBRG)

Data source: (Jackson, 1994; Maharjan et al,, 2021; Thakur and Phulara, 2014).

3.4 Simulation protocol and model validation

Using the aforementioned forcing data and PFTs parameterized with traits, the model was
run with 15 patches in each grid cell of 1000 m?, simulating the period from 1901 to 2022.
A spin-up of 500 years, recycling the first 30 years of the observed climate data set, was
performed to achieve an initial steady state for vegetation structure. We ran LP]-GUESS in
cohort mode (Smith et al.,, 2001, 2014), using the BLAZE fire model to account for the
impacts of weather-related fire disturbances on vegetation structure (Rabin et al., 2017)
and applied a generic return interval of 100 years for patch-destroying disturbances,

following Pugh et al. (2019).

We implemented a neighbour removal experiment in the model to assess the effects of
competitive neighbour individuals and PFTs on the performance of the selected PFTs
(Monteux et al., 2024). Individuals of all other woody PFTs except the PFT of interest were
removed from the simulation after model year 1950. C3 grass or Cs4 grass forming the
understory of the woody stand was retained. However, to allow the ecosystem to re-
equilibrate and account for the effects caused by removing neighbours, we allowed target
PFTs to grow for another 50 years (i.e., model year 2000) until the ecosystem recovered

and productivity stabilized according to the prevailing environmental conditions.

Gross primary productivity (GPP) data from Bi & Zhou (2022) (0.05° x 0.05° spatial
resolution), produced using the leaf light use efficiency model from 2010 to 2020
(DRYAD), were compared with simulated GPP from 2010 to 2020 along the elevation
gradient, focusing on the evaluation of variation in GPP across elevations despite
differences in spatial resolution. Plot level above-ground biomass data by Khanal & Boer
(2023), estimated from forested area in the national forest inventory, was compared with

simulated patch-level above-ground biomass from the model to validate the broader
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patterns in above-ground biomass distribution across the ecosystem regardless of land
use conditions. Similarly, the bole height (height up to the first branch) measured and
elevation range recorded by Maharjan et al. (2021) along the studied gradient were
compared with simulated values to evaluate the model's ability to capture structural and
compositional variability along the elevation gradient. Although these observed values
predominantly represent dominant species along the gradient, they were treated as
independent observational datasets for evaluating model performance in representing
structural variability. Additionally, to further validate the structural component, MODIS
derived LAI of 1 km resolution from 2000 to 2022 (Myneni et al., 2015) was compared
with simulated monthly LAI, with model evaluation focusing on elevation-dependent
patterns given differences in spatial resolution between the observational and simulated

datasets.

3.5 Competition index and rank abundance curve (RAC) of FPC for evenness

An index of competition was calculated for each PFT to quantify the effects of neighbour
removal on the performance of the target PFT. The target PFT’s performance was
evaluated using simulated carbon mass production from 2000 to 2020 with and without
competition. The competition index (CI) was calculated using the index matrices
approach of Avolio et al. (2019) and Brooker & Kikvidze (2008) with modifications, rather
than using empirically derived coefficients from species-removal experiments. We
modified the equation by Avolio et al. (2019) and Brooker & Kikvidze (2008) to more
intuitively represent each PFT's optimum competitive capacity relative to potentially co-
occurring woody PFTs. This approach allows the CI to represent the relative competitive
capacity of each PFT under different competition conditions. A CI value of 1 indicates no
effect from competitors, while a value close to 0 indicates a significant impact from the

competitor’s presence.

Cmass_pi— Cmass, i ]

cl, =[1

" Max (Cmass_pi,Cmass,yi)
where Cl is the competition index in year i, Cmass-x and Cmass+n are the carbon masses

of the target PFTs in the presence (+N) and absence (-N) of a competitor in year i.

