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Abstract 

 

Climate change induced shifts in precipitation threaten the future carbon balance of Amazon 

rainforests. Our understanding of water constraints to photosynthesis is largely limited to 

physiology-climate effects. Less is known about the effects of carbon allocation and trait shifts 

in response to water availability. Mechanisms linking carbon allocation and trait responses are 

not well represented in current ecosystem models, causing uncertainty in predicted carbon 

dynamics under future climates. We ask  

(i) What drives the coupling between photosynthesis and precipitation is it 

canopy structure (leaf area index; LAI), leaf traits, or solely a physiology-

climate response?  

(ii) Why do LAI and leaf traits vary with precipitation? 

(iii) What is the role of water availability and plant traits in driving carbon 

allocation between leaves and roots? 

Process based modelling allows the links between photosynthesis, water availability, carbon 

allocation and traits to be quantified explicitly, exploring interaction space not available to in-

situ experiments. We calibrated the Soil Plant Atmosphere model (SPA) to eight permanent 

sample plots across an Amazon mean annual precipitation gradient (1400-2800mm), as part 

of the Global Ecosystems Monitoring network. The model’s representation of local carbon 

fluxes was evaluated against biometric estimates. We then conducted a series of model 

experiments to quantify the principal drivers of photosynthesis across the precipitation 

gradient and explore mechanisms of LAI, leaf trait and carbon allocation responses to water 

availability.  

LAI increased with precipitation (R2=0.42, p=0.08), and was the principal driver of differences 

in photosynthesis across the gradient, accounting for 36% of observed variation. Differences 

in leaf traits accounted for 20% of variance and physiology-climate interactions accounted for 

a further 12%.  

Spatial variance in LAI was underpinned by carbon economics, and best predicted by an 

optimality approach that maximised net canopy carbon export (R2=0.87, p<0.001). Across the 

precipitation gradient, leaf trait strategies shifted from fast to slow as water availability 
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increased (where fast leaf traits are a cohort of high photosynthetic capacitance, high 

metabolic rate, high nitrogen content, low LMA and short lifespan and vice versa for slow leaf 

traits). Leaf traits had a determinate effect on LAI optimality, and higher leaf areas at wet plots 

were supported by longer leaf lifespans rather than an increase in leaf net primary production 

(NPP). At dry plots, short leaf lifespans, inherent of fast leaf trait cohorts, effected lower LAI. 

However, fast leaf trait strategies did prove optimal at dry plots, as carbon losses during the 

dry season were minimised, whilst photosynthesis during the wet season was maximised.  

Field estimates showed that leaf NPP was highest at dry plots and declined with increasing 

precipitation, whilst root NPP was highest at wet plots, converse to optimal partitioning 

theory, which suggests prioritisation of roots under moisture stress and leaves under light 

limitation. Yet model results show that leaf:root NPP across the precipitation gradient was 

optimal, and was similarly best predicted by the maximisation of net canopy carbon export 

(R2=0.60, p=0.02). Optimality was supported by concurrent shifts in leaf and root traits, which 

together accounted for 63% of variation in optimal leaf:root NPP.  

Our findings demonstrate that optimality approaches can be used to successfully predict 

spatial variation in LAI, leaf:root NPP and leaf traits across an Amazon precipitation gradient. 

Leaf traits fundamentally shaped modelled optimal responses, ultimately determining carbon 

assimilation. The response of Amazon forests to increased moisture stress is therefore 

dependent on the current spatial distribution of leaf traits, their plasticity and the likelihood 

of future shifts in floristic and functional trait composition. Future work should expand on the 

findings presented by exploring the responses of carbon allocation and traits to water 

availability over different timescales.  
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Lay Summary 

Increasing atmospheric carbon dioxide concentrations are a major contributor to global 

climate change. Across the Amazon rainforest, trees take in carbon dioxide through 

photosynthesis. However, photosynthesis across Amazon forests is threatened by predicted 

shifts in rainfall patterns, as a result of climate change. At the leaf level, short-term changes in 

water availability limit photosynthesis. To cope with prolonged changes in rainfall, forests 

adapt their leaf properties (such as leaf lifespan and the rate at which leaves photosynthesise) 

and overall structure (including the leaf surface area, and rooting depth to increase water 

uptake). However, it is difficult to separate the direct impact of rainfall on photosynthesis from 

the indirect effects through changes in leaf properties and forest structure. To unpick how 

changes in rainfall affect photosynthesis, we use a model which combines climate data with 

our knowledge around photosynthesis and other plant processes. We focus on plots along an 

Amazon rainfall gradient with detailed field measurements of forest processes. By using an 

existing rainfall gradient, we aim to understand the long-term effects of changes in water 

availability on photosynthesis.  

We find that the biggest factors controlling photosynthesis along the gradient were 

differences in leaf surface area and leaf properties (the indirect effects of rainfall), whilst direct 

effects on stomata proved less important. We show that underpinning the changes in leaf 

surface area along the rainfall gradient, is a leaf economy, where carbon investment into the 

growth of leaves was optimised against the photosynthesis returns, taking into account local 

water availability. Leaf properties were central to shaping this leaf economy. Leaves at drier 

plots had shorter lifespans but a higher rate of photosynthesis; as such they were able to 

maximise photosynthesis during wetter periods, and shed leaves during dry periods to reduce 

losses. We further show that forests trade-off how much carbon they invest into growing 

leaves and roots to balance light capture and water uptake. The relative growth of leaves 

versus roots was also related to the lifespan of the leaf or root, whereby the shorter the leaf 

or root lifespans the more investment into growth was needed. As a result, despite higher leaf 

growth and lower root growth, forests in the lowest rainfall zones still supported more roots 

and less leaves than forests in higher rainfall zones.  
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The results presented in this thesis can be used to improve predictions on the effect changes 

in rainfall will have on photosynthesis across Amazon forests in future. The research provides 

a basis for models to use an optimal growth approach, and highlights the importance of leaf 

properties in shaping the response of Amazon forests to changes in rainfall. We identify key 

focal areas for future research, including continued efforts to collect data on leaf surface area 

and leaf properties, exciting opportunities for which are offered by new satellite missions. Our 

findings uncover a new key question around how growth trade-offs and leaf and root 

properties interact to optimise water uptake and photosynthesis.   
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Figure 1.1 The direct and indirect effects of climate on photosynthesis. Direct 

(1) and indirect (2 and 3) pathways are highlighted in grey. Interactions where 

it is unclear which is the dependent and which is the independent variable are 

denoted by a dashed double headed arrow. ‘Plant traits’ refers to plant 

functional traits. We hypothesise that indirect climate effect pathways (2 & 3) 

will prove more important in driving variation in photosynthesis across Amazon 

forests.  
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Figure 1.2 The hypothesised relative importance of direct (physiology-climate 

interactions) and indirect (forest structure and plant traits) drivers of 

photosynthesis in explaining variation with precipitation across timescales in 

Amazon forests. Direct responses to water availability via stomatal 

conductance are expected to be more important across shorter timescales, 

whilst indirect responses via LAI, photosynthetic capacity and rooting 

properties are expected to be more important across longer timescales.  
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Figure 1.3 Hypothesised photosynthesis, net canopy carbon export and leaf 

growth and maintenance costs across an LAI gradient for a typical high and low 

MAP forest plot. Grey bars show optimal LAI under respective plot conditions. 

Optimal LAI is lower for low MAP plots due the effect of water limitation on 

stomatal conducatance, and consequently photosynthesis, limiting net canopy 

carbon export at higher leaf area. Photosynthesis and net canopy carbon 

export increase with LAI (across the observed range) for high MAP forests as 

water constraints to stomatal conductance are lower.  
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Figure 1.4 The hypothesised effect of fast and slow leaf traits on gross primary 

productivity (GPP) and net canopy carbon export (NCE) throughout the year 

for a typical high and low MAP Amazon forest. Grey bars denote dry season 

timing. For low MAP forests, GPP and NCE is predicted to be higher under fast 

leaf traits due to the maximisation of photosynthesis during the wet season, 
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and minimisation of leaf growth and maintenance carbon costs (the 

differ37ence between GPP and NCE) during the dry season. For high MAP 

forests, 48despite higher GPP under fast leaf traits, we predict lower leaf 

growth and maintenance costs under slow leaf traits will drive higher annual 

NCE.  

 

Figure 1.5 The hypothesised interaction between observed fast and slow, leaf 

and root traits and optimal leaf:root NPP allocation across forest plots. Leaf 

traits shift from fast to slow, and root traits shift from slow to fast, with 

increasing precipitation. Slow leaf traits coupled with fast root traits drive low 

leaf:root NPP allocation as reported for high MAP Amazon forests. Conversely, 

fast leaf traits coupled with slow root traits drive high leaf:root NPP allocation 

as reported for low MAP Amazon forests.  

 

40 

Figure 2.1. From Malhi et al., (2015). Location of GEM network permanent 

sample plots, along eastern and western latitudinal gradients as a function of 

mean maximum climatological water deficit (MCWD). Two 1ha permanent 

sample plots situated at each of the four locations, were used in SPA model 

calibration, validation and experiments.  

 

58 

Figure 2.2. A schematic of DALEC2, the carbon allocation sub-model integrated 

within the soil-plant-atmosphere model. Carbon moves between pools (boxes) 

via fluxes (solid arrows). An effect of carbon pools or fluxes on plant processes 

is shown by a red dashed arrow, whereby red dashed boxes indicate a 

collective impact of the contained carbon pools or fluxes. Grey text indicates 

that biometric data contributed to calibration of the carbon pool or flux. Black 

flux bars indicate that the carbon pathway is prioritised within the model 

above pathways from the same nodule. Carbon pools (C), allocation (A) and 

litterfall (L) are separated by component: w = wood, cr = coarse roots, r = fine 

roots, f = foliage, lab = labile (or non-structural carbon), with to and from used 

for labile carbon 
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Figure 3.1. A schematic of model-data constraints in the version of SPA used in 

the presented calibration, validation and experiments. Squares identify SPA 

simulated fluxes and carbon pools, circles denote SPA fluxes calibrated against 

field estimates, whilst triangles represent field-derived estimates. Solid lines 

denote a carbon flux, dotted lines identify the effect of a carbon pool of a SPA 

process based carbon flux estimate, and dashed lines represent field estimate 

constraints to a SPA carbon pool or flux. SPA fluxes, carbon stocks and 

parameters are denoted as follows; GPP = gross primary productivity, NPPtotal= 

total net primary productivity, NPPleaf = foliar net primary productivity, NPPwood 

= wood net primary productivity, NPProot = root net primary productivity, LAI = 

leaf area index, LMA = leaf mass per unit area, Cf = foliar carbon stock, Lf = leaf 

litterfall   

 

77 

Figure 3.2. SPA estimated soil volumetric water content at 40cm depth 

compared to GEM measured values for seven of the eight sample plots at four 

locations across the Amazon basin.  Data presented is for the time period 2009-

2010. Field data for CAX04 was limited to a shorter time period and for CAX06 

was unavailable.  

 

84 

Figure 3.3. Field estimated monthly LAI, leaf litterfall (GEM), and standard 

error, compared with SPA simulated leaf litterfall for eight plots at four 

locations across the Amazon basin. SPA leaf litterfall was calibrated against 

GEM estimates to derive three fixed model drivers relating to the leaf cycle 

(leaf out timing, leaf out period and leaf lifespan). GEM leaf litterfall data was 

available for 2009-2010 for CAX04, CAX06, TAM05, TAM06 and for 2010 only 

for KEN01, KEN02, TAN05, TAN06.  
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Figure 3.4. Carbon flux estimates (gC m-2 yr-1) of (a) GPP, (b) NPP and (c) 

autotrophic respiration, derived from process based modelling (SPA) and 

biometric methods (GEM) for eight permanent sample plots at four locations 

across the Amazon basin. Estimates are mean annual values representative of 

the years 2009-2010. GEM error bars represent standard error from field 

87 
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carbon flux measurements. SPA error bars represent simulated carbon flux 

variance under field measured LAI standard error.  

 

Figure 3.5. The sensitivity of location GPP to model driver alternations in SPA. 

Model drivers LAI, climate, photosynthetic capacity and rooting depth, derived 

from field observations, were alternated individually at each plot to that of all 

other plots, the resultant GPP retrieved, and location mean calculated. Boxes 

represent the total range of SPA simulated values under the named driver 

alternations, whilst the central bar represents the simulated value under 

observed conditions. Climate and LAI were input to the model as time-series, 

whilst photosynthetic capacity and rooting depth were fixed values. Plots are 

ordered to reflect mean annual precipitation which declined from Caxiuaña 

>Tambopata>Kenia>Tanguro.  

 

Figure 3.6. The relative importance of LAI, vapour pressure deficit (VPD) and 

solar radiation (solar rad) in driving SPA estimated monthly photosynthesis at 

permanent sample plots across an Amazon precipitation gradient. Relative 

importance was calculated using random forest machine learning. Shaded 

regions represent the dry season, where monthly precipitation was below 

100mm. Plots are ordered to reflect mean annual precipitation which declined 

from Caxiuaña> Tambopata> Kenia> Tanguro. 
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Figure 3.7. Intra-annual variation in SPA estimated leaf age for a typical core 

(CAX04) and transitional (KEN01) Amazon permanent sample plot, 

representative of the years 2009-2010. Arrows represent the dry season, 

where monthly precipitation was below 100mm. Leaf age estimates were 

derived from SPA simulated leaf NPP, field measurements of LAI, and leaf 

litterfall calibrations.  
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Figure 4.1. Field estimated mean annual LAI relative to mean annual 

precipitation for Global Ecosystems Monitoring network permanent sample 

plots. Two 1ha permanent sample plots are situated at each of the four 

locations. Precipitation values are marginally offset around the true value to 

117 
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allow clarity around the distribution of error bars for plots at the same location. 

Values presented are averages from the years 2009-2010. Error bars represent 

standard error. (R2=0.42, p=0.08, RMSE=0.87).  

 

Figure 4.2. A schematic of the physiological and structural responses (grey 

dashed boxes) of forests to precipitation and the pathways through which 

responses impact GPP. An influence of one process, variable, stock or flux on 

another is shown by directional arrows. Two-way arrows represent a trade-off 

between the two variables. Boxes represent fluxes or processes (modelled), 

triangles are stocks (SPA state variables) and circles are leaf traits (SPA 

parameters). Grey boxes indicate fluxes that are not integral to the processes 

discussed. Bold text indicate that the value of the variable, stock or flux was 

known in this study, derived from biometric data. Blue shading shows the 

pathway of direct physiological impacts of meteorology on GPP, whilst green 

shading shows the principal pathway for plant structural impacts on GPP. Net 

primary productivity and fraction of NPP are separated by component; leaf 

(NPPleaf; fracleaf), wood (NPPwood; fracwood), course roots (NPPcourse root; fraccourse 

root) and fine roots (NPPfine root; fracfine root). Gross Primary Productivity (GPP), 

total Net Primary Productivity (NPP), Net Canopy carbon Export (NCE), Leaf 

Area Index (LAI), leaf growth respiration (Rg leaf), leaf maintenance respiration 

(Rm leaf), leaf turnover (turnoverleaf), Leaf Mass per unit Area (LMA) and leaf 

nitrogen content (leaf N) are denoted respectively.  
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Figure 4.3. Contour plot of model simulated net canopy carbon export (NCE) 

across an Amazon mean annual precipitation gradient, under a range of 

simulated LAI strategies. NCE values are SPA estimates derived from LAI time-

series alternated at each plot, whilst maintaining the observed meteorology, 

soil, vegetation structure and leaf traits. Contours represent interpolated NCE 

estimates (n=192). Points are the observed mean annual LAI of each plot, 

whilst error bars represent standard error. Estimates of LAI, precipitation and 

simulated NCE are mean annual values for 2009-2010. The corresponding 

precipitation value to LAI observations are marginally offset around the true 

value to allow clarity around the distribution of error bars for plots at the same 
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location. The shaded area represents the smoothed interaction between 

observed precipitation and LAI values.  