The rank abundance curve (RAC) of relative foliar projective cover (FPC) of each tree PFT
present in a grid cell was used to quantify PFTs evenness, defined as similarity in local

11
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abundances among PFTs along the elevation gradient. PFT level evenness and richness
calculated using FPC were used as indicators of dominant functional strategies and
competitive hierarchy shaping ecosystem structure and carbon dynamics across the
elevation gradient. Following Avolio et al. (2019), Smith & Wilson (1996) and Whittaker
(1965), the natural logarithm of relative FPC was plotted against the inverse of PFT rank,
and a regression between rank and log FPC was used to calculate the slope of the curve in
each grid point using simulated FPC from 2000 to 2022. The slope of the RAC was used as
a robust (independent of species richness) measure of evenness by Smith & Wilson
(1996). A steeper slope would indicate greater dominance by one or a few PFTs relative
to other co-occurring PFTs, while a flatter slope indicates greater evenness. Evenness was
plotted against elevation to examine the patterns of change in evenness in relation to
changes in growth conditions. Similarly, the number of PFTs in each latitude band was
used as an indicator of functional richness, representing the diversity of ecological
strategies. We hypothesise that evenness increases with elevation due to reduced
competition, and the abundance of PFTs decreases under environmental stress at higher

elevations.

4. Results

4.1 Spatial variability in productivity and structure along the gradient

Simulated annual GPP showed strong agreement with GPP estimated by Bi and Zhou et
al. (2022) using the leaf light use efficiency model, both datasets displaying a gradual
increase in productivity up to approximately 2500 m. At the northern end of the gradient,
annual GPP decreased sharply as temperature declined, with some grids having very low
productivity (GPP value close to zero) (Figure 2). Monthly GPP shows a progressive
shortening of the productive season and a decrease in monthly productivity with
increasing elevation (Supplementary Figures 3 and 4 for monthly GPP), characterized by

fewer months of productivity at higher elevations.
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Figure 2: Simulated annual GPP (0.03° x 0.03°, red point) and annual GPP from the DRYAD
database (0.05° x 0.05°, black point) from 2010 to 2020 across grids along the elevation
gradient of the Himalayas along with mean elevation (green line) and elevation range

(greed shaded area) for each latitude.

Simulated above-ground biomass at the patch level closely matched observed plot-level
above-ground biomass measured at forest areas of the gradient (Figure 3). In the
northern regions of the gradient, where Rhododendron PFTs dominate, the model
underestimated the observed biomass (Figure 3), whereas in the mid-latitude range (27.4
- 28.0 °N), it slightly overestimated above-ground biomass, coinciding with areas of
higher PFT abundance. Above-ground biomass showed a peak at mid-elevations followed
by a decline toward higher elevations. Notably, the patch-level above-ground biomass did
not show any clear patterns with the simulated age of the patch. In some simulated grids,
young patches exhibited higher above-ground biomass productivity compared to older
ones, suggesting that trait-based responses and environmental conditions have a

stronger influence on productivity than patch age.
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Figure 3: Simulated above-ground biomass per patch (2010-2015) for tree PFTs with the
age of the patch (in years) and observed above-ground biomass per plot in forest areas

along the elevation gradient of the Himalayas.

Similar to productivity and biomass, vegetation structural attributes also varied along the
elevation gradient. Simulated and MODIS LAI show similar patterns with substantial
overlap between the two datasets (Figure 4- top panel). MODIS LAI shows greater
variability in monthly LAI values compared to simulated LAI Simulated LAI of tree PFTs
increased from approximately 5m®*m™2 at lower elevations to about 8 m*m™ at
mid-elevations, followed by a gradual decline toward higher elevations (Figure 4 - bottom
panel). Elevated LAI values at higher elevations were maintained primarily by evergreen
PFTs, whose LAl remained relatively constant throughout the year and by Cs grasses. Six
PFTs contributed the most to LAI, each with varying zones (elevational range) of
dominance. In the southern part of the gradient, two PFTs - tropical broadleaved
raingreen and tropical broadleaved evergreen - exhibit higher PFT-specific LAI. Sub-
tropical needle-leaved PFTs form maximum LAI in mid-elevation (~3.2 m2 m2), followed

by alpine evergreen broadleaved (~ 4 m2 m-2) in higher elevation. C4 and C3 grasses
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394  contribute significantly to LAI along the gradient, with C3 grasses being dominant in cold

395 regions, with an LAl of 3.2 m? m-2 (Figure 4-bottom panel).
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399  Figure 4: LAl across the elevational gradient. Top panel: comparison of monthly simulated
400 LAI (3 km resolution) and MODIS LAI (1 km resolution) plotted against elevation, with
401  points representing mean monthly LAI values at individual grid. Bottom panel: boxplot of
402  simulated annual LAI by PFTs and line plot of total annual LAI (line represents mean LAI
403 for each PFT and dots representing LAI at simulated grids across latitude) across the

404  elevation gradient by PFTs.
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Comparison of simulated (2010-2015) and measured bole heights from Maharjan et al.
(2021) shows that both follow the same patterns, although the model exhibits more
pronounced variability across most PFTs (Figure 5). It indicates that bole height varies
with PFTs, with tropical broad-leaved raingreen (TrBRG) having a large bole height,
followed by temperate shade-intolerant evergreen (TelBE) (Figure 5). Mean bole height
remained similar up to the temperate zone (approximately up to 3500 m) and declined
sharply at higher elevation, particularly in the upslope alpine zone, where bole heights
remain consistently smaller (Figure 5).

Bole Height by PFTs 6 simulated Bole Height by Latitude
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Figure 5: Boxplot of simulated and observed bole height from Maharjan et. al. (2021)
(median with ranges and outliers) and bole height for PFTs (dot denoting the bole height
of each cohort of PFTs simulated in the grid), (grey line) and observed bole height (red

dots) across PFTs along the elevation gradient.

4.3 PFT performance and competition index along the elevation gradient

Total ecosystem level carbon mass production varies along the gradient and depends on
the abundance of PFTs' (Figure 6; Supplementary Figure 5). Total carbon mass production
is highest in mid-lower elevations (around 1000 m), where multiple PFTs contributed to
ecosystem productivity including broadleaved evergreen, deciduous trees, and conifers
(Supplementary Figure 5 for total carbon mass production along the elevation). At lower
elevations, tropical broadleaved raingreen PFTs had the maximum contribution in carbon
mass production, whereas temperate shade-intolerant evergreen PFTs had the maximum

carbon mass production in temperate regions. In colder regions at higher elevations,
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alpine broadleaved evergreen PFTs (dominated by Rhododendron species) contribute

most to total carbon mass production (Figure 6).

Carbon Mass Distribution among PFTs

PFTs distribution range by Maharjan et al. (2021)
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Figure 6: Carbon mass production by PFT along the elevation gradient (the inset figure

shows the PFTs’ distribution ranges recorded by Maharjan et al. (2021) in the gradient).

The mean CI plotted against elevation shows that removing competitors has different
levels of impact on carbon mass production among PFTs (Figure 7). PFT responses to the
absence of competition differ within and outside their dominant climatic ranges. Within
their dominant growth regions, TrBRG and ABE were least impacted by the presence of
neighbours, with CI values over 0.9 (Figure 7). At the lower elevation range, the presence
of temperate PFTs was more random, and their performance was not enhanced by
neighbour removal. For example, the CI values of TelBE, TeBSG, and TeBEt were higher
(~0.9), suggesting similar performance with and without competitors (Figure 7). In
general, subtropical PFTs benefited from competitor removal in the model (Figure 7).
There were no clear patterns and associations of PFTs’ CI with average annual
temperature, as PFTs' performance depends on climatic niche and the presence of

neighbours (Figure 7).
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Figure 7: Mean competitive index of PFTs and mean annual temperature (green line) with
standard deviation of temperature in the last 30 years (green shaded area) along the

elevation gradient.

4.4 Community composition and evenness along the elevation gradient

The simulated results show that PFT composition and dominance vary along the
elevational gradient, with the total number of PFTs decreasing with an increase in
elevation. At lower elevations, three PFTs - tropical broadleaved raingreen, tropical
broadleaved evergreen, and Cs4 grass - dominate FPC, despite the presence of over ten
PFTs in thais area. At the higher end of the gradient, alpine needle-leaved and alpine
evergreen broadleaved form tree crown cover, while C3 grass dominance increases with
elevation, reaching up to 70% in FPC. Sub-tropical needleleaved and temperate shade-
intolerant evergreen PFTs dominate the mid-elevation range, showing variability in PFT
composition and distribution along the gradient. In the mid-elevation gradient, an area
dominated by sub-tropical and temperate PFTs, PFT composition changes more

frequently than at the ends of the gradient (Figure 8).
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PFTs Composition and Distribution across Elevation

0.9 PFTS distribution range by Maharjan et al. (2021)
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Figure 8: PFTs distribution and composition by fractional projective cover along the
elevation gradient (inset figure shows the PFTs distribution ranges recorded by Maharjan

et al. 2021 in the elevation gradient).