 

Figure 4.4. Comparison of SPA simulated NCE under local conditions, GEM field 

estimated NCE and maximum simulated NCE under LAI alternations for eight 

permanent sample plots across an Amazon precipitation gradient. Maximum 

NCE values are derived from interpolated SPA estimates whereby LAI time-

series were alternated at each plot, whilst maintaining the observed 

meteorology, soil, vegetation structure and leaf traits. SPA error bars represent 

simulated NCE under field measured LAI standard error. GEM error bars 

represent propagated error for summed field estimates of fine root, coarse 

root and woody NPP and respiration. The dashed line is the 1:1 and the solid 

line is the linear regression between NCE estimates (a) R2= 0.87, p<0.001, 

RMSE= 150.6, (b) R2=0.68, p=0.01, 279.5 and (c) R2=0.68 p=0.01, RMSE=236.5. 
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Figure 4.5. Model simulated net canopy carbon export (NCE), leaf specific 

conductance (LSC), and root carbon stocks in the presence, and absence of 

carbon cycle feedbacks, for a typical core (CAX04) and transitional forest 

(TAN05), under a range of simulated LAI strategies. Dashed lines represent SPA 

estimates of NCE and LSC where carbon cycle feedbacks were enabled, whilst 

dotted lines represent estimates where feedbacks were absent. Solid lines 

represent root carbon stocks in the presence of carbon cycle feedbacks, as in 

their absence, stocks were held constant at observed levels. Carbon stock and 

carbon and water flux values are SPA estimates derived from LAI time-series 

alternated at each plot, whilst maintaining the observed meteorology, soil and 

vegetation structure and leaf traits (n=24 for each plot). The shaded area 

represents the standard error of local observed mean annual LAI. Data points 

are estimated NCE (summed fine root, coarse root and wood NPP and 

respiration) and root carbon stock derived from field measurements, together 

with error bars showing propagated NCE error and LAI standard error. Field 

estimates of root stocks at TAN05 were absent.  
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Figure 4.6. Predicted NCE and GPP for a typical core (CAX04) and transitional 

(KEN02) Amazon forest, across a range of simulated LAI strategies under fast 

and slow leaf traits. Fast traits are observed values at transitional plots and 

slow at core plots. Fluxes are SPA derived estimates. LAI time-series were 

alternated at each plot, whilst maintaining the observed meteorology, soil and 

vegetation structure. Shaded areas represents field estimated LAI standard 

error. Data points are estimated GPP and NCE (summed fine root, coarse root 

and wood NPP and respiration), derived from field measurements together 

with error bars showing propagated flux error and LAI standard error.  
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Figure 4.7. SPA simulated GPP (solid line) and NCE (dashed line) for a typical 

core (CAX04) and transitional (KEN02) Amazon forest, under fast (purple) and 

slow (blue) leaf trait strategies. Shaded areas between GPP and NCE lines 

represents the carbon costs of leaf growth and maintenance for the given trait 

strategy. Carbon fluxes are SPA estimates derived from leaf traits alternations 

maintaining local meteorology, soil, vegetation structure and LAI. The grey 

shaded area represents the dry season, where monthly rainfall was below 

100mm. The fast trait strategy is the collective plot mean leaf traits from 

KEN02 and the slow trait strategy that of the CAX04.  
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Figure 5.1. NPP fraction allocated to leaves versus that allocated to leaves and 

roots derived from field measurements of GEM Amazon permanent sample 

plots. Error bars represent field measurement propagated standard error. 

Precipitation estimates are marginally offset to allow clarity around the 

distribution of error bars for plots at the same location.  
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Figure 5.2. Field measured (GEM) LAI estimates from hemispherical 

photographs, and model simulated LAI estimates (SPA) for eight Amazon 

permanent sample plots. Grey shading represents field measurement 

standard error. Phenology in SPA was driven by modelled leaf growth and 

turnover, which were calibrated against field LAI and leaf litterfall estimates.  
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Figure 5.3. Field (GEM) and model (SPA) estimates of mean annual component 

NPP for Amazon permanent sample plots, across the calibration and validation 

year (2009-2010). Field measured leaf litterfall was used here as a proxy for 

leaf NPP. Error bars represents field estimate standard error. Plots are ordered 

from high MAP (CAX) to low MAP (TAN). 
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Figure 5.4. Field (GEM) and model (SPA) estimates of component carbon stocks 

for Amazon permanent sample plots across the calibration and validation year 

(2009-2010). Error bars represents field estimate standard error, which was 

absent for root stock estimates at Caxiuanã and Tambopata. Measurements of 

root carbon stocks were absent at Tanguro, so were estimated as the Kenia 

mean, it being the most similar in hydroclimate and functioning. Plots are 

ordered from high MAP (CAX) to low MAP (TAN). 
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Figure 5.5. Field (GEM) and model (SPA) estimates of component residence 

time for Amazon permanent sample plots across the calibration and validation 

year (2009-2010). Error bars represents propagated field estimate standard 

error. Error estimates presented for root residence times do not take into 

account root carbon stock standard error where data was unavailable.  Plots 

are ordered from high MAP (CAX) to low MAP (TAN). 
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Figure 5.6. Field measured leaf NPP as a fraction of total leaf and root NPP 

versus SPA simulated leaf NPP as a fraction of total leaf and root NPP at 

maximum potential GPP, NPP, and net canopy carbon export (NCE) for eight 

permanent sample plots across an Amazon precipitation gradient. Points are 

marginally offset around the nearest 0.1 SPA simulated NPPleaf/NPPleaf+root to 

allow clarity around the distribution of error bars. Solid lines represent the 

modelled linear fit, whilst dashed lines show the 1:1 line.  
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Figure 5.7. Field estimated NCE in comparison to SPA simulated maximum 

potential net canopy carbon export (NCE) for eight permanent sample plots 

across an Amazon precipitation gradient. Error bars represent field estimated 
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standard error. Solid lines represent the modelled linear fit, whilst dashed lines 

show the 1:1 line.  

 

Figure 5.8. SPA simulated effect of leaf NPP as a fraction of total leaf and root 

NPP on net canopy carbon export (NCE) under fast and slow leaf and root traits 

for an Amazon permanent sample plot. Leaf and root NPP fractions (model 

inputs) were alternated, together with leaf and root traits to simulate carbon 

dynamics under the given ratio. For each alternation the model was ran to 

steady state; where NCE is zero the model could not stabilise under the given 

model inputs. Points identify field estimated allocation fractions and NCE with 

error bars showing associated standard error.  
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Figure 5.9. The difference between SPA simulated net canopy carbon export 

(NCE) under fast and slow leaf and root traits at (a) local and (b) optimal 

leaf:root NPP allocation for eight permanent sample plots across an Amazon 

precipitation gradient. Fast and slow leaf and root traits were alternated at 

each plot and resultant NCE retrieved. Trait used in alternations are local to 

the following plots: fast leaf traits TAN05, slow leaf traits CAX04, fast root traits 

TAN06, slow root traits CAX06. For each alternation the model was ran to 

steady state. Points identify SPA simulated NCE relative to local mean annual 

precipitation. Lines represent linear regression model fits.  
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1. Introduction 

 

1.1 Motivation         

The Amazon basin is home to the largest rainforest on Earth (Hansen et al., 2010). Covering 

around 5.3 million km2, Amazon forests account for 40% of the global tropical forest area 

(Aragao et al., 2014; Soares-Filho et al., 2006). The basin is a major carbon sink, storing an 

estimated 120 Pg of carbon, and contributing ~14% of global total terrestrial photosynthesis 

(Field et al., 1998; Malhi and Grace, 2000; Malhi et al., 2006; Pan et al., 2011; Zhao and 

Running, 2010). Amazon forests also provide other important ecosystem services, such as 

biodiversity, hydrology and climate regulation, as well as supporting the livelihoods of millions 

of people (FAO, 2001; Gloor et al., 2013; Nasi et al., 2011). The Amazon is a hotspot for 

biodiversity and hosts around a quarter of the world’s terrestrial species (Dirzo and Raven, 

2003; Ter Steege et al., 2006). Across the basin, precipitation is recirculated through 

evaporation, cycling an estimated eight trillion tons of water each year (IPCC, 2007). Resultant 

increases in latent heat and cloud cover modulate temperature across the region (Feddema 

et al., 2005), whilst water not evaporated is discharged into rivers, accounting for ~17% of 

global freshwater inflow to oceans (Callede et al., 2002). Given the role of the Amazon in Earth 

system functioning, small changes in forest dynamics could have global consequences.    

Amazonia faces an unprecedented suite of threats from deforestation, degradation, increased 

risk of fire, and anthropogenic climate change (Coe et al., 2013; Malhi et al., 2008). Towards 

the end of the twentieth and into the twenty first century, deforestation rates in the Brazilian 

Amazon averaged 18,100 km2 yr-1, and it is estimated that only 62% of the original extent 

remains (Malhi et al., 2008). The expansion of cattle and soybean production has led to forest 

clearances, concentrated in an ‘arc of deforestation’ across the southern and eastern margins. 

Forest degradation through selective logging is reported to account for 15-19% higher carbon 

emissions than clear cutting alone (for the years 1999-2002), reducing carbon sequestered 

and assimilation potential (Huang and Asner, 2010). Whilst deforestation rates have slowed in 

recent years (Nepstad et al., 2014), past activity has left forests vulnerable to drought and fire. 

Deforestation rates are closely linked to annual fire incidences (Aragao et al., 2008), with 
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carbon emissions from forest fires totalling ~270 Tg C yr-1 (Aragão et al., 2018). Furthermore, 

drought feedbacks increase the risk of fire induced tree mortality (Brando et al., 2014). Since 

the 1980s, warming across the Amazon region has averaged 0.13°C decade-1, rising to 0.22-

0.33°C decade-1 for the period 2000-2012 (Jiménez‐Muñoz et al., 2013; Malhi and Wright, 

2004). By 2100 warming across the Amazon is projected to reach 4-6°C (Marengo et al., 2012). 

Predicted shifts in precipitation patterns as a result of anthropogenic climate change remain 

uncertain (Hawkins and Sutton, 2011), largely due to disparate assumptions around rainfall 

formation (Li et al., 2006). Understanding global hydrological cycling is therefore critical to 

discerning the impact of precipitation change on Amazon forests.  

Amazon precipitation is sensitive to variation in sea surface temperatures (SST) of the tropical 

Atlantic and Pacific (Liebmann and Marengo, 2001; Marengo, 2004). Drought events across 

the basin have long been associated with El Nino Southern Oscillation (ENSO) anomalies 

(Marengo, 1992, 2004; Uvo et al., 1998). Variation in Pacific SST, dominated by El Niño events, 

supress convection in northern and eastern Amazonia, causing reduced rainfall during the wet 

season. However, more recent Amazon drought events (2005 and 2010) have been linked to 

Atlantic Multi-decadal Oscillation (AMO) anomalies (Li et al., 2006; Marengo et al., 2008; 

Marengo et al., 2011). Strengthening of the tropical Atlantic north-south SST gradient, shifts 

the intertropical convergence zone further northward, intensifying the Hadley cell circulation. 

As a result, AMO anomalies suppress rainfall in southern and western Amazonia (Zeng et al., 

2008). Predicted rapid warming of Pacific regions and slower warming of the North Atlantic 

(Yoon and Zeng, 2010) suggest that whilst annual precipitation is set to increase in the western 

Amazon, decreases are expected in eastern regions (Duffy et al., 2015). Longer and more 

intense dry seasons are also predicted, together with an increase in drought events (Boisier et 

al., 2015; Joetzjer et al., 2013). Drying has already been reported in some Amazon regions (Fu 

et al., 2013; Hilker et al., 2014; Li et al., 2008). Across the southern Amazon, precipitation is 

decreasing by an average of 0.32% decade-1 (Li et al., 2008). In contrast, increased rainfall is 

reported over the Northern Amazon (Rao et al., 2016), and Gloor et al., (2013) argue that 

basin-wide precipitation has increased since 1990, driven by higher tropical Atlantic SST.  

Trends in seasonality are more disparate, as for parts of Amazonia, decreases in annual 

precipitation have led to reduced seasonality (Feng et al., 2013). 2005, 2010 and 2015 saw 

some Amazon regions experience the most intense droughts on record. The 2005 drought was 

focused around the southwest Amazon, whilst the 2010 event was more widespread (Asner 

and Alencar, 2010; Xu et al., 2011). The 2015 drought affected more than 80% of the Amazon 
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basin, almost double that of the 2005 event (Marengo et al., 2008; Panisset et al., 2018). As a 

result of both emerging and predicted shifts in precipitation across the basin, Amazon forests 

are vulnerable to increased moisture stress (Aragao et al., 2014; Beer et al., 2010; Malhi et al., 

2008; Meir and Woodward, 2010; Phillips et al., 2009; Schuur, 2003; Wagner et al., 2012). 

The impact of water limitation on forest functioning has consequently been the subject of 

much research (Doughty et al., 2014; Doughty et al., 2015; Gatti et al., 2014; Metcalfe et al., 

2010; Phillips et al., 2010; Saatchi et al., 2013). To investigate the response of forests to water 

limitation, researchers have used a combination of field measurements, artificial drought 

experiments, flux towers, remote sensing and modelling approaches. Across the RAINFOR 

network (a collation of pan-tropical permanent sample plot inventory data), Phillips et al. 

(2009) report carbon losses of between 1.2-1.6 Pg as a result of the 2005 Amazon drought. 

Permanent sample plots have also enabled investigation into the effects of water limitation 

on more detailed carbon dynamics, reporting both shifts in NPP allocation and respiration in 

response to the 2010 drought (Doughty et al., 2015). Artificial drought experiments are able 

to capture the impact of long-term reductions in precipitation. Throughfall exclusion at 

Caxiuaña and the Tapajós National Forest resulted in increased stem mortality, lower net 

primary productivity, and differential effects on autotrophic respiration (da Costa et al., 2010; 

da Costa et al., 2014; Nepstad et al., 2002; Nepstad et al., 2007). However, a number of 

challenges are associated with the measurement and scaling of biometric carbon estimates 

causing uncertainty in results (Malhi et al., 2014). Flux towers have offered new insights into 

the effect of seasonal water limitation on biosphere-atmosphere exchanges, but have largely 

been absent from studies investigating Amazon responses to drought, due to coincidences of 

tower operations with drought event timing and location (Huete et al., 2006; Restrepo-Coupe 

et al., 2013; Saleska et al., 2009). The interpretation of forest responses to drought through 

remote sensing approaches have perhaps caused the most controversy (Asner and Alencar, 

2010; Saleska et al., 2007; Samanta et al., 2010). However recent advances in atmospheric 

correction, cloud detection and normalised angles have shown a decline in greenness during 

drought years (Bi et al., 2016). Model simulations of drought effects on forest functioning have 

had varied success (Fisher et al., 2007; Powell et al., 2013), highlighting areas of limited 

understanding, which require further work to reduce uncertainty in predicted responses to 

climate change.  
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GEM network is particularly suited to the investigation of precipitation effects on plant 

functioning, given the spatial and temporal span of the database, which is basin-wide and 

includes data from as early as 2005 (Malhi et al., 2004; Malhi et al., 2015; Malhi et al., 2017). 

However, the GEM approach does have some disadvantages, including the underlying 

assumption that permanent sample plots are in steady state, which remains unresolved 

(Rocha et al., 2014).  As a result, the steady state assumption causes uncertainty in GPP 

estimates, which are the sum of NPP and respiration measurements, assuming C assimilated 

into the plant equates to C out (Araujo-Murakami et al., 2014; Malhi et al., 2014b). 

Furthermore, uncertainty exists around both the measurements of component NPP and 

respiration, and the scaling of measurements to the plot level (Araujo-Murakami et al., 2014; 

Doughty et al., 2014; Malhi et al., 2015; Malhi et al., 2014b). However, despite the uncertainty 

around C flux estimates from the GEM network, the data produced have nonetheless 

continued to provide valuable insights into the functioning of Amazon forests (Doughty et al., 

2015a; Doughty et al., 2015b; Malhi et al., 2015).  