The RAC coefficient value, calculated for each simulated grid using the FPC value of trees,
shows that PFT's evenness increases rapidly along the elevation gradient starting from
mid-elevation (after 2000 m) (Figure 9). As elevation increases, PFT abundance
decreases, from a maximum of 10 PFTs in lower elevations to just two in higher elevations
(Figure 9). In the high PFT abundance area, the competition was higher, characterized by
the competitive dominance of a few PFTs (Supplementary figure 6). For example, tropical
broadleaved raingreen, tropical broadleaved evergreen in lower elevation, sub-tropical
conifers, and subtropical intermediate shade tolerant broadleaves in the mid-elevation
range (Supplementary figure 5). These patterns suggest a symmetrical competition for
light and nutrients at lower elevation despite richness in species composition. In contrast,
regions with low PFT abundance exhibited higher evenness (coefficient value close to 0),
indicating reduced competition and a stronger role of environmental filtering. Here, plant
adaptation to temperature and soil nutrient limitation becomes the primary driver of

vegetation structure and composition. A more detailed breakdown of PFT-specific FPC
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distributions and dominance patterns along the elevation gradient is provided in
Supplementary Figure 6.

PFTs Evenness (only tree PFTs) across Elevation gradient

RAC Coefficient

.l__*—l [
\
-II-*—
F
[ L ] L 1 ] | ]
S N ot
I '5-'1-
T T T T
o | m [T=]
Number of PFTE

= = Mean (RAC coeff.}

=10

o R 1

S PP PP P PP PP OO PP o QH?QDQQQGG
WS PP F P T e o

Elevation {m)

Figure 9: PFTs evenness (RAC coefficient) across latitude with the number of PFTs

(present) in each simulated grid.

Deciduousness and shade tolerance emerge as the two most dominant plant adaptation
mechanisms of vegetation which vary systematically along the elevation gradient. The
proportion of shade-tolerant species decreases with elevation. Intermediate shade
tolerance (Schima wallichii) has maximum FPC in the mid-elevation ranges (1200 - 2500
m), suggesting that these elevation ranges offer a balance in light and temperature
conditions, favouring flexible growth strategies. Deciduous broadleaved species form
dominant crown coverage in lower elevations, but their contribution to FPC decreases
with increased elevation. In contrast, evergreen conifer contribution to FPC increases
with an increase in elevation up to 4500 m, corresponding to zones dominated by
coniferous species, mainly Abies and Juniperus (Figure 10). At the cold end of the gradient,
the alpine broadleaved evergreen, especially Rhododendron spp. contributes the
maximum in FPC. Notably, around 1000 m elevation (Figure 10), both shade tolerance

and deciduousness exhibit high evenness in PFT distribution, indicating a transitional
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503 zone where multiple plant adaptation strategies coexist due to overlapping ecological

504 niches.
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5. Discussion
We evaluated the complex interaction between growth conditions, PFT abundance,
productivity, and competitive interactions by simulating these factors and their
interdependent dynamics along the Himalayan elevation gradient. Our results reveal that
both abiotic and biotic filters generate distinct ecosystem states through
elevation-dependent niche differences. As expected, our model predicted pronounced
shifts in ecosystem structure, composition, and productivity along the gradient, reflecting
a transition from competition-regulated community assembly at lower elevations to
stress-filtered assembly at higher elevations. At lower elevations, warmer temperatures
and relatively higher nutrient availability allowed many PFTs to coexist within their
physiological tolerance limits, resulting in intense asymmetric competition for light.
Under these conditions, realised niches dominate community structure, with a few
competitively superior PFTs suppressing others despite functional richness. In contrast,
colder and nutrient-limited conditions at higher elevations constrained community
composition and structure to a few cold-tolerant species with short bole heights,
operating within their physiological niches, resulting in more even but less diverse stands.
These patterns support our hypothesis that vegetation structure, composition, and
productivity along the elevation gradient are structured by a shift from realised niches,
defined by competitive interactions at lower elevations, to physiological niches, shaped
by stress (freezing temperatures) at higher elevations and align with the predictions of

the stress gradient hypothesis.

The model reliably reproduced key ecological patterns along the elevation gradient, with
strong agreement between simulated outcomes and observations or independent
reconstructed variables, supporting the plausibility of the results and the underlying
mechanisms. Simulated GPP decreased with elevation, in agreement with the estimates
from the leaf light use efficiency model by Bi and Zhou (2022), reflecting the strong
control of temperature and growing-season length on carbon uptake in montane
ecosystems. This decline aligned with the distribution of cold-tolerant PFTs such as
Rhododendron (ABE), Alpine coniferous species (ANE) and Cs grasses found at higher
elevations, consistent with the National Forest Inventory, which identifies that
Rhododendron and Abies are the two most dominant species in higher elevations of the

Himalayas (DFRS, 2015).
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Simulated above-ground biomass and bole height patterns closely matched plot-based
forest inventory measurements from Khanal and Boer (2024) and bole height from
Maharjan etal. (2021), indicating that the model captures key structural and functional
forest responses to elevation. Above-ground biomass gradually increased, before a
significant decline with elevation (temperature) due to climatic stress, which is consistent
with the patterns reported by Thakur et al. (2024). Observed biomass at higher elevations
exhibits marked spatial variability, which may arise from local topographic and
microclimatic heterogeneity that favours the growth of fir (Abies spp.), brown oak
(Quercus spp.), and Rhododendron spp., particularly in deep gorges and on southern
aspects (Khanal et al., 2025; Thakur and Chawla, 2019; Tito et al., 2020) enabling certain
PFTs to extend their realised niche beyond broader elevational trends. These species
attain high biomass through contrasting strategies: brown oak and Rhododendron attain
high biomass primarily through high wood density and structural investment, while fir
attains high biomass through large stem volume and tall stature despite relatively lower
wood density (Kumar et al., 2024) and these species have physiological tolerance to cold
and nutrient limitation combined with persistent canopy cover. Although the model does
not represent detailed soil chemistry, the presence of Rhodendron and Abies PFTs in the
simulation aligns with their known adaptation mechanisms to high pH and low nutrients,
characterized by a wide distribution range (Thakur et al.,, 2024), which are implicitly

represented by trait parameters within the PFT framework.

Vegetation structure along the elevation gradient was significantly impacted by the
environmental conditions. In lower elevations, favourable growth conditions promote
crowded stand conditions, taller bole heights, facilitating competitive advantages through
increased light interception and asymmetric competition. Additionally, taller bole height
of trees in these conditions may result from a trade-off, where some resources are
allocated away from other parts, such as stem and branch development (Tsunoda et al,,
2025). Pokhrel and Sherpa (2020) also found significant associations between tree
height, DBH, and above-ground biomass and elevation in the central Himalayas. With the
increase in altitude, tree growth declines, and light competition weakens, resulting in
forests with similar basal area and total tree height (Coomes and Allen, 2007). In contrast,

alpine environments favour structurally compact morphologies with reduced height
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growth but sustained leaf area through evergreen strategies. The relatively high LAI at
higher elevations despite declining productivity was associated with an increase in
abundance of evergreen vegetation (Figure 5 & 10). This pattern reflects survival
strategies, including heat dissipation to avoid damage by excessive radiation in warm
periods, as well as physiological adjustments such as increasing intercellular fluid
concentration and using reactive oxygen to withstand chilling temperatures to tolerate
low-temperature stress (Li et al., 2022). Although these physiological mechanisms /
strategies are not explicitly parameterized in the model, they emerge implicitly through

trait-based PFTs representation.

The simulated vegetation community exhibited a distinct shift in compositional patterns
across the elevation gradient that reflects changing competitive and abiotic conditions. At
lower elevations, favourable climatic conditions support high PFT richness and functional
diversity; along with strong asymmetric competition, resulting in dominance by a few
competitively superior PFTs operating within their realised niches. Among more than ten
PFTs present, Shorea robusta (PFT-TrBRG) emerged as the dominant climax species,
showing consistency with national forest inventory data, which show that Shorea robusta
and its associated species, such as Terminalia alata, Mollunthous philippines, and
Lagerstroemina parviflora, are the most common and productive in terms of biomass in
the southern central Himalayas (DFRS, 2015). The competitive dominance and higher
productivity these species were linked to drought and fire resistance (Gautam and Devoe,
2006), conferring competitive advantages under seasonal climatic variability. In contrast,
higher elevations supported only a few PFTs (Supplementary Figure 5), with community
composition shaped by abiotic stress such as low temperature and short growing seasons
(Figure 7). Under these conditions, competitive exclusion weakens, and no single PFT
dominates, resulting in more even but less diverse communities. Ahmad etal. (2025) also
stated that functional diversity is higher in lower elevation, even though species richness
and phylogenetic diversity are higher in mid-elevation across the Himalayas. These
elevational shifts in dominance and diversity is broadly consistent with the stress-
gradient hypothesis, which explains that abiotic stress dominates in harsher conditions,
and competition is more influential in benign environment (Bertness and Callaway,
1994). Additionally, the simulated PFTs composition is consistent with mid-domain