 

1.2 Knowledge Gaps 

Direct physiological responses to climate effect photosynthesis via a number of pathways 

including (i) the temperature sensitivity of Vcmax and Jmax (Hikosaka et al., 2005; Medlyn et al., 

2002), (ii) the effect of shortwave radiation on electron transport (Farquhar and Von 

Caemmerer, 1982; Farquhar et al., 1980), and (iii) the effect of water availability on stomatal 

conductance (Farquhar and Sharkey, 1982; Wong et al., 1979) (Figure 1.1). The influence of 

water limitation on stomata is exerted externally, via atmospheric vapour pressure deficit, and 

internally, via gradients in the soil-plant hydraulic continuum, ultimately constraining carbon 

assimilation and transpiration. Stomatal responses to water availability are important in 

driving the photosynthesis-precipitation interaction across Amazon forests, with Amazon 

throughfall exclusion experiments reporting a drop in stomatal conductance, and 

consequently photosynthesis, with exclusion onset (Fisher et al., 2007). Research efforts have 

put a deservedly large focus on direct physiological responses to climate, resulting in an 

increasingly accurate representation in ecosystem models (Bonan et al., 2014; Smith et al., 

2016). However, the interaction between climate, forest structure and traits have received 

less attention, despite increasing evidence suggesting that such ‘indirect’ effects of climate 

determine ecosystem productivity (Fyllas et al., 2017; Hui et al., 2003; Richardson et al., 2007).  
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Across the tropics, indirect responses to climate through shifts in forest structure and plant 

traits have been reported under both short and long term changes in precipitation. Here we 

define forest structural responses as emergent canopy and root properties such as LAI, root 

biomass and root depth. Artificial drought experiments report a decline in canopy leaf area in 

response to throughfall exclusion onset (Brando et al., 2008; Fisher et al., 2007; Meir et al., 

2008), with reduced leaf area index (LAI) linked to lower leaf production rather than increases 

in leaf shedding (Nepstad et al., 2002). Yet, model comparison studies highlight a disparity 

between simulated LAI under climate change projections (Rowland et al., 2015). The poor 

representation of canopy dynamics in response to water limitation has been identified as a 

key cause of differences in model estimates (Powell et al., 2013; Restrepo‐Coupe et al., 2017). 

Rooting depth is also expected to play an important role in shaping the response of Amazon 

forests to precipitation change, whereby access to deep soil water and hydraulic lift allows 

plants to maintain photosynthesis when water is limited (Baker et al., 2008; Harper et al., 

2010; Oliveira et al., 2005). However, the role of forest structural responses in shaping the 

photosynthesis-precipitation interaction remains unclear.  

Indirect responses to climate through plant traits are effected through shifts across the fast 

(acquisitive) to slow (conservative) trait spectrum. In the presented thesis we focus on plant 

traits such as photosynthetic capacity, metabolic rate, leaf mass per area (LMA) and leaf 

lifespan, however, these are a subset of traits likely to be important in the photosynthesis-

precipitation interaction. Fast traits include high photosynthetic capacitance, high metabolic 

rate, low LMA, and short leaf lifespan, and vice versa for slow traits. Traits operate across an 

‘economic spectrum’ whereby trade-offs constrain trait combinations (Wright et al., 2004). 

Long term drying is reported to induce shifts in plant traits and community composition 

(Fauset et al., 2012), ultimately driving the directional distribution of plant traits across tropical 

precipitation gradients (Santiago et al., 2004). Whilst we expect that shifts in forest structure 

and plant traits in response to water limitation are important, our ability to represent the 

integrated effect of indirect responses to climate remains limited, causing uncertainty in 

predicted carbon dynamics. Furthermore, we are yet to quantify the feedback effect of forest 

structure and plant traits on photosynthesis across the Amazon basin.  

The integration of ‘Optimal Functioning’ into ecosystem models has been proposed as a 

potential solution to capture forest structure and plant trait responses to climate (Dewar et 

al., 2009; Franklin et al., 2012; Mäkelä, 2012; McMurtrie and Dewar, 2013; Meir et al., 2015). 
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The approach works on the basis that plants aim to maximise fitness, which they achieve by 

optimising forest structure and trait composition. Plant fitness is modelled by way of a fitness 

proxy, however the proxy used varies between studies. Gross primary productivity (GPP), net 

canopy carbon export (NCE; photosynthesis minus the C cost of leaf growth and respiration), 

net primary productivity (NPP) and wood NPP, have all been used as fitness proxies to test the 

applicability of optimality theory (Dewar et al., 2009; Mäkelä et al., 2008; McMurtrie and 

Dewar, 2011; McMurtrie and Dewar, 2013). However, an in depth comparison of fitness proxy 

performance is currently limited, as is the application of optimality theory to mixed forests, 

across larger spatial gradients. Further investigation is therefore required to test the suitability 

of optimality theory as a tool to improve modelled forest structure and plant trait responses 

to resource availability.  

 

 
 
Figure 1.1 The direct and indirect effects of climate on photosynthesis. Direct (1) and indirect 
(2 and 3) pathways are highlighted in grey. Interactions where it is unclear which is the 
dependent and which is the independent variable are denoted by a dashed double headed 
arrow. ‘Plant traits’ include photosynthetic capacity, LMA and leaf lifespan. We hypothesise 
that indirect climate effect pathways (2 & 3) will prove more important in driving variation in 
photosynthesis across Amazon forests.  
 

1.3 Research Questions 

Photosynthesis increases with precipitation across Amazon forests (Malhi et al., 2015), yet 

little is known about how direct (physiology-climate interactions) and indirect (forest structure 

and plant traits) responses to climate shape productivity. Whilst direct physiology-climate 

interactions constrain photosynthesis via stomatal conductance, indirect responses via LAI 
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and leaf traits determine the surface area for potential photosynthesis and carbon assimilation 

rate. Current evidence suggests that indirect effects could prove more important than direct 

effects in determining photosynthesis (Fyllas et al., 2017; Hui et al., 2003; Richardson et al., 

2007). We ask: 

What drives the coupling between photosynthesis and precipitation; is it 

canopy structure (leaf area index; LAI), leaf traits, or solely a physiology-

climate response?  

We quantify the effects of physiology-climate interactions, LAI and leaf traits on spatial 

variation in photosynthesis. We explore the sensitivity of annual and sub-annual 

photosynthesis to physiology-climate interactions, LAI, and leaf traits (across annual 

timescales only), and assess how water availability shapes responses. We hypothesise that LAI 

will be the principal driver of spatial co-variation between photosynthesis and precipitation, and 

that leaf traits will also prove important. On an annual timescale, we predict that for forests 

experiencing high mean annual precipitation (MAP), photosynthesis will be more sensitive to 

differences in LAI and photosynthetic capacity, whilst low MAP forests will be most sensitive to 

differences in soil and rooting properties, reflecting differences in resource limitation. Across 

sub-annual timescales, we predict the role of physiology-climate interactions will prove more 

important than indirect responses (Figure 1.2). A detailed understanding of how direct and 

indirect effects of climate drive photosynthesis across Amazon forests, allows us to focus our 

attention on key mechanisms most important to modelling forest responses to climate 

change. We focus on mean annual precipitation rather than a water deficit metric to avoid the 

introduction of known uncertainty through a fixed estimate of monthly evapotranspiration 

(~100mm mon-1; Aragao et al., 2007) typically used in their calculation. Furthermore, mean 

annual precipitation is reported to successfully capture variation in tropical photosynthetic 

seasonality independently, without the need to account for wet and dry season differences 

(Guan et al., 2015). 
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Figure 1.2 The hypothesised relative importance of direct (physiology-climate interactions) 
and indirect (forest structure and plant traits) drivers of photosynthesis in explaining variation 
with precipitation across timescales in Amazon forests. Direct responses to water availability 
via stomatal conductance are expected to be more important across shorter timescales, whilst 
indirect responses via LAI, photosynthetic capacity and rooting properties are expected to be 
more important across longer timescales.  
 

Under the assumption that LAI is the principal driver of photosynthesis across Amazon forest, 

the mechanism coupling LAI with precipitation (Bradley et al., 2011), is central to 

understanding forest responses to future climate change. We ask: 

What drives co-variance between LAI and precipitation and how do carbon cycle 

feedbacks and leaf traits shape the interaction? 

In line with current evidence (Franklin, 2007; McMurtrie and Dewar, 2011; McMurtrie et al., 

2008), we hypothesise that LAI is shaped by carbon economics via maximisation of net canopy 

carbon export (NCE; photosynthesis minus the carbon cost of leaf construction and 

maintenance). We predict that for low MAP forests, as investment into the canopy increases, 

marginal returns are limited by stomatal conductance. As a result, higher LAI would be 

deleterious for low MAP forests, and NCE is maximised by lower LAI. Conversely, we predict that 

for high MAP forests, increased LAI is remunerative due to higher water availability (Figure 1.3). 

We further hypothesise that carbon cycle feedbacks will strengthen the LAI-precipitation 

interaction, as reduced NCE causes lower fine root growth, reducing water acquisition, and 

further constraining photosynthesis via limits to stomatal conductance. Given the role of traits 

in determining the cost of leaf growth, maintenance, and carbon assimilation rate, we 

hypothesise that covariation between leaf traits and precipitation will also shape LAI dynamics. 

Fast leaf traits typical of low MAP forests are predicted to maximise productivity during dry 
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periods, whilst in high MAP forests slow leaf traits are predicted to minimise leaf maintenance 

costs throughout the year (Figure 1.4). An improved understanding of how LAI responds to 

climate would help to reduce uncertainty around carbon flux predictions (Powell et al., 2013; 

Restrepo‐Coupe et al., 2017), by addressing a key challenge for ecosystem models, which are 

typically poor at representing tropical phenology (De Weirdt et al., 2012; Kim et al., 2012). 

 
Figure 1.3 Hypothesised photosynthesis, net canopy carbon export and leaf growth and 
maintenance costs across an LAI gradient for a typical high and low MAP forest plot. Grey bars 
show optimal LAI under respective plot conditions. Optimal LAI is lower for low MAP plots due 
the effect of water limitation on stomatal conducatance, and consequently photosynthesis, 
limiting net canopy carbon export at higher leaf area. Photosynthesis and net canopy carbon 
export increase with LAI (across the observed range) for high MAP forests as water constraints 
to stomatal conductance are lower.  
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Figure 1.4 The hypothesised effect of fast and slow leaf traits on gross primary productivity (GPP) and net canopy carbon export (NCE) throughout the 
year for a typical high and low MAP Amazon forest. Grey bars denote dry season timing. For low MAP forests, GPP and NCE is predicted to be higher 
under fast leaf traits due to the maximisation of photosynthesis during the wet season, and minimisation of leaf growth and maintenance carbon costs 
(the difference between GPP and NCE) during the dry season. For high MAP forests, despite higher GPP under fast leaf traits, we predict lower leaf growth 
and maintenance costs under slow leaf traits will drive higher annual NCE. 
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The coupling between leaf (and root) biomass with precipitation is underpinned by shifts in 

NPP allocation and plant traits. We expect that NPP allocation is driven by optimal partitioning 

to maximise uptake of the most limiting resource. However, we remain unable to accurately 

predict the ratio of NPP allocated to leaves versus roots. Evidence from field studies presents 

a divergent picture, with some reporting allocation ratios reflecting optimal partitioning, 

whilst others are unclear (Aragão et al., 2009; Hertel et al., 2013; Jiménez et al., 2009; Lima et 

al., 2010; Malhi et al., 2011; Moore et al., 2017). The disparity between findings highlights 

uncertainty in our understanding of NPP allocation. It has been suggested that plant traits may 

play an important role in optimal partitioning to drive resultant biomass ratios, through 

determination of organ lifespan (Aragão et al., 2009; Moore et al., 2017). However, empirical 

studies alone are unable to quantify the effects of NPP allocation ratios and traits on forest 

functioning. We ask  

Is leaf:root NPP allocation optimal across Amazon forests, and what role do trait 

distributions play in determining leaf:root NPP in response to water availability?  

We hypothesise that leaf:root NPP allocation is optimal across Amazon forests, and that leaf 

and root traits have a determinate effect, whereby slow leaf traits with long lifespans support 

low leaf:root NPP, and fast leaf traits with short lifespans support high leaf:root NPP, with the 

opposite true for roots (Figure 1.5). We further predict that the covariation of leaf and root traits 

with precipitation reflects optimal strategies that maximise productivity. Understanding the 

effect of resource availability on NPP allocation is critical to discerning the impact of climate 

change on carbon cycle dynamics, and an explanation of trends in leaf:root NPP, and leaf and 

root traits in response to water availability using an optimality approach could be used to 

inform ecosystem models. 

We predict that our results will show (i) photosynthesis across the Amazon is principally 

determined by LAI, (ii) LAI is in turn shaped by carbon economics in response to water 

availability, and that (iii) underlying changes in leaf area with precipitation, is the optimal 

partitioning of NPP allocation and optimal leaf and root trait distributions (Figure 1.1). We 

predict that indirect effects of climate, through forest structure and plant traits, will prove more 

important than direct physiology-climate interactions in shaping forest functioning. We expect 

optimal responses to water availability to explain variation in biomass, NPP allocation and traits. 

The aim of this research is to improve understanding around the effects of climate on 

photosynthesis, LAI, NPP allocation and traits across the Amazon basin. Our findings will 
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contribute towards reducing uncertainty around modelled responses to shifts in precipitation 

across Amazon forests as a result of anthropogenic climate change. We aim to offer an 

evidence base for adopting different modelling approaches. Furthermore, the findings 

presented will highlight new gaps in our understanding, which can be used to inform future 

data collection campaigns.  

 
Figure 1.5 The hypothesised interaction between observed fast and slow, leaf and root traits 
and optimal leaf:root NPP allocation across forest plots. Leaf traits shift from fast to slow, and 
root traits shift from slow to fast, with increasing precipitation. Slow leaf traits coupled with 
fast root traits drive low leaf:root NPP allocation as reported for high MAP Amazon forests. 
Conversely, fast leaf traits coupled with slow root traits drive high leaf:root NPP allocation as 
reported for low MAP Amazon forests.  

 

1.4 Summary of Methods 

We use a model-data approach, focusing on permanent sample plots across an Amazon 

precipitation gradient, to answer a series of questions around forest functioning in response 

to water availability. Plots used were part of the Global Ecosystems Monitoring network, and 

have detailed measurements of carbon fluxes, traits, metoerology, soil properties, and LAI 

(Doughty et al., 2015; Malhi et al., 2015). We use the Soil Plant atmosphere model (SPA; 

(Williams et al., 1998; Williams et al., 1996), which has been proven to successfully simulate 

carbon and water fluxes in tropical forests (Fisher et al., 2007). Modelling approaches offer a 

valuable tool to develop our understanding of forest functioning in response to climate 
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change. By using a modelling approach we are able to explore the interaction between 

climate, forest structure and traits, and their feedback effects, which would be unachievable 

in a field or lab setting due to cost, practicality and the physical limitations of experimental 

methods. SPA was calibrated and validated for each plot using biometric data, before 

undertaking a series of model experiments.  We use model parameter alternations to separate 

direct effects of LAI, plant traits, climate and NPP allocation on productivity, and explore 

carbon cycle feedbacks. Much of this work adopts an ‘optimality’ approach to ecosystem 

functioning and the use of different fitness proxies is discussed where relevant. The results 

from each chapter will then be collated to discuss the impact of direct and indirect climate 

effects on forest functioning, the applicability of optimality approaches to predict carbon 

dynamics under changes in resource availability, and how plant traits capture the effects of 

climate on ecosystem functioning across Amazon forests.  

 

1.5 Key Results 

LAI was the principal driver of photosynthesis across the Amazon precipitation gradient, 

accounting for 36% of observed variation, leaf traits which included photosynthetic capacity 

accounted for 20%, and physiology-climate interactions accounted for a further 12%. Carbon 

economics underpinned spatial variance in LAI, which was sucessfully predicted by an 

optimality approach that maximised net canopy carbon export (R2=0.87, p<0.001). Leaf trait 

distributions across the precipitation gradient were optimal and shaped the interaction 

between canopy dynamics and water availability. Leaf:root NPP across the precipitation 

gradient was also optimal, and was similarly best predicted by NCE maximisation (R2=0.60, 

p=0.02). The partitioning of NPP to maximise NCE was supported by concurrent shifts in leaf 

and root traits, which together accounted for 63% of variation in optimal leaf:root NPP. The 

indirect effects of climate, through forest structure and plant traits, proved more important 

than direct physiology-climate interactions in shaping forest functioning. Optimal responses 

to water availability explained variation in LAI, leaf:root NPP and leaf traits across the 

precipitation gradient. 
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2. Methods Overview 

 
We apply the Soil Plant Atmosphere (SPA) model to forests with detailed measurements of 

carbon fluxes, carbon stocks and leaf traits, across an Amazon precipitation gradient to answer 

a series of questions around the drivers of photosynthesis, LAI, NPP allocation and trait 

distributions. Here we describe the site characteristics, field data used, the SPA model, and 

model development, which formed the basis of experiments presented in Chapters 3-5.   