effects (Colwell and Lees, 2000; Smith and Wilson, 1996) with a large number of PFT
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peaks at the intermediate elevation range (1000- 2000 m), likely due to geometric
constraints on range overlap (Figures 6, 8, and 10). Overall, PFTs richness and diversity
decline monotonically at higher elevation, with higher elevation characterized by fewer

and more specialized PFTs adapted to extreme climatic conditions (Figure 8).

The difference in PFTs’ performance and dominance along the gradient emerge from an
interaction between climatic condition and trait-mediated trade-offs that regulate carbon
allocation, growth form, and competitive ability under contrasting climatic constraint. .
Overall, tropical broadleaved raingreen (TrBRG) was the most productive, followed by
temperate evergreen (TelBE) and alpine evergreen (ABE) across the elevation gradient.
This result is consistent with the national forest inventory report, which states species
contribution in overall productions varies with elevation (DFRS, 2015). At lower
elevations, PFTs with rapid growth rate, efficient light capture, and high carbon gain
dominate through asymmetric competition for light and space, which is translated into
competitive superiority, reinforcing realised niche occupation and hierarchical
dominance structures. However, in higher elevation balance shifts from competitive
suppression to persistence under environmental stress and overall ecosystem productive
decreases. These variations in productivity among PFTs therefore reflect underlying trait
trade-offs, particularly involving wood density, size-density relationships, growth
allocation strategies and their niche (Khanal et al., 2024). PFTs characterised by dense
wood and conservative growth strategies maintain biomass through structural
investment and stress tolerance, whereas PFTs achieving large stem volume sustain
biomass primarily through size expansion when climatic conditions permit. As these
contrasting strategies converge under harsher alpine conditions, performance
differences among PFTs diminish, competitive hierarchies weaken, and no single PFT
consistently dominates (Naud et al,, 2019), despite broad climatic niche breadth in taxa

such as Rhododendron.

A range of mechanisms, including deciduousness, shade tolerance, and drought
resistance, allometric relationships, and wood density collectively determine how PFTs
allocate carbon, compete for resources, and persist under varying environmental
conditions. An lower elevations, deciduousness emerges as an adaptation to escape

seasonal drought, enabling drought avoidance and rapid resource use under seasonal
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climates. In contrast, higher elevations favour evergreen and shade tolerant PFTs adapted
to stresses such as cooler temperatures, shorter growing seasons, and harsher growing
conditions. Similarly, allometric traits such as crown dimension-DBH, height-DBH, and
wood density affected competitive interaction and competitive dynamics. In lower
elevations, PFT coverage in the crown showed a clear hierarchy with the differences in
competitive dominance in productivity and FPC. Our study further emphasizes that
growth conditions, coupled with biotic and abiotic interactions, and trade-offs between
growth and adaptation to multiple stresses drive the overall ecosystem functioning along
the elevation gradient. Under ongoing global change, relaxation of thermal constraints at
higher elevations may intensify competition in currently stress-filtered communities,
while increased climatic variability may narrow the zone of higher functional diversity at

mid-elevations, with consequences for ecosystem resilience and carbon storage.

5.1 Limitations

We used high-resolution climate data (3 km) as forcing data to capture heterogeneity in
climatic conditions along the elevation gradient. However, the model does not fully
capture the variability in microclimatic conditions that creates distinct topoclimatic
conditions which favour high biomass accumulation created by small-scale topography.
This may partially account for the underestimation of above-ground carbon stock in our
simulations especially in high elevations. With the elevation increase, climatic
heterogeneity amplifies with more diverse climatic conditions (Guan et al., 2024).
Integrating slope and aspect in the model could enhance its ability to characterize
vegetation dynamics and composition dynamics, particularly in mountain regions where
variation in radiation, soil moisture, and temperature across slope orientations plays a
crucial role. Regional species trait data were used for defining functional groups
representing 31 dominant tree species along the gradient. While, this approach captures
the major functional strategies governing ecosystem processes, some locally abundant or
patch-dominant species that contribute to overall ecosystem functioning and structural
heterogeneity may not be explicitly represented. As a result, fine-scale variation in
biomass, functioning, structure and community composition may be smoothed in the
simulations. This reflects a limitation of using generalized PFTs, which may not fully
capture species-specific responses and local ecological variability. Incorporating an

expanded trait database and higher function resolution could further enhance the
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representation of local biodiversity and ecosystem structural component across complex

mountain ecosystem.