2.1 Site Characteristics 

The research presented in this thesis focuses on forest plots across an Amazon mean annual 

precipitation gradient (MAP; 1400 to 2800 mm yr-1) (Figure 2.1). Data from the Global 

Ecosystem Monitoring (GEM) network were utilised from eight one-hectare permanent 

sample plots at four locations across the east and west Amazon (Table 2.1). Differences 

between plot soil and species composition at each location were deemed sufficient to avoid 

pseuodoreplication (Malhi et al., 2015). Soil physical and chemical properties varied across 

plots. Notably, western Amazon plots were more fertile but weaker in structure  (limited 

rooting depth, low drainage capacity, low water holding capacity and the presence of 

hardpans) than their eastern counterparts (Quesada et al., 2012). There was little evidence of 

an anthropogenic impact on forest community structure, excluding the effects of fire at the 

south eastern plot TAN06.  

The two north eastern plots (CAX04 and CAX06) were located in the humid Caxiuanã National 

Forest in Para State, Brazil. The infertile, slow-growing but high biomass plots are typical of 

the eastern Amazon. CAX04 (-1.7160 °N, -51.4570 °E) is located on sandy loam, vetic acrisol 

soil, whereas CAX06 (-1.7369 °N, -51.46194 °E) occupies clay rich, ferralsol soil, causing species 

composition to differ between plots (Malhi et al., 2015; Metcalfe et al., 2010). The south 

western Peruvian plots (TAM05 and TAM06) of the Tambopata Biological Reserve in the 

Madre de Dios region are subject to a moderate dry season (Malhi et al., 2014). The regions 

geomorphology is a result of it being situated on old floodplains of the Tambopata River 

(Doughty et al., 2015). TAM05 (-12.8309°N, -69.2705°E) is located on a Pleistocene terrace 

(Doughty et al., 2015), whilst the palm rich forest of TAM06 (-12.8385 °N, -69.2960°E) is 
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located on a Holocene floodplain (Malhi et al., 2014). Soils at TAM05 are relatively infertile 

cambisols compared to the more fertile alisols found at TAM06 (Aragão et al., 2009). Bolivian 

plots (KEN01 and KEN02) located in the Hacienda Kenia in Guarayos Province, Santa Cruz                

(-16.0158°N, -62.7301°E), experience a strong dry season and occupy the transition zone 

between humid Amazonian forests and chiquitano dry forests (Araujo-Murakami et al., 2014). 

Both plots are situated on sandy loam, cambisol soils (Malhi et al., 2015), though soil depth 

varies, with KEN01 positioned on deeper soil in a slight topographic depression, whilst KEN02 

occupies more shallow soil over Precambrian rock (Doughty et al., 2015), leading to a 

difference in species composition between plots (Araujo-Murakami et al., 2014). The south 

eastern plots (TAN05 and TAN06) of the Fazenda Tanguro, Mato Grosso State (-13.0765°N,       

-52.3858°E) are subject to an intense dry season. The dry old growth forest plots sit close to 

the dry forest- savannah transition zone (Malhi et al., 2015). Both plots occupy relatively 

infertile sandy ferralsol soils (Doughty et al., 2015). Whilst species composition is relatively 

similar between plots, there is a difference in fire history, with TAN06 having experienced 

more frequent burning (Rocha et al., 2014). We recognise that the history of disturbance at 

TAN06 introduces uncertainty into our findings which typically assume ecosystems are in 

steady state. Caxiuanã and Tambopata plots are more typical Amazon terra-firme or ‘core 

forests’, whilst Kenia and Tanguro are ‘transitional forests’ at the extreme fringes of the biome.  

 

Figure 2.1. From Malhi et al. (2015). Location of GEM network permanent sample plots, 

along eastern and western latitudinal gradients as a function of mean maximum 

climatological water deficit (MCWD). Two 1ha permanent sample plots situated at each of 

the four locations, were used in SPA model calibration, validation and experiments.
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Table 2.1. Location and climate characteristics of GEM network Amazon permanent sample plots across the precipitation gradient. Meteorological data 

is from local weather stations, gap filled with ERA interim data for the years 2009-2010 (Dee et al., 2011).  

Plot name Caxiuanã 
Control 

Caxiuanã 
Tower 

Tambopata 
V 

Tambopata 
VI 

Kenia 
Wet 

Kenia 
Dry 

Tanguro 
Control 

Tanguro 
Burn 

RAINFOR site code CAX04 CAX06 TAM05 TAM06 KEN01 KEN02 --- --- 

Latitude -1.716 -1.737 -12.831 -12.839 -16.016 -16.016 -13.077 -13.077 

Longitude -51.457 -51.462 -69.271 -69.296 -62.73 -62.73 52.386 52.386 

Elevation (m.a.s.l) 47 223 384 385 

Mean Annual Precipitation  
(mm yr-1) 

2810 (± 193) 1800 (± 253) 1710 (±189) 1409 (±90) 

Maximum Climatological Water 
Deficit (mm)  

-85 -265 -342 -452 

Mean annual air temperature (0C) 26.1 24.6 23.4 25.4 
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2.2 Field Data 

We use field data from the Global Ecosystems Monitoring (GEM) network to calibrate and 

validate SPA prior to model experiments. The GEM network carried out intensive field 

campaigns on the focal permanent sample plots, in which data on meteorology, soil 

properties, carbon stocks, net primary productivity (NPP), respiration, litterfall, leaf area index 

(LAI), leaf traits and root properties were collected.  

Hourly meteorological data was retrieved from local weather stations for the period 2009-

2011. Small gaps in air temperature, wind speed, shortwave radiation and vapour pressure 

deficit estimates (<6 hours), were filled by interpolating between existing data, accounting for 

diurnal cycles. Where local meteorological data was unavailable for longer period of time, or 

for gaps in precipitation estimates, hourly-interpolated ERA-Interim data was used to fill (Dee 

et al., 2011). It is noteworthy that the use of ERA-interim data at Caxiuanã yielded precipitation 

estimates higher than previously reported mean annual values (ERA-interim estimate ~2800 

mm yr-1; typically reported as ~2300 mm yr-1) (Fisher et al., 2007; Malhi et al., 2015). The 

disparity was largely driven by higher precipitation estimates in 2010. Consistent with ERA 

interim trends, Lewis et al. (2011) similarly report regionally high rainfall anomalies in 2010. 

However, we continue to recognise uncertainty caused by the use of satellite products.  

For each permanent sample plot, soil physical and chemical properties were measured, 

together with soil carbon and water dynamics. Soil texture (clay, sand and silt content) and 

depth are reported for plots across the precipitation gradient (Quesada et al., 2010; Quesada 

et al., 2012). Soil carbon stocks were also assessed, and estimates of soil moisture (typically 

between 5-30cm depth) were collected on a monthly timescale throughout the study period 

(Malhi et al., 2015).  

Aboveground wood carbon stocks were estimated using forest inventory data and an 

allometric relationship between tree height and diameter (Chave and Sabatier, 2005; Malhi et 

al., 2015). Coarse root carbon stocks were estimated using a root:shoot ratio of 0.21 ± 0.3, 

reflecting values reported by Jackson et al. (1996). Fine root carbon stock estimates for each 

forest plot were either published values (Aragão et al., 2009; Araujo-Murakami et al., 2014; 

Fisher et al., 2007), or communicated directly from the GEM network, and were estimated 

using ingrowth cores. The only location without fine root carbon stock estimates was Tanguro, 
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which was assumed equal to the mean of KEN01 and KEN02, Kenia being closest in forest 

structure and precipitation regime.  

LAI was estimated for each plot on a monthly timescale using hemispherical photographs. The 

resultant images were analysed using CAN-EYE software. Together with estimates of 

community weighted mean leaf mass per area (LMA), we were able to estimate foliar carbon 

stocks from LAI measurements. Monthly litter was estimated using litterfall traps (0.25m2) 

placed 1m above the forest floor at the centre of each permanent sample plot. The contents 

of the traps were then sorted between leaf, fruit, flower and wood, before weighing.  

Leaf NPP was estimated using monthly leaf litterfall and the change in LAI, accounting for 

differences in LMA. Monthly aboveground wood NPP was estimated using incremental growth 

measurements from forest inventory data, together with the allometric relationship used in 

total wood carbon stock estimates (Chave and Sabatier, 2005; Malhi et al., 2015). Fine root 

NPP was also estimated on a monthly timescale, using root ingrowth cores and rhizotron 

screens.  

Leaf respiration rate was estimated using an IRGA and specialised cuvette for around 20 trees. 

For each tree a sunlit and shaded branch were randomly selected. Branches were then re-cut 

under water to restore hydraulic connectivity. For each plot, a measurement of leaf 

respiration rate was made during the wet season and the dry season. Leaf respiration was 

then scaled to the canopy level using LAI estimates and the season-specific rate. Wood 

respiration rate was measured using an IRGA and stem collar at 1.3m height, for around 25 

trees distributed evenly throughout the plot. Measurements were taken every 1-2 months 

and wood respiration rate was scaled to the plot level using wood surface area estimates. 

Belowground respiration measurements were taken from the corner of plots each month, 

using a closed dynamic chamber with the IRGA and soil respiration chamber sealed to a 

permanent collar in the soil (Doughty et al., 2015; Malhi et al., 2015). Fluxes were separated 

into rhizosphere respiration and heterotrophic soil respiration measurements using collars 

with differing permeability.  

Community weighted mean leaf nitrogen content and LMA were estimated for Caxiuanã and 

Tambopata plots as detailed in (Fyllas et al., 2009). Leaf nitrogen content for Kenia and 

Tanguro plots were estimated using data from the TRY trait database, weighted by plot species 

composition (Kattge, et al., 2011). Species-specific estimates from Poorter & Bongers (2006) 

were used to derive KEN01 and KEN02 LMA, as local data was unavailable. Field estimates of 
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LMA were used for TAN05 and TAN06 (P.Brando pcom). Photosynthetic capacity (c, Vcmax 

normalised by leaf N, and J, Jmax normalised by leaf N) estimates were derived from field 

measurements (Caxiuanã), or from leaf nitrogen content, using equations presented in Walker 

et al. (2014). 

Estimates of root depth and distribution for each plot were derived from published values or 

estimated given the depth of soil hardpan layers (Araujo-Murakami et al., 2014; Fisher et al., 

2007; Malhi et al., 2014; Quesada et al., 2011; Quesada et al., 2010; Quesada et al., 2012; 

Sotta et al., 2007). Where rooting depth estimates were absent (Tanguro), we assumed no 

obstruction to root growth above 10m (Rocha et al., 2014). 

 

2.3 The Soil Plant Atmosphere model (SPA) 

The Soil-Plant-Atmosphere model (SPA) is a hydrodynamic terrestrial ecosystem model, which 

has been calibrated and evaluated for moist tropical forests in Manaus and Caxiuanã (Fisher 

et al., 2007; Williams et al., 1998; Williams et al., 1996). In SPA, carbon and water fluxes are 

estimated through process-based modelling of radiative transfer, boundary layer and stomatal 

conductance, plant and leaf ecophysiology and soil-plant energy and water balance (Bonan et 

al., 2014). Plant physiological responses to precipitation are well represented in SPA due to 

the stomatal conductance algorithm being coupled directly to plant water use (Fisher et al., 

2006).  

Canopy layers in SPA are partitioned between sunlit and shaded fractions. A radiative transfer 

scheme determines the transmittance, reflectance and absorption of long wave, near infra-

red and direct and diffuse photosynthetically active radiation (PAR) for each canopy layer 

(determined by Beer-Lambert’s Law) and the soil surface. Boundary layer characteristics of 

leaves within the canopy are estimated at different heights using an exponential wind 

relationship (Cionco, 1985). At the leaf level, the Farquhar model is used to determine 

photosynthesis (Farquhar and Von Caemmerer, 1982), whilst the Penman-Monteith equation 

is used to estimate transpiration. 

SPA employs a novel stomatal conductance model, which links leaf gas exchange, plant 

hydraulics and the soil-plant-atmosphere continuum. The representation of stomatal 

conductance within SPA optimises leaf carbon gain per unit nitrogen and limits stomatal 
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opening to prevent leaf water potential dropping below a critical value. The difference 

between soil water potential and minimum sustainable leaf water potential, together with the 

hydraulic resistance of the soil-to-leaf pathway determine maximum hydraulic supply. 

Simulated stomatal conductance minimises the risk of cavitation, whilst balancing evaporative 

losses with the maximum flux rate of water, thereby combining water use efficiency and 

hydraulic safety.   

 

Figure 2.2. A schematic of DALEC2, the carbon allocation sub-model integrated within the soil-

plant-atmosphere model. Carbon moves between pools (boxes) via fluxes (solid arrows). An 

effect of carbon pools or fluxes on plant processes is shown by a red dashed arrow, whereby 

red dashed boxes indicate a collective impact of the contained carbon pools or fluxes. Grey 

text indicates that biometric data contributed to calibration of the carbon pool or flux. Black 

flux bars indicate that the carbon pathway is prioritised within the model above pathways 

from the same nodule. Carbon pools (C), allocation (A) and litterfall (L) are separated by 

component: w = wood, cr = coarse roots, r = fine roots, f = foliage, lab = labile (or non-structural 

carbon), with to and from used for labile carbon 

 

Energy and water balances are simulated for 10 soil layers of varying thickness accounting for 

differences in organic matter content, mineral fraction and water content. Incoming radiation 

at the soil surface is used to solve the surface energy balance, estimating sensible, latent and 
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ground heat fluxes, together with soil surface temperature. Ground heat flux estimates are 

then used to simulate energy transfer through the soil profile. Water inputs to the soil via 

precipitation are calculated using local meteorology, taking into account canopy interception, 

evaporation from the canopy, and drainage. Soil water retention curves then relate soil 

texture to water transfer for each layer (Saxton et al., 1986).  

Within SPA, carbon allocation between structural tissue and the non-structural carbon (NSC; 

or labile C) pool is executed via the sub model DALEC2 (Bloom and Williams, 2015) (Figure 

2.2). Using carbon inputs from photosynthesis (GPP), DALEC2 allocates carbon first to an 

independently calculated autotrophic respiration term, then to NPP (growth of leaf, stems and 

roots) and the NSC pool. The fraction of NPP allocated to leaves, stems, roots and the NSC 

pool together with the turnover rate of leaves, stems and roots are determined by model input 

parameters which are fixed throughout each simulation. Carbon from the NSC pool is 

transferred to leaves when leaf growth demand exceeds total NPP. Under the assumption that 

allocation to NSC is an active process and that the pool serves functions additional to the 

seasonal redistribution of carbon (Dietze et al., 2014), depletions in the NSC pool induce 

redirection of a fraction of NPP towards NSC storage to maintain a stable NSC pool.  

 

2.4 Model Development  

Within SPA autotrophic respiration was estimated as a fixed fraction of GPP. To 

improve the functionality of SPA in the context of the posed experiments, an 

independent respiration term was calculated. Maintenance respiration was calculated 

as a function of plant traits and plant biomass, whilst growth respiration was 

calculated as fixed fraction of NPP (0.28) (Waring and Schlesinger, 1985). Leaf 

maintenance respiration was estimated using leaf nitrogen content as detailed in 

Reich et al. (2008), adjusted for temperature. Leaf respiration is calculated as follows:  

b = 1.025 - 0.036 WQ  

Rrleaf = 10 b Nleaf
1.411        

Rtleaf = 2.0 0.1 (T-20) Rrleaf  

Rsleaf = Mleaf* Rtleaf 



65 
 

Where  

WQ is the temperature during the warmest quarter (oC) 

b is a nitrogen scalar to account for differences in WQ  

Nleaf is the nitrogen content of the leaf (mmol g-1) 

Rrleaf is the leaf respiration rate (nmol g biomass-1 s-1) 

T is temperature (oC) 

Rtleaf is the temperature adjusted respiration rate (nmol g biomass-1 s-1) 

Mleaf is the leaf biomass (gC m-2) 

Rsleaf is the total leaf respiration (nmol m-2 s-1) 

Wood and fine root maintenance respiration were estimated using empirical models derived 

from GEM respiration estimates. The model used a plot specific respiration coefficient as a 

function of component carbon stock. 
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3. Leaf area index drives the 

interaction between canopy 

photosynthesis and precipitation 

across Amazon forests 

 

3.1 Abstract 

The Amazon rainforest is an integral part of the terrestrial carbon cycle, but its capacity to 

sequester C is deemed vulnerable to increased moisture stress as a result of anthropogenic 

climate change. Whilst the direct physiological (stomatal) response of plants to water 

availability has been of much recent interest, indirect constraints to photosynthesis through 

structural and trait responses (via LAI, rooting properties and leaf traits) have received less 

attention. We used the Soil Plant Atmosphere model to investigate the role of direct and 

indirect responses to water availability in driving photosynthesis across Amazon forests. We 

calibrated and evaluated the model’s representation of carbon cycling at plots along a 

precipitation gradient with detailed time series data. We used the model to; (i) apportion 

spatial variation in photosynthesis to physiological, structural and trait responses to 

precipitation, (ii) compare the sensitivity of photosynthesis to variations in climate, LAI, 

rooting depth and leaf traits and (iii) quantify the importance of phenology against climate in 

driving sub-annual photosynthesis. Model analyses showed that LAI (ranging from                       

2.2 - 5.2 m2m-2 across plots) was the principal driver of differences in photosynthesis across 

the precipitation gradient, accounting for 36% of observed variation. Differences in 

photosynthetic capacity accounted for 20% of variance and physiology-climate interactions 

accounted for a further 12%. Photosynthesis was most sensitive to LAI and leaf traits for 

forests with high rainfall. Shallow rooting depth coupled with high LAI resulted in a heightened 

sensitivity of forest photosynthesis to differences in climate. Likewise, high LAI relative to 

precipitation caused increased sensitivity to rooting depth. On monthly timescales, the 

importance of solar radiation in driving photosynthesis increased with mean annual 
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precipitation (R2 = 0.64, p=0.017), whilst the importance of VPD and LAI decreased (R2= 0.32, 

p=0.14; R2=0.56, p=0.033). Given the role of LAI in driving photosynthesis across the Amazon 

precipitation gradient, improved mapping of canopy dynamics is critical, opportunities for 

which are offered by new satellite-based remote sensing missions such as GEDI, Sentinel and 

FLEX. 

 

3.2 Introduction 

Photosynthesis is the entry point for carbon into the terrestrial biosphere, playing a central 

role in the global carbon cycle. Tropical rainforests alone account for one third of total 

terrestrial photosynthesis and assimilate 40.8 Pg of carbon each year (Beer et al., 2010). 

Carbon fluxes across the tropics are tightly coupled to climate, and precipitation is a principal 

driver of spatial and temporal variation in photosynthesis (Beer et al., 2010b; Fisher et al., 

2007; Guan et al., 2015; Malhi et al., 2015; Von Randow et al., 2013). Across Amazon forests, 

there exists a positive linear relationship between photosynthesis, or gross primary 

productivity (GPP), and mean annual precipitation (Malhi et al., 2015). Shifts in precipitation 

patterns as a result of anthropogenic climate change are predicted to have a major impact on 

Amazon photosynthesis (Malhi et al., 2008; Meir and Woodward, 2010; Phillips et al., 2009; 

Zhang et al., 2015). Given the global importance of Amazon forests, understanding the 

mechanisms through which forests respond to water availability is critical to predicting carbon 

cycling under current and future climates.  

Ecosystem models and DGVMs disagree on the effects of projected precipitation change on 

Amazon carbon dynamics. Galbraith et al. (2010) found that for two of the three models 

tested, future shifts in precipitation patterns had surprisingly little effect on model estimates 

of biomass change, reflecting poorly the observed sensitivity of Amazon forests to water 

availability illustrated by through-fall exclusion experiments and natural drought events 

(Nepstad et al., 2007; Phillips et al., 2009; Rowland et al., 2015a). Whilst able to accurately 

simulate physiological (stomatal) responses to water availability (Fisher et al., 2007), models 

fail to represent forest structure and trait responses (leaf area index LAI, stem demography, 

rooting properties and leaf traits). Model-data comparison studies have identified the poor 

representation of phenological responses to water availability as a likely cause of the disparity 

between field observations and model predictions (Powell et al., 2013; Restrepo‐Coupe et al., 
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2017). Changes in rooting depth and root traits are unaccounted for, but could influence 

modelled carbon assimilation via water uptake (Metcalfe et al., 2008). Changes in leaf trait 

composition in response to water availability are similarly absent from most modelling 

approaches, despite having a major impact on simulated photosynthesis (Fauset et al., 2012; 

Sakschewski et al., 2016). In order to improve model predictions, a better understanding of 

structural and trait responses underlying the precipitation-photosynthesis interaction is 

needed (Meir et al., 2015b). 

Precipitation is linked to photosynthesis directly via stomatal conductance, and indirectly via 

induced changes in forest structure and or leaf traits (see Chapter 1, Figure 1.1). Stomatal 

conductance is constrained by water availability and atmospheric demand, with the resultant 

changes in CO2 supply coupling photosynthesis with precipitation. However, under the 

assumption that plants operate in accordance with their hydraulic environment (Katul et al., 

2003; Tyree and Sperry, 1988), stomatal conductance is more likely a short, rather than long-

term response to water availability (Sperry et al., 2002). Structural and trait responses to 

climate forcings are expected to be more longstanding (Meir et al., 2015a). Deep roots support 

hydraulic conductance during dry periods, and together with root surface area, and root 

biomass, may play an important role in alleviating water constraints to photosynthesis 

(Metcalfe et al., 2008; Nepstad et al., 1994). Extensive evidence links spatial and temporal 

variation in precipitation with LAI (Barbosa and Asner, 2017; Brando et al., 2008; Grier and 

Running, 1977; Hilker et al., 2014; Iio et al., 2014; Meir et al., 2015b; Schleppi et al., 2011; 

Wright et al., 2013; Zhou et al., 2014). LAI determines the surface area for photosynthesis. To 

support higher LAI, the carbon gain, constrained by stomatal conductance, must outweigh the 

cost of leaf growth and maintenance (Caldararu et al., 2012). The co-variation of leaf traits 

with precipitation (Santiago et al., 2004; Wright et al., 2004) could also prove important in 

shaping the response of photosynthesis to water availability. Leaf traits effect photosynthesis 

directly via photosynthetic capacity, and indirectly through their influence on canopy carbon 

economics, via leaf growth and maintenance costs. Yet, the role of forest structure and trait 

responses in determining photosynthesis remain largely unexplored in data-constrained 

analysis.  

 

Spatial variation in photosynthesis across the Amazon basin has previously been associated 

with a variety of factors. Mercado et al. (2011) suggested links between leaf traits and soil 

nutrient status, though other drivers such as changes in leaf area were not quantified. Whilst 
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current evidence supports climate as a key determinate (Beer et al., 2010b; Malhi et al., 2015), 

analyses do not separate the role of direct and indirect responses. Furthermore, how the 

relative importance of drivers differ across forests remains unclear. Inter-annual variation in 

photosynthesis has been linked to canopy photosynthetic light‐use efficiency (associated with 

phenology) (Wu et al., 2017). Similarly, on a sub-annual timescale a number of studies point 

towards phenology and photosynthetic capacity as the dominant controls over photosynthesis 

(Goulden et al., 2004; Hutyra et al., 2007; Restrepo-Coupe et al., 2013; Wagner et al., 2017; 

Wu et al., 2017). Yet, the evidence is not universal and Rowland et al. (2014) report that for 

an eastern amazon forest, LAI was relatively invariant, and solar radiation was the principal 

driver of photosynthetic seasonality. In order to inform model predictions and reduce 

uncertainty, we undertake an in-depth assessment of the relative effects physiological, 

structural and trait responses to water availability have on photosynthesis across monthly to 

annual timescales.   

We apply an ecosystem model to plots across the Amazon, spanning a precipitation gradient. 

Process modelling allows the links between climate, forest structure (LAI, root depth and 

biomass) and leaf traits to be quantified explicitly, and separated, across time scales. The soil 

plant atmosphere model (SPA) (Fisher et al., 2007; Fisher et al., 2006; Rowland et al., 2015b; 

Williams et al., 1998; Williams et al., 1996) is well suited to this investigation given its proven 

ability in accurately simulating carbon and water fluxes in Amazon tropical forests. We link the 

modelling to data gathered over multiple years on permanent sample plots from the Global 

Ecosystems Monitoring (GEM) network (Doughty et al., 2015; Malhi et al., 2015). The plots 

have detailed measurements of carbon fluxes, carbon stocks and leaf traits, which were 

available to constrain the model. We compare the covariation of observed leaf traits (LMA, 

photosynthetic capacity and leaf N content) and those derived from model calibrations (leaf 

lifespan) along the precipitation gradient. We use SPA to address the following questions:  

1. Is spatial variation in photosynthesis across the precipitation gradient driven by 

physiological responses to water availability (via the effect of climate and soils on hydraulic 

transport and stomatal conductance) or structural and trait responses (via shifts in LAI, 

rooting properties and leaf traits)? 

 

2. Does the sensitivity of photosynthesis to differences in climate, LAI, leaf traits 

(photosynthetic capacity) and rooting depth vary across the precipitation gradient? 
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3. What drives sub-annual variation in photosynthesis across Amazon forests? 

 

We hypothesise that structural and trait responses to water availability are more important 

than physiological responses in explaining spatial variation in photosynthesis across the 

precipitation gradient. We further posit that LAI is the principal driver of differences in 

photosynthesis between Amazon forests, effected through the observed increase in leaf area 

with mean annual precipitation (MAP).     

 

Within the bounds of observations across the precipitation gradient, we predict that core 

forests (which experience higher MAP) will be most sensitive to differences in LAI, leaf traits 

(photosynthetic capacity) and climate, whilst transitional forests (which experience lower 

MAP) will be more sensitive to differences in root properties. Water constraints to 

photosynthesis are expected to underpin the response to differences in LAI and 

photosynthetic capacity. We predict the covariation of precipitation and LAI will drive the 

response to differences in climate, as LAI determines evaporative demand. The importance of 

water retention and acquisition to support photosynthetic processes is dependent on 

precipitation. Consequently, the response to differences in rooting properties is similarly 

expected to be driven by water availability.   

 

We hypothesise that on monthly timescales, the role of phenology in driving photosynthesis 

will be less than that across spatial scales, whilst climate will be more important. Across the 

precipitation gradient, we expect that solar radiation will be relatively more important during 

the wet season, whilst VPD will be more important during the dry season, reflecting seasonal 

shifts in light and water availability. Due to differences in dry season length, we predict that 

for core forests solar radiation will be most important in driving sub-annual variation in 

photosynthesis, whilst for transitional forests VPD will be the dominant driver.  

In light of projected changes in rainfall patterns across the Amazon basin, accurately capturing 

the nature of the precipitation-photosynthesis interaction is critical to predicting future 

carbon dynamics. The aim of this research is to reduce current uncertainty around climate-

vegetation feedbacks, by better understanding the relative importance of physiological, 

structural and trait responses to water availability. Our findings offer new and important 
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insights, by explicitly quantifying the direct and indirect effects of climate on ecosystem 

functioning, which has not previously been estimated across large tropical spatial gradients.  

3.3 Methods  

We calibrated and validated the ecosystem model SPA to permanent sample plots across an 

Amazon mean annual precipitation gradient (located at Caxiuanã, Tambopata, Kenia and 

Tanguro). We calibrated the simulations for each plot to track the observed time series of LAI, 

leaf litterfall and soil moisture; and tested the resulting simulations of the C cycle against plot 

measurements of photosynthesis, respiration and NPP. We then undertook a series of model 

experiments to: (i) apportion spatial variation in photosynthesis to drivers (climate, soils, LAI, 

leaf traits, and root properties), (ii) investigate how the sensitivity of photosynthesis to 

differences in drivers varies across the precipitation gradient, and (iii) quantify the importance 

of LAI, VPD, solar radiation, precipitation and air temperature in driving sub-annual variation 

in photosynthesis using the random forest technique. Plot characteristics, the SPA model, and 

data used in model calibration and validation are detailed in Chapter 2.    

3.3.1 Model Calibration and Validation  

Following data collation to parameterise SPA, the model was calibrated and validated for each 

plot prior to conducting model experiments. Measurements used to parameterise SPA 

include: soil texture, soil C stock, leaf N content, LMA, photosynthetic capacity, the fraction of 

NPP allocated to fine roots and wood, root depth, and foliar, wood and fine root C stocks 

(Table 3.1 and 3.2). Soil, wood and fine root C stocks (single point measurements, not time 

series) were initial model inputs and allowed to vary thereafter dependent on simulated C 

dynamics. Wood and root respiration measurements were used together with component C 

stocks to estimate plot specific wood and root respiration coefficients.  

The model was driven using hourly meteorological data, retrieved from local weather stations. 

Short gaps in air temperature, wind speed, shortwave radiation and vapour pressure deficit 

measurements (<6 hours), were filled by spline interpolation between existing data. Where 

local meteorological data was unavailable for a longer period of time, or for gaps in 

precipitation measurements, hourly spline-interpolated ERA-Interim data was used (Dee et 

al., 2011). The interpolation of solar radiation estimates accounted for the solar zenith angle.  
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The simulation of soil water drainage in SPA was calibrated against time series of field 

measurements of soil moisture. Initial investigations comparing modelled soil moisture to 

monthly field data highlighted an overestimation by SPA. The empirical model used in SPA to 

relate soil texture to water retention  (Saxton et al., 1986, eqn. 10) was then calibrated by 

adjusting the slope of the interaction to better represent soil moisture across tropical soils (to 

within standard error estimates of mean annual soil moisture).  

 

Figure 3.1. A schematic of model-data constraints in the version of SPA used in the presented 
calibration, validation and experiments. Squares identify SPA simulated fluxes and carbon 
pools, circles denote SPA fluxes calibrated against field estimates, whilst triangles represent 
field-derived estimates used to constrain SPA simulations. Solid lines denote a carbon flux, 
dotted lines identify the effect of a carbon pool on a SPA process based carbon flux estimate, 
and dashed lines represent field estimate constraints to a SPA carbon pool or flux. SPA fluxes, 
carbon stocks and parameters are denoted as follows; GPP = gross primary productivity, 
NPPtotal= total net primary productivity, NPPleaf = foliar net primary productivity,                     
NPPwood = wood net primary productivity, NPProot = root net primary productivity, LAI = leaf 
area index, LMA = leaf mass per unit area, Cf = foliar carbon stock, Lf = leaf litterfall   

 

Leaf litterfall parameters (day of peak leaf fall, leaf fall period and leaf lifespan) were calibrated 

against field data to accurately simulate litterfall period and amplitude (within standard error 

estimates of annual litterfall). Wood and fine root biomass turnover rates were estimated 

assuming each forest ecosystem was at steady state given the maturity of stands and their 

disturbance history: 
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𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑟𝑎𝑡𝑒 ∝   
𝑁𝑃𝑃

𝐶 𝑠𝑡𝑜𝑐𝑘
  

Where turnover rate, NPP and C stock are specific to wood or roots.  

Local LAI estimates derived from hemispherical photographs were used to constrain simulated 

LAI. Leaf NPP was calculated as the difference between the foliar C stock of the previous 

timestep and that which would equate to field measured LAI. Leaf NPP was allocated prior to 

other plant components, and if the leaf NPP requirement exceeded total NPP for the given 

timestep, the non-structural C pool was drawn upon (where total NPP was calculated as the 

difference between simulated GPP and autotrophic respiration; Figure 3.1). Under the 

assumption that allocation to NSC is an active process and that the pool serves functions 

additional to the seasonal redistribution of C (Dietze et al., 2014), depletions in the NSC pool 

induce redirection of a fraction of NPP towards NSC storage to maintain a stable NSC pool. 

Root and wood NPP was calculated as a fraction of total NPP minus leaf NPP.   

For each plot, SPA calibrations were constrained by the upper and lower sample error of LAI 

measurements to produce an estimate of model uncertainty.  However, we recognise that the 

error associated with model estimates was underestimated. Observation constrained SPA 

simulations were then validated against biometric field measurements of C fluxes (i.e. from 

infra-red gas analysers, dendrometers, root ingrowth cores litterfall traps etc.). Linear 

regression models were constructed to compare modelled estimates and field measurements 

of GPP, autotrophic respiration and total NPP. A comprehensive comparison of model 

estimates and field measurements of component NPP and respiration was also made.  