Even though dynamic vegetation models like LPJ-GUESS integrate competition for space,
light, and soil resources among neighbouring plants, this competitive framework may not
fully account for how trait-based plasticity alters competitive interactions under different
growth conditions. This can limit the model's ability to capture the full range of ecosystem
dynamics. Integrating the allometric relation defined based on growth (competition)
conditions helped to better characterise above-ground competition for light and space,
whereas competition for below-ground resources, i.e. water and nitrogen in the model,
largely follows proportionately with plant size. In reality, differential root profiles,
including deep water access via tap roots characteristic of certain tree taxa, and other
factors such as mycorrhizal associations or release of root exudates to promote nutrient
mineralisation and uptake are known to predict plant success in environments
characterised by below-ground resource limitations (Freschet et al., 2021). Dynamic root
allocation based on resource availability in different layers is not currently simulated in
LPJ-GUESS. Integrating root trait data, especially the distribution of fine roots in different
soil profiles, root and mycorrhizal association (De Paula et al., 2021), and interlinking
them with soil depth, may better capture below-ground competition processes. The
current version of LPJ-GUESS incorporates a climate-driven prognostic wildfire scheme
(SIMFIRE-BLAZE; Rabin et al., 2017) which impacts the composition, structure, and
dynamics of the vegetation. However, other forms of disturbance, such as wood cutting
and managed fires, herbivory, insect pest impacts, and wind-throw shape vegetation
composition and demography, compounding with the biophysical and ecological
mechanisms included in the model (Brewer, 2011; Grime, 1973; Hall et al., 2012; Laurent

etal, 2017).

6. Conclusions
Incorporating trait data and allometric relations of regional PFTs into LP]J-GUESS model,
this study provides a mechanistic representation of vegetation dynamics along the
Himalayan elevation gradient. The model successfully reproduced spatial patterns
generally consistent with observed in vegetation composition, structure, and

productivity, and capturing key ecological processes across contrasting climatic
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conditions. Our results show that environmental conditions, biotic and abiotic
interactions, allometric relations, and associated functional trade-offs jointly shape
ecosystem processes and drive the competition patterns and adaptation mechanisms. At
the productive end of the gradient, competitive interactions among woody PFTs in
crowded stands had a strong influence on PFT performance and abundance. These
interactions, together with the realised niches of PFTs, led to reduced evenness in PFT
distribution, as certain PFTs become dominant in different climatic conditions. This did
not translate into higher PFT richness in the way predicted by classical niche theory,
suggesting favourable environmental conditions may buffer competitive exclusion and
promote species coexistence despite competitive dominance hierarchies. In contrast,
under more stressful conditions, only a few PFTs survive and grow, exhibiting higher
evenness in composition and shorter stature. The increase in evenness with elevation
reflects reduced crowding and weak asymmetric competition, with the surviving PFTs
adapting and persisting by occupying their physiological niches in response to prevailing
abiotic stress, particularly cold and freezing temperatures. Our findings highlight how
variations in climatic conditions, resource availability, the climatic niche of PFTs, and
unique adaptation mechanisms interact with PFT traits and adaptation strategies to
shape vegetation composition patterns and productivity, thereby acting as overall
controls on ecosystem function along the gradient. Further study, integrating
heterogeneity in topographic conditions with different disturbances, along with a
representation of below-ground competition (especially root profiles and groundwater
dynamics), could enhance our understanding of ecosystem responses to global changes

and extreme events, as well as their adaptation mechanisms in the central Himalayas.

7. Code and Data Availability
The customized LPJ-GUESS version used in this study has been archived in the LPJ-GUESS
Zenodo community [https://doi.org/10.5281/zenodo.17214801]. The forcing data,

simulated output, that reproduce the analyses presented in the manuscript have been

deposited in Zenodo [https://doi.org/10.5281 /zenodo.17214851].
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