Validation of the SPA model against biometric data lent confidence to subsequent analyses, 

where the model was used to explore C fluxes under non-observed conditions.  
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Table 3.1. Summary of the relationship between model variable and field data. Values are 
either a SPA model driver (input) or output. Model drivers may be initial conditions 
subsequently allowed to fluctuate, a fixed parameter value, or a time-series, whereby the 
parameter value at each time point is prescribed to the model. Model outputs are generated 
on either an hourly or daily time-step and are presented in the text as the mean annual sum 
(2009-2010), unless otherwise stated. Model outputs are calibrated or evaluated using field 
data. Values are specific to each of the eight GEM Amazonian permanent sample plots.  

Value Model Driver or Output Source of Value or Calibration Data 

LMA 
 

driver (single fixed) GEM plot measured value or literature based 
estimate from plot species list 
 

c  driver (single fixed) (estimate from) GEM plot measured value or 
TRY database estimate from plot species list 
 

j  driver (single fixed) (estimate from) GEM plot measured value or 
TRY database estimate from plot species list 
 

Leaf  
N content  
 

driver (single fixed) GEM plot measured value or TRY database 
estimate from plot species list  
 

LAI 
 

driver (time-series fixed) GEM monthly plot measured value 

Leaf NPP 
 
 

output model calibration to GEM plot measured leaf 
litterfall and LAI 

Wood NPP 
 
 

output  model estimate using GEM calculated wood NPP 
fraction (single fixed driver) 

Root NPP 
 
 

output  model estimate using GEM calculated root NPP 
fraction (single fixed driver) 

Leaf 
turnover 

driver (single fixed; 
function of three 
individual fixed 
parameters relating to 
the leaf litterfall cycle) 
 

model calibration to GEM plot measured leaf 
litterfall   

Root 
turnover 

driver (single fixed) model calibration using GEM root NPP assuming 
steady state conditions 
 

Wood 
turnover 

driver (single fixed) model calibration using GEM wood NPP 
assuming steady state conditions 
 

Foliar  
C stock 

driver (time-series fixed) product of LAI and LMA  
 
 

Wood  
C stock 

driver (initial) and 
output (varies 
thereafter) 

initial C stock estimate from GEM plot measured 
DBH values converted to C stock using allometric 
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equation (driver); thereafter calculated in SPA as 
Wood C stock + NPP – turnover (output) 
 

Root  
C stock 

driver (initial) and 
output (varies 
thereafter) 

initial C stock estimate from GEM plot measured 
root stock values or literature based estimate 
(driver); thereafter calculated in SPA as Root C 
stock + NPP – turnover (output) 
 
 

Leaf 
respiration  

output sum of leaf maintenance and growth 
respiration; maintenance respiration generated 
using measured leaf N content, foliar C stock 
and the Reich et al., (2008) leaf respiration 
model, validated against GEM estimates; growth 
respiration calculated in SPA as leaf NPP × 0.28 
 

Wood 
respiration 
 

output sum of wood maintenance and growth 
respiration; maintenance respiration calculated 
using an empirical model of measured wood C 
stock, calibrated against GEM estimates; growth 
respiration calculated in SPA as wood NPP × 
0.28 
 

Root 
respiration 
 

output sum of root maintenance and growth 
respiration; maintenance respiration calculated 
using an empirical model of measured root C 
stock, calibrated against GEM estimates; growth 
respiration calculated in SPA as root NPP × 0.28 
 

Respiration output sum of  SPA leaf, wood and root respiration 
 

GPP output generated through SPA process based modelling 
of photosynthesis using detailed parameters, 
evaluated against GEM data 
 

NPP output calculated in SPA as GPP minus autotrophic 
respiration, evaluated against GEM data  
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Table 3.2. Field estimated mean annual leaf area index (LAI) and community weighted mean 
leaf traits for Amazon permanent sample plots along a precipitation gradient. LAI estimates 
were derived from monthly hemispherical photographs. LAI and leaf trait estimates were used 
to constrain SPA model runs. Standard errors are presented in brackets.  

 
LAI 

(m2 m-2) 
LMA 

(g m-2) 
leaf N content 

(g m-2) 

CAX04 4.99 (± 1.07) 93 (± 17) 1.82 (± 0.43) 

CAX06 5.23 (± 0.92) 87 (± 54) 2.12 (± 0.7) 

TAM05 4.85 (± 0.81) 101 (± 24) 2.38 (± 0.56) 

TAM06 4.64 (± 0.77) 96 (± 21) 2.51 (± 0.64) 

KEN01 2.77 (± 0.17) 53 (± 13) 2.12 (± 0.25) 

KEN02 2.22 (± 0.14) 42 (± 13) 2.31 (± 0.31) 

TAN05 4.13 (± 1.01) 64 (± 13) 2.01 (± 0.52) 

TAN06 2.62 (± 1.05) 61 (± 10) 2.01 (± 0.52) 

 

3.3.2 Model Carbon Cycle Feedbacks  

In order to isolate the direct and indirect effects of climate on simulated photosynthesis (and 

avoid capturing feedback effects of changes in forest structure i.e. leaf and root carbon stocks, 

as a result of changing photosynthate quantities), model experiments were conducted in the 

absence of carbon cycle feedbacks. Within model experiments, carbon stocks for each 

component (leaves, wood, fine root, coarse root) were constrained to calibration estimates 

unless otherwise stated (i.e. during driver alternations). Carbon cycle feedbacks within SPA 

were enabled during model calibration and uncertainty calculation (see Chapter 2, Figure 2.2). 

3.3.3 Model Experiments  

Drivers of Spatial Variation in Photosynthesis  

SPA was used to apportion variation in photosynthesis across the precipitation gradient to that 

driven by physiological, and that driven by structural and trait responses to water availability. 

Through a series of model input alternations, we quantified the effects of physiological 

responses to water availability driven by (i) climate and (ii) soil properties, and structural and 

trait responses including (iii) LAI, (iv) photosynthetic capacity, (v) root biomass and (vi) rooting 

depth. Model inputs for each potential driver of variation in photosynthesis were alternated 

at each plot, to that of all other plots, and annual GPP values for each year retrieved. SPA 

simulated GPP values for each alternation (5 drivers × 8 plots × 7 alternations × 2 years, plus 

for climate, 1 driver× 8 plots × 3 alternations × 2 years) were combined with annual GPP 

estimates from calibration (control) runs (8 plots × 2 years). A factorial ANOVA was applied to 
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the difference between GPP from each model run and its control simulation (n=624)(Galbraith 

et al., 2010). The proportion of variation in GPP explained by climate, soil properties, LAI, 

photosynthetic capacity, root biomass and rooting depth, was then calculated as the 

conditional sum of square divided by the total sum of squares.  

Within-Forest Sensitivity to Drivers of Photosynthesis 

We investigated within-forest sensitivity of photosynthesis to differences in LAI, climate, 

photosynthetic capacity and rooting depth, within the bounds of observations across the 

precipitation gradient, using model outputs from the aforementioned driver alternations. 

Root biomass and soil properties were not included as previous analyses showed them to have 

little effect on variation in photosynthesis. The sensitivity of photosynthesis to drivers at each 

plot was calculated as the absolute range in simulated GPP values under named driver 

alternations. The mean sensitivity of plot GPP at each location was retrieved to assess how 

differences in sensitivity to LAI, climate, photosynthetic capacity and rooting depth vary across 

the precipitation gradient. Findings from the analysis also prompted us to calculate the ratio 

of LAI:MAP as an explanatory variable of GPP sensitivity.   

Drivers of Sub-Annual Variation in Photosynthesis 

We used the random forest technique to compute the relative importance of LAI, VPD, solar 

radiation, precipitation and air temperature driving variation in monthly GPP (n=192; 8 plots 

× 24 months), where GPP estimates were derived from SPA simulations. The random forest 

machine learning technique was applied by means of the Python Scikit-Learn module 

(Breiman, 2001; Pedregosa et al., 2011) to quantify the effects of LAI and climate variables on 

monthly GPP. The random forest approach uses a subset of the data (n) as a training set. 

Samples of the training set are taken at random, but with replacement, to build a prediction 

tree. Assuming the number of explanatory variables equals M, m is specified (where m<M) 

such that at each node m variables are selected at random from M. At the node the data is 

split or regressed by a function which minimising error across the two branches. Each tree is 

grown to the largest extent possible. New data is then predicted by averaging the predictions 

of n trees. The approach has an advantage over simple regression models as it allows for more 

complicated interactions across non-linear relationships. An importance value between 0 to 1 

was assigned to each explanatory variable (driver) based on a tree wise comparison of 

explanatory power (López-Blanco et al., 2017; Moore et al., 2018). We calculated the average 

relative importance of drivers at each plot, and investigated the seasonality of driver 



83 
 

importance. We further considered the potential impact of seasonal shifts in mean canopy 

leaf age. Mean canopy leaf age was calculated in SPA using the timings of leaf growth and 

litterfall to generate a dynamic leaf age estimate. However, changes in photosynthetic 

capacity were not linked with leaf age within SPA due to a lack of data available to constrain 

the model. 

 

3.4 Results 

3.4.1 Model Calibration and Validation  

Following model calibration to accurately simulate local soil moisture and leaf litterfall, SPA 

was successfully validated against field estimates of GPP, NPP and Respiration. Given the 

importance of water availability to the posed experiments, an accurate representation of local 

soil moisture was important. Calibrated SPA soil water content corresponded well to field 

measurements from the GEM network (Figure 3.2). Simulated mean annual soil moisture 

estimates were within standard error estimates for all plots, and seasonality was well captured 

(soil moisture range of GEM measurements and SPA simulations R2=0.44, p=0.10,        

RMSE=5.1 %; timing of soil moisture peak R2=0.97, p<0.001, RMSE=1.2 months). However, for 

some plots such as Kenia, the magnitude of seasonal peak soil water fluxes were not captured 

by SPA simulations, whilst for Tanguro, peak soil water lasted for longer periods in SPA 

simulations than was measured in the field. 
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Figure 3.2. SPA estimated soil volumetric water content at 30cm depth compared to GEM 
measured values for seven of the eight sample plots at four locations across the Amazon basin.  
Data presented is for the time period 2009-2010. Field data for CAX04 was limited to a shorter 
time period and for CAX06 was unavailable.  
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Figure 3.3. Field estimated monthly LAI, leaf litterfall (GEM), and standard error, compared 
with SPA simulated leaf litterfall for eight plots at four locations across the Amazon basin. SPA 
leaf litterfall was calibrated against GEM estimates to derive three fixed model drivers relating 
to the leaf cycle (leaf out timing, leaf out period and leaf lifespan). GEM leaf litterfall data was 
available for 2009-2010 for CAX04, CAX06, TAM05, TAM06 and for 2010 only for KEN01, 
KEN02, TAN05, TAN06. 

  

SPA leaf litterfall was successfully calibrated to each of the permanent sample plots across the 

precipitation gradient. The calibration of leaf fall cycle parameters in SPA using GEM leaf 

litterfall time-series (Table 3.3), resulted in the magnitude and timing of leaf litterfall being 

well captured by the model for all plots (monthly leaf litterfall range of GEM measurements 

and SPA simulations R2=0.53, p=0.007, RMSE= 10.9 gC m-2 yr-1; timing of leaf litterfall peak 

R2=0.97, p<0.001, RMSE=1.1 months) (Figure 3.3). SPA simulated annual leaf litterfall 

correlated significantly with GEM estimates (R2=0.99, p=<0.001, RMSE=9.6 gC m-2 yr-1). 
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Furthermore, calibrated leaf lifespan correlated significantly with mean annual precipitation 

(R2=0.59, p=0.03, coeff=0.9). A significant positive correlation existed between model 

calibrated leaf lifespan and field estimated LMA (R2=0.68 p=0.01). Field estimated LMA also 

correlated negatively with photosynthetic capacity estimates derived from measured leaf N 

content (R2=0.74 p=0.006).  

Table 3.3. SPA calibrated leaf litterfall parameters for plots across an Amazon precipitation 
gradient. Leaf fall day is the day of year leaf fall is initiated, leaf lifespan reflects potential 
lifespan of leaves and leaf fall period is the number of days over which leaf fall occurs. Leaf 
litterfall parameters were calibrated against GEM field estimates of leaf litterfall and timing.   

 
Leaf Fall Day 
(day of year) 

Leaf Lifespan 
(years) 

Leaf Fall Period 
(days) 

CAX04 210 3 150 
CAX06 190 1.45 100 
TAM05 220 1.3 130 
TAM06 230 1.42 100 
KEN01 200 1.05 100 
KEN02 180 1.01 100 
TAN05 180 1.04 120 
TAN06 120 1.005 160 

 

Estimates of carbon fluxes from SPA model runs were validated against biometrically derived 

estimates from the GEM network. SPA and GEM GPP estimates were significantly correlated 

(R2=0.48, p=0.05, RMSE=339.07 gC m-2 yr-1) (Figure 3.4a). Error bars overlap between 

estimates for all plots except KEN01 and TAM06, though marginally (KEN01 115 gC m-2 yr-1, 

TAM06 50 gC m-2 yr-1) (where GEM error bars are field estimate standard error, and SPA error 

bars represent simulated GPP variance under LAI standard error). The correlation between 

GPP and MAP was similar for SPA (R2=0.56, p=0.03, coeff=0.62) and GEM estimates (R2=0.57, 

p=0.03, coeff=0.60). SPA NPP estimates (the sum of model simulated root and wood NPP and 

data constrained leaf NPP) were also correlated with GEM estimates across plots, though not 

significantly due to differences for Kenia plots (R2=0.35, p= 0.12, RMSE=145.60 gC m-2 yr-1; on 

exclusion of Kenia plots R2=0.79, p= 0.02, RMSE=94.65 gC m-2 yr-1) (Figure 3.4b). Model 

estimates of mean annual autotrophic respiration (the summation of predicted leaf 

respiration and calibrated root and wood respiration) were significantly correlated with 

biometric estimates across plots (R2= 0.65, p= 0.02, RMSE =260.09 gC m-2 yr-1) (Figure 3.4c).  
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Figure 3.4. Carbon flux estimates (gC m-2 yr-1) of (a) GPP, (b) NPP and (c) autotrophic 
respiration, derived from process based modelling (SPA) and biometric methods (GEM) for 
eight permanent sample plots at four locations across the Amazon basin. Estimates are mean 
annual values representative of the years 2009-2010. GEM error bars represent standard error 
from field carbon flux measurements.  
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Leaf respiration simulated using leaf nitrogen content correlated with field estimates though 

not significantly (R2=0.46, p=0.07, RMSE=88.0 gC m-2 yr-1). Wood and fine root respiration 

coefficients simulated values correlated significantly with field estimates (fine roots R2=0.92, 

p<0.001, RMSE=69.4 gC m-2 yr-1; wood R2=0.79, p=0.03, RMSE=94.5 gC m-2 yr-1). SPA simulated 

fine root NPP correlated significantly with GEM estimates (R2=0.78, p=0.004,                    

RMSE=47.8 gC m-2 yr-1), simulated wood NPP also correlated though not significantly (R2=0.21, 

p=0.24, RMSE=23.8 gC m-2 yr-1) due to underestimation at KEN01 (on exclusion R2=0.77, 

p=0.01, RMSE=7.1 gC m-2 yr-1). Further comparisons of SPA and GEM estimates of component 

NPP and respiration are presented in Table 3.4. 

Table 3.4. Summary of the range in GEM biometrically derived estimates and the difference 
between GEM and SPA process-based modelling estimates of component autotrophic 
respiration and NPP across eight sample plots at four locations across the Amazon basin. 
Estimates are mean annual values from 2009-2010. The standard deviation of the difference 
across plots is shown in brackets.  

Component Range in Field 
Estimates 

(gC m-2 yr-1) 

Mean Difference between SPA 
and GEM site Estimates 

(gC m-2 yr-1) 

Respiration   
   Foliage  454-830 12.1  (±104.5) 
   Wood  411-1054 38.3 (±101.1) 
   Fine Root  232-1041 28.9 (±76.0) 
NPP   
   Foliage 150-491 -115.2 (±95.4) 
   Wood 189-292 23.7 (±43.0) 
   Fine Root  97-418 23.0 (±54.3) 

 

3.4.2 Model Experiments 

Drivers of Spatial Variation in Photosynthesis  

Biotic responses to water availability explained more variation in photosynthesis across the 

precipitation gradient than did physiology-climate interactions. LAI accounted for the largest 

proportion of variance in mean annual GPP across plots (35.7%), whilst 19.8% was explained 

by differences in photosynthetic capacity (Table 3.5). Photosynthetic capacity was highest at 

dry plots; this relationship reduced the increase in photosynthesis with precipitation. The 

direct effects of climate on stomata accounted for 11.5% of plot variation in mean annual GPP. 

Rooting depth did not vary directionally with precipitation and consequently only had a small 

determinate effect on GPP (5.8%). Soil properties and root biomass accounted for even less 

(<3%).  
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Table 3.5. The proportion of variation in GPP across eight GEM Amazonian permanent sample 
plots explained by photosynthetic drivers in SPA. Proportion of variance explained was 
calculated as conditional sum of squares divided by the total sum of squares (n=624; where 
the conditions were LAI, photosynthetic capacity, rooting depth, root biomass, climate and 
soil). Drivers accounting for less than 5% of variation are not presented.  

Driver Percentage of Variation 
Explained (%) 

LAI 35.7 
Photosynthetic capacity 19.8 
Climate/Stomata 11.5 
Rooting depth 5.8 

 

Within-Forest Sensitivity to Drivers of Photosynthesis 

The sensitivity of forest photosynthesis to differences in LAI was dependent on local water 

constraints and rooting depth. Plots located at Caxiuaña experienced the highest MAP and as 

such were not water limited. A lack of water constraint shifted resource limitation towards 

light acquisition, causing plot photosynthesis to be more sensitive to changes in LAI (Figure 

3.5) (Caxiuaña LAI sensitivity Δ 1616 gC m-2 yr-1, mean LAI sensitivity Δ 1216 gC m-2 yr-1). 

However, the increase in GPP sensitivity to LAI was non-linear across the precipitation 

gradient, and was marginally higher at Tanguro than at Kenia and Tambopata (Tanguro LAI 

sensitivity Δ 1147 gC m-2 yr-1, Kenia LAI sensitivity Δ 1039 gC m-2 yr-1 , Tambopata LAI sensitivity 

Δ 1064 gC m-2 yr-1). Comparatively higher rooting depths at Tanguro plots alleviated water 

constraints to photosynthesis driving elevated sensitivity to LAI change. The sensitivity of GPP 

to differences in photosynthetic capacity was also highest at Caxiuaña, again due to higher 

plant available water, but also due to the effect of higher LAI (Caxiuaña photosynthetic 

capacity sensitivity Δ 1130 gC m-2 yr-1, mean photosynthetic capacity sensitivity Δ 838 gC m-2 

yr-1). Reflecting LAI trends, sensitivity to differences in photosynthetic capacity was not linear 

across the precipitation gradient and varied little between Tambopata, Kenia and Tanguro 

plots (Tambopata photosynthetic capacity sensitivity Δ 763 gC m-2 yr-1, Kenia photosynthetic 

capacity sensitivity Δ 750 gC m-2 yr-1, Tanguro photosynthetic capacity sensitivity Δ 709 gC m-

2 yr-1). The sensitivity of GPP to differences in climate and rooting properties was governed by 

the balance between evaporative demand and supply. Tambopata plots and TAN05 were the 

most sensitive to differences in climate, though the response of Tanguro was dampened by 

averaging with TAN06 (Tambopata climate sensitivity Δ 1417 gC m-2 yr-1, TAN05  climate 

sensitivity Δ 1143 gC m-2 yr-1, mean climate sensitivity Δ  912 gC m-2 yr-1). 
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Figure 3.5. The sensitivity of location GPP to model driver alternations in SPA. Model drivers 
LAI, climate, photosynthetic capacity and rooting depth, derived from field observations, were 
alternated individually at each plot to that of all other plots, the resultant GPP retrieved, and 
location mean calculated. Boxes represent the total range of SPA simulated values under the 
named driver alternations, whilst the central bar represents the simulated value under 
observed conditions. Climate and LAI were input to the model as time-series, whilst 
photosynthetic capacity and rooting depth were fixed values. Plots are ordered to reflect 
mean annual precipitation which declined from Caxiuaña >Tambopata>Kenia>Tanguro.  

 

High LAI at Tambopata and TAN05 enabled elevated photosynthesis when water availability 

was sufficient, but shallower rooting constrained GPP at low rainfall. Photosynthesis at 

Caxiuaña plots was less sensitive to reduced precipitation (Caxiuaña climate sensitivity Δ 734 

gC m-2 yr-1) due to higher rooting depths, which alleviated water limitation. Low LAI at Kenia 
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and TAN06 reduced the sensitivity of GPP to climate (Kenia climate sensitivity Δ 677 gC m-2 yr-

1, TAN06 climate sensitivity Δ 494 gC m-2 yr-1). Similarly, the sensitivity of GPP to differences in 

rooting depth was also higher at Tambopata and TAN05 (Tambopata rooting depth sensitivity 

Δ 713 gC m-2 yr-1, TAN05 rooting depth sensitivity Δ 1028 gC m-2 yr-1), and lower at Caxiuaña, 

Kenia and TAN06 (Caxiuaña rooting depth sensitivity Δ 256 gC m-2 yr-1, Kenia rooting depth 

sensitivity Δ 179 gC m-2 yr-1, TAN06 rooting depth sensitivity Δ 716 gC m-2 yr-1,) (Figure 3.5), 

due to a high LAI:MAP ratio at Tambopata and TAN05 (Table 3.6), relatively lower LAI at Kenia 

and TAN06, and high MAP at Caxiuaña. We can therefore conclude that whilst photosynthesis 

is most sensitive to differences in light harvesting (LAI and photosynthetic capacity) for core 

forests, forests with a high evaporative demand relative to water supply (transitional forests) 

are most sensitive to differences in water availability and acquisition capabilities (climate and 

rooting depth). 

 

Table 3.6. The ratio of mean annual LAI (m2 m-2) to mean annual precipitation (m). LAI 
estimates are field measurements, whilst precipitation estimate are derived from local 
meteorological data, gap filled with ERA interim data (Dee et al., 2011), for eight permanent 
sample plots at four locations across the Amazon basin. 

 
LAI:MAP ratio 

CAX04 1.78 

CAX06 1.86 

TAM05 2.70 

TAM06 2.58 

KEN01 1.62 

KEN02 1.29 

TAN05 2.93 

TAN06 1.85 
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Figure 3.6. The relative importance of LAI, vapour pressure deficit (VPD) and solar radiation 
(solar rad) in driving SPA estimated monthly photosynthesis at permanent sample plots across 
an Amazon precipitation gradient. Relative importance was calculated using random forest 
machine learning. Shaded regions represent the dry season, where monthly precipitation was 
below 100mm. Plots are ordered to reflect mean annual precipitation which declined from 
Caxiuaña> Tambopata> Kenia> Tanguro. 

 

Drivers of Sub-Annual Variation in Photosynthesis 

In contrast to drivers of spatial variation in photosynthesis, on a sub-annual timescale LAI had 

less explanatory power than climate (Tables 3.5 and 3.7). The relative importance of solar 

radiation in driving monthly GPP increased significantly with precipitation (R2 = 0.64, p=0.017, 

coeff=0.24), whilst the relative importance of VPD and LAI declined (VPD R2= 0.32, p=0.14, 

coeff=-0.03; LAI R2=0.56, p=0.033, coeff=-0.19). Both precipitation and air temperature had 

little effect on monthly GPP and as such, seasonal changes in their relative importance were 

not investigated further. The relative importance of LAI, VPD and solar radiation shifted 

seasonally, reflecting changes in the availability of light and water. Solar radiation was typically 

the most important driver of monthly GPP during the wet season, whilst VPD was more 

important during the dry season (Figure 3.6). The relative importance of LAI forcings peaked 

before dry season onset for core forests (Caxiuaña and Tambopata), and during the dry season 
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for transitional forests (Kenia and Tanguro). A notable exception is TAN06, where LAI was most 

important during the wet season. The key difference between TAN06 and other permanent 

sample plots is its history of burning. LAI was also more important during the dry season at 

KEN02, which occupies shallow soil in comparison to KEN01.  Disturbance history and soil 

properties could therefore be linked to differences in the relative importance of sub-annual 

drivers of photosynthesis. Furthermore, these results did not take into account the effect of 

changes in photosynthetic capacity with leaf age. Leaf age typically co-varied with LAI, and for 

core forests was peaked during the wet season, whilst for transitional forests it was highest 

during dry season onset (Figure 3.7).  

 
Table 3.7. The relative importance of LAI, VPD, solar radiation, precipitation and air 
temperature (Tair) in driving monthly variation in GPP. Monthly GPP estimates are derived from 
calibrated SPA simulations for eight permanent sample plots across an Amazon mean annual 
precipitation gradient. LAI estimates are derived from monthly field measurements. Local 
meteorological data was gap filled with ERA interim values (Dee et al., 2011) for the years 
2009-2010 to obtain climate forcings. Relative importance values were derived from analyses 
using the random forest technique (n=192).  
 

Plot LAI VPD Solar 
Radiation 

Precipitation Tair 

CAX04 0.13 0.17 0.58 0.08 0.05 

CAX06 0.06 0.16 0.64 0.08 0.05 

TAM05 0.17 0.22 0.53 0.03 0.05 

TAM06 0.17 0.21 0.53 0.03 0.07 

KEN01 0.16 0.21 0.45 0.10 0.08 

KEN02 0.32 0.14 0.42 0.04 0.08 

TAN05 0.33 0.20 0.24 0.06 0.10 

TAN06 0.50 0.24 0.15 0.05 0.06 
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Figure 3.7. Intra-annual variation in SPA estimated leaf age for a typical core (CAX04) and 
transitional (KEN01) Amazon permanent sample plot, representative of the years 2009-2010. 
Arrows represent the dry season, where monthly precipitation was below 100mm. Leaf age 
estimates were derived from SPA simulated leaf NPP, field measurements of LAI, and leaf 
litterfall calibrations.  

 

3.5 Discussion 

Our aim was to better understand the coupling between photosynthesis and precipitation 

across Amazon forests. We (i) quantified the role of direct and indirect responses to water 

availability in driving photosynthesis trends across an Amazon precipitation gradient, (ii) 

investigated the relative sensitivity of forests to changes in climate, LAI, rooting depth and leaf 

traits and, (iii) explored the importance of phenology and climate forcings in driving sub-

annual photosynthesis. Leaf traits (both modelled and observed) co-varied along the 

precipitation gradient. We found that LAI was the principal driver of spatial variation in 

photosynthesis, followed by photosynthetic capacity. Forests occupying the highest rainfall 

zone were most sensitive to differences in LAI and photosynthetic capacity, whilst forests with 

a bigger evaporative demand (high LAI) relative to water supply were most sensitive to 

differences in climate and rooting depth. Solar radiation was a key driver of sub-annual 

variation in GPP, the relative effect of which increased with mean annual precipitation, 

coincident with declines in the relative importance of VPD and LAI.  
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3.5.1 Observed and Model Calibrated Leaf Trait Distributions  

Leaf trait parameters retrieved from SPA litterfall calibrations suggest a wide range of 

community weighted mean leaf lifespan across the precipitation gradient, and are in 

accordance with estimates for Amazon tree species, reported by Reich et al. (1991) of 

between two months and four years. Furthermore, calibrated leaf lifespan estimates 

correlated significantly with field LMA estimates, in line with leaf economic theory (Wright et 

al., 2004). The interaction between community weighted mean leaf traits reflects reported 

species specific interactions (Reich et al. (1991) species specific equation, log(specific leaf 

area) = 2.37 - 0.33 log(leaf lifespan), R2=0.78, p<0.001; SPA calibration derived community 

weighted mean leaf lifespan equation, log(specific leaf area) =-1.79 - 0.56 log(leaf lifespan), 

R2=0.41 p=0.085). The co-variation of leaf traits along the precipitation gradient shapes both 

the rate of carbon assimilation (photosynthetic capacity), and the carbon economics of canopy 

dynamics.   

3.5.2 Drivers of Spatial Variation in Photosynthesis  

Indirect responses to water availability (forest structure and traits) accounted for 62.1% of 

variation in photosynthesis across the precipitation gradient. The direct effect of physiology-

climate interactions accounted for only 11.5% of observed variance. LAI was the principal 

cause of spatial variation in photosynthesis, followed by photosynthetic capacity (LAI 

accounted for 35.7% of variation, photosynthetic capacity accounted for 19.8%). Root and soil 

properties had little explanatory power. Our approach utilised field measurements of LAI from 

hemispherical photographs to constrain model simulations. The accuracy and spatial validity 

of indirect estimates has been questioned at higher leaf areas (Bréda, 2003; Jonckheere et al., 

2004; Weiss et al., 2004). However, our highest estimates of LAI align with destructive 

sampling measurements from a terra-firme Amazon forest (Caxiuaña 5.11 ± 1.41 m2m-2, 

McWilliam et al. (1993) 5.7 ± 0.5 m2m-2). Furthermore, a comparison of LAI measurement 

approaches suggested that indirect methods were appropriate for broadleaved forests, and 

presented no statistical difference between destructive harvesting and indirect methods 

(Asner et al., 2003). 

Evidence of LAI as a structural response to precipitation has been presented across alternate 

ecosystems and across time (Dobbertin et al., 2010; Grier and Running, 1977; Iio et al., 2014; 

Schleppi et al., 2011; Wright et al., 2013). Amazonian throughfall exclusion experiments 

identified a decline in LAI with the onset of reduced soil water (Brando et al., 2008; Fisher et 
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al., 2007; Meir et al., 2008), with Meir et al. (2009) observing a 20-30% reduction compared 

to the control stands over a 4-year period. After 15 years, leaf litterfall remained consistently 

lower under throughfall exclusion (Rowland et al., 2018). Investigations show that declines in 

LAI are not caused by increased leaf turnover due to water stress, but instead are the result 

of lower leaf production, suggesting a forest driven response to water availability (Nepstad et 

al., 2002; Schuldt et al., 2011). Reported trends in canopy dynamics are therefore in 

accordance with our findings and indicate that LAI is a key pathway of plant response to 

precipitation regime. However, whilst other studies such as da Costa et al. (2018) have 

similarly pointed towards structural responses as the dominant control over photosynthesis, 

they identify changes in sapwood area as the principal driver, rather than LAI. We argue that 

whilst sapwood area may be more important in shaping the response to changes in 

precipitation, for forests at steady state emergent canopy properties (LAI) drive 

photosynthesis trends.  

Photosynthetic capacity also proved an important driver of spatial variation in photosynthesis 

across the precipitation gradient. Our results are consistent with a number of Amazon based 

studies linking leaf traits to productivity (Aragao et al., 2009; Castanho et al., 2013; Cleveland 

et al., 2011). We show that the directional variation of photosynthetic capacity actually lessens 

the interaction between photosynthesis and precipitation. However, as we have focused on 

the role of leaf traits in the absence of carbon cycle feedbacks, we do not take into account 

the effects of LMA and leaf lifespan, which together shape canopy carbon economics 

(McMurtrie and Dewar, 2011; Osnas et al., 2013; Wright et al., 2004). Furthermore, it is 

unclear whether the decrease in photosynthetic capacity with increasing water availability is 

in response to precipitation or to soil nutrient status (Maire et al., 2015; Malhi et al., 2015). 

As nutrient dynamics are not accounted for in SPA, we are unable to quantify the impact of 

soil nutrients on the photosynthesis-precipitation interaction, beyond its manifestation in leaf 

traits. Nevertheless, the interaction between photosynthetic capacity and LAI is important in 

driving photosynthesis across the precipitation gradient. Consistent with the results of Fyllas 

et al. (2017), our results also show that the effect of environmental forcings on carbon fluxes 

can be successfully captured through spatial variation in canopy dynamics and leaf traits. 

Root depth, root biomass and soil properties demonstrated little effect on spatial variation in 

photosynthesis. Whilst we recognise the difficulty of measuring root depth and biomass 

(Metcalfe et al., 2007) adds uncertainty to our results, the findings presented do not reflect 
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the importance of belowground functioning highlighted by other studies (Baker et al., 2008; 

Fisher et al., 2007; Ichii et al., 2007; Metcalfe et al., 2008; Phillips et al., 2009). Notably, a 

number of plots had hard pan layers (Quesada et al., 2012) and so may be acclimated to 

operate in shallow rooting zones, and are then not necessarily representative of other Amazon 

forests under the same precipitation regime. However, it is likely that given these drivers are 

largely associated with the acquisition of water, rather than carbon, if feedbacks were enabled 

within analyses, root and soil properties would prove to have a more determinant effect.  

3.5.3 Within-Forest Sensitivity to Drivers of Photosynthesis 

Water availability, demand and acquisition potential shaped the sensitivity of photosynthesis 

to differences in LAI, climate, photosynthetic capacity and rooting depth across the 

precipitation gradient. As the experiment was conducted in the absence of carbon cycle 

feedbacks, sensitivities reflect short rather than long term effects of changes in forcings. The 

sensitivity of photosynthesis to differences in LAI and photosynthetic capacity was greatest for 

forests occupying the highest precipitation zone. Our results are in line with findings from 

Wright et al. (2013), who reported that plots with higher available water were most sensitive 

to decreases in leaf area. Heightened sensitivity at the highest MAP plots was a result of those 

plots not being water limited, and so were able to maximise the potential of increased 

photosynthetic surface area and capacity. However, the effect was not linear across the 

precipitation gradient as responses were constrained by shallow rooting.  

Forests with a high LAI but relatively shallow rooting depth were most sensitive to differences 

in climate, whilst forests with a high LAI relative to MAP were most sensitive to differences in 

rooting depth. The effect was driven by a high evaporative demand coupled with relatively 

lower water uptake. Our results indicate that where rooting depth is relatively shallow, and 

unable to ameliorate the effects of water stress as seen elsewhere (Malhi et al., 2009; Nepstad 

et al., 2007), forests with a high LAI are likely to be more vulnerable to reduced precipitation, 

both due to constraints to photosynthesis and due to narrow hydraulic safety margins (Choat 

et al., 2012). Forests with a high evaporative demand relative to water uptake capacity should 

therefore be an important focus for studies assessing the sensitivity of Amazon forests to 

future shifts in rainfall across the basin (Asner and Alencar, 2010; Malhi et al., 2009).  
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3.5.4 Drivers of Sub-Annual Variation in Photosynthesis 

The effects of climate and LAI on monthly photosynthesis shifted across the precipitation 

gradient. Shortwave radiation was the dominant driver of sub-annual variation in GPP, and its 

relative effects increased with precipitation. The importance of LAI and VPD was highest for 

transitional forests. In accordance with our findings, a number of studies report that for 

Amazon forests subject to lower annual rainfall, GPP declines parallel to increased VPD, whilst 

in high rainfall zones GPP increases in line with solar radiation (Carswell et al., 2002; Goulden 

et al., 2004; Hutyra et al., 2007; Rowland et al., 2014; Saleska et al., 2003; Von Randow et al., 

2013). Our results suggest that LAI is not the principal driver of sub-annual variance in 

photosynthesis, in contrast to its role driving spatial variation across the precipitation gradient. 

Whilst the current literature largely agrees that leaf area alone does not drive seasonal GPP, 

we fail to account for the role of concurrent shifts in photosynthetic capacity, pointed towards 

by many studies as a key factor driving sub-annual photosynthesis (Bi et al., 2015; Brando et 

al., 2010; Restrepo-Coupe et al., 2013; Wu et al., 2016; Wu et al., 2017). The coordination of 

leaf flushing and new leaf emergence with environmental drivers such as solar radiation is 

thought to exceed the effects of LAI in non-water limited forests (Myneni et al., 2007). 

However, the effect of leaf age on photosynthetic capacity is not accounted for in SPA. We 

therefore do not capture the interaction between temporal changes in photosynthetic 

capacity and water availability in our analysis, nor do we account for resultant shifts in GPP. 

Simulated dynamics suggest that if leaf age effects were included, GPP seasonality would be 

amplified.  

3.5.5 Explaining Spatial Variation in Photosynthesis across the Amazon 

Basin  
Our results have demonstrated the role of LAI and leaf traits in shaping photosynthesis across 

an Amazon precipitation gradient, however, they cannot be extrapolated to explain basin-

wide variation in photosynthesis. Principal constraints to photosynthesis likely vary across 

lowland Amazon forests, spanning both climatic and edaphic controls (Malhi et al., 2015; Malhi 

and Wright, 2004; Quesada et al., 2009). Beer et al., (2010) report that for tropical forests, 

29% of variation in GPP was associated with precipitation, whilst 39% was associated with 

temperature. Other studies have presented nutrient availability as a key driver of Amazon 

forest photosynthesis. Mercado et al. (2011) found that leaf nutrient content, assumed to be 

linked to soil nutrient status, exerted a strong effect on productivity across the Amazon basin. 

Soil chemical and physical properties together with disturbance history co-vary across the 
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Amazon basin (Quesada et al., 2012), making it difficult to isolate discrete effects. In order to 

provide a full assessment of the principal drivers of basin-wide photosynthesis, a land surface 

model approach is required, as using only biometric and eddy flux data biases the result 

towards the key drivers of the individual plot, which are often strategically chosen locations 

across environmental gradients.   

3.5.6 Informing Projections of Future Carbon Dynamics  

The work presented has important implications for carbon cycling under future climates. Our 

findings suggest that LAI and photosynthetic capacity could play a key role in the response of 

Amazon forests to changes in precipitation. However, we note that the transitional forests 

used in this study are not predominant across the Amazon, limiting our ability to determine 

the principal cause of basin-wide variation in photosynthesis.  The importance of LAI in driving 

photosynthetic responses to precipitation, identifies a need for improved understanding of 

leaf dynamics. An increase in canopy mapping through satellite missions will therefore be 

instrumental to efforts aiming to constrain carbon flux estimates across the basin. FLEX, GEDI 

and Sentinel will offer opportunity for new insights into changes in leaves in-situ, vertical 

canopy structure, and temporal variability via repeat measurements (Drusch et al., 2017; 

Morton, 2016; Pettorelli et al., 2018).  We also found that forests with a high LAI to 

precipitation ratio were most sensitive to changes in climate. Studies investigating climate 

change resilience could usefully focus on these more vulnerable forests. Whilst we have 

highlighted principal covariates of photosynthetic seasonality, further work is needed to 

integrate leaf age effects in order to infer potential implications under future climate change 

scenarios. However, under projected strengthening of the dry season in some Amazon regions 

(Boisier et al., 2015), we might expect monthly GPP to become more sensitive to VPD and LAI.   

 

3.6 Conclusion 

Our results show that structural and trait responses to precipitation drive spatial variation in 

photosynthesis across an Amazon precipitation gradient. We found that LAI was the principal 

driver of spatial variance in GPP followed by photosynthetic capacity. Furthermore, the 

relative sensitivity of photosynthesis to changes in direct and indirect forcings shifted across 

the precipitation gradient and was dependent on water availability, demand and acquisition 

potential. This research improves our understanding of the role of physiological, structural and 
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trait responses to water availability in driving the coupling between photosynthesis and 

precipitation across Amazon forests. In light of projected changes in rainfall patterns as a result 

of anthropogenic climate change, our findings can help reduce uncertainty and inform model 

predictions of the future Amazon carbon balance. We identify a need for improved 

understanding of canopy dynamics and further research should build on the findings 

presented, with a focus on exploring carbon cycle feedbacks under LAI changes, and the role 

of traits in shaping leaf carbon economics.  
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4. Maximisation of Net Canopy 

Carbon Export Explains LAI across 

an Amazon Rainfall Gradient 

 

4.1 Abstract 

Canopy leaf area underpins ecosystem functioning, yet the mechanisms coupling LAI and 

climate remain unclear. For example, LAI increases with precipitation across Amazon forests. 

Here we ask why LAI increases with water availability, and how carbon cycle feedbacks and 

leaf traits shape the interaction? We calibrated and applied the Soil Plant Atmosphere model 

to plots with detailed measurements of carbon fluxes, leaf traits and LAI across an Amazon 

precipitation gradient, to determine nominal site C budgets. For each study site, we then 

compared the nominal carbon budgets to alternative, experimental budgets derived using LAI 

time-series of all other sites, keeping meteorology, soil, vegetation structure and leaf traits 

unchanged. We found that the increase in LAI with precipitation was best explained by 

maximisation of net canopy carbon export (NCE, photosynthesis minus the cost of leaf growth 

and maintenance). For core forests, increased foliar carbon costs were remunerative and 

simulated photosynthesis was maximised by high LAI. In contrast, higher LAI strategies were 

deleterious for transitional forests, as the carbon cost of leaf construction and maintenance 

was disproportional to photosynthesis achieved. Lower NCE resulted in a decrease in 

simulated NPP allocated to fine roots and wood, constraining water acquisition and 

consequently photosynthesis through carbon cycle feedbacks. Leaf traits also had a 

determinate effect on the interaction between LAI and NCE, shifting total NCE and the LAI at 

which NCE was maximised. Across the gradient, observed leaf trait strategies underwent a 

shift from fast to slow (where fast leaf traits are a cohort of high photosynthetic capacitance, 

high metabolic rate, high nitrogen content, low LMA and short lifespan and vice versa for slow 

leaf traits) as precipitation increased. Our modelling showed that for transitional forests, fast 

leaf traits allowed forests to maximise photosynthesis during the wet season, and minimise 

carbon losses during dry periods. Conversely, for core forests there was no significant 
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difference between modelled NCE under fast and slow leaf trait strategies. We demonstrate 

that spatial trends in LAI can be successfully predicted using an optimality approach on NCE, 

and highlight how leaf trait distributions fundamentally shape plant and canopy responses to 

climate.  

4.2 Introduction 

Leaf area index (LAI, the total leaf area per unit ground area) determines light interception 

and the surface area for potential photosynthesis, driving significant spatial and temporal 

variability in carbon assimilation (Caldararu et al., 2012; Muraoka et al., 2010; Street et al., 

2007; Xu and Baldocchi, 2004). Through its role in governing plant productivity, LAI has a major 

impact on nutrient cycling and trophic interactions (Pettorelli et al., 2011). Variation in LAI also 

has cascading consequences for water cycling and heat transfer, via the efflux of water vapour 

through stomates, and the absorption of solar radiation and emission of long wave radiation, 

which together promote climate feedbacks (Bonan, 2008; Granier et al., 2000; Kergoat et al., 

2002; Mu et al., 2007; Watson et al., 1999; Williams et al., 1998; Wilson and Baldocchi, 2000). 

Accordingly, LAI is a key property in the investigation of global biogeochemical cycles by both 

field and modelling studies (Baldocchi et al., 1996; Carswell et al., 2002; Sellers et al., 1997). 

Understanding variation in LAI across Amazonian forests, and how it might change in the 

future, is of critical importance. The Amazon basin is a key component of the global carbon 

cycle (Malhi et al., 2008; Pan et al., 2011), supports biodiversity en masse (Dirzo and Raven, 

2003; Mittermeier et al., 1998; Rull, 2011), and has a regulatory effect over its own climate 

system (Costa and Foley, 2000; Dickinson and Kennedy, 1992; Fu and Li, 2004; Shukla et al., 

1990). Previous work investigating photosynthetic drivers across lowland Amazonia, found 

that LAI varied directionally with mean annual precipitation (R2=0.42, p=0.08, RMSE=0.87, 

Figure 4.1), and accounted for 36% of variation in photosynthesis across the study sites 

(Chapter 3). Evidence linking precipitation regime and LAI (Grier and Running, 1977; Iio et al., 

2014; Schleppi et al., 2011; Wright et al., 2013) suggests this interaction transcends ecosystem 

type, and plays a pivotal role in shaping forests’ response to water availability. 

Temporal shifts in precipitation have been reported to induce LAI change. A decline in annual 

precipitation has already led to a reported reduction in vegetation greenness (associated with 

leaf area) across large parts of Amazonia (Hilker et al., 2014). Similar responses to drying have 

been reported in Hawaiian and Congolese tropical forests (Barbosa et al., 2017; Zhou et al., 
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2014), suggesting the interaction is pan-tropical. Across shorter time scales, Saatchi et al. 

(2013) documented a decline in canopy structure for western Amazon forests in response to 

the 2005 drought. Analogously, throughfall exclusion experiments report a drop in LAI under 

reduced water availability (Brando et al., 2008; Meir et al., 2015b), as a result of lower leaf 

production (Nepstad et al., 2002; Schuldt et al., 2011). Transitions in vegetation type are likely 

determined by the relationship between leaf area and precipitation, with declines below 

critical rainfall thresholds leading to increased mortality and replacement by new more 

drought-tolerant vegetation (Meir et al., 2015a). Despite evidence of spatial and temporal LAI 

responses to precipitation, the mechanism underlying the interaction remains unclear. 

 

 

Figure 4.1. Field estimated mean annual LAI relative to mean annual precipitation for Global 
Ecosystems Monitoring network permanent sample plots. Two 1ha permanent sample plots 
are situated at each of the four locations. Precipitation values are marginally offset around the 
true value to allow clarity around the distribution of error bars for plots at the same location. 
Values presented are averages from the years 2009-2010. Error bars represent standard error. 
(R2=0.42, p=0.08, RMSE=0.87).  
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Current theory suggests that LAI expression can be understood through plant economics 

(Franklin, 2007; McMurtrie et al., 2008), but direct application with appropriate data 

constraint is missing. Fundamental information on C uptake, allocation, metabolism and plant 

traits is lacking.  As a result, modelling the economics of tropical leaf area remains a key 

challenge (De Weirdt et al., 2012; Kim et al., 2012). Poorly represented canopy dynamics 

continue to cause disparity between simulated and measured carbon fluxes (Powell et al., 

2013; Restrepo‐Coupe et al., 2017; Verbeeck et al., 2011). Forest canopies are expected to 

adapt to local climatic conditions and maximise light capture, whilst avoiding severe soil water 

depletion in line with hydrological equilibrium theory (Kergoat, 1998). To support a canopy at 

a given LAI the carbon gain via photosynthesis must outweigh the cost of growth and 

maintenance respiration over the lifetime of the leaf (McMurtrie and Dewar, 2011). Simple 

leaf phenology models testing this hypothesis against remote sensing data have had success 

at a coarse scale (Caldararu et al., 2012; Caldararu et al., 2014; Caldararu et al., 2016). 

However, the interaction between LAI and water availability is likely dependent on a number 

of key factors not yet taken into account, such as carbon cycle feedbacks and the spatial 

distribution of co-varying leaf traits (McMurtrie and Dewar, 2011; Poorter and Bongers, 2006; 

Reich et al., 1999; Wright et al., 2004).    

C allocation feedbacks could drive optimisation of LAI across the precipitation gradient (Figure 

4.2). Net canopy carbon export (NCE), defined here as photosynthesis minus the costs of leaf 

growth and maintenance, determines the amount of photosynthates available for net primary 

production, and consequently shapes resource acquisition, future assimilation and NCE 

potential (Bloom et al., 1985; Lacointe, 2000). If changes in NPP allocated to the canopy are 

not remunerative, a decline in root and wood growth could be induced. A consequent 

reduction in wood biomass could limit competitiveness for light (Coomes et al., 2011). 

Reduced root biomass could restrict water acquisition (Jackson et al., 2000), constraining 

stomatal conductance and photosynthetic activity, further reinforcing feedbacks. McMurtrie 

and Dewar (2011) propose that NCE maximisation therefore governs canopy optimisation. Yet 

the relative effect of carbon cycle feedbacks on the LAI-precipitation interaction remains 

unclear, the quantification of which requires detailed model-data coupling.  

Leaf traits shape carbon economics through their effect on carbon assimilation rate and the 

carbon cost of leaf growth and maintenance. Across the Amazon basin, leaf mass per area 

(LMA) varies near nine fold, whilst leaf nitrogen content, associated with photosynthetic 
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capacity, varies near six fold (Fyllas et al., 2009). Leaf lifespan can range from less than two 

months to over four years (Reich et al., 1991). Evergreen species with longer-lived leaves 

typically dominate as precipitation increases (notwithstanding the effects of temperature 

seasonality), whilst more deciduous species with short-lived leaves prosper in drier forests. 

Concurrently, photosynthetic capacity, metabolic rate and leaf nitrogen content decline, and 

LMA increases, as precipitation increases across tropical forests (Atkin et al., 2015; Givnish, 

2002; Kikuzawa, 1991; Maire et al., 2015; Santiago and Mulkey, 2005). Greater deciduousness 

in dry forests is thought to allow the maximisation of photosynthesis during the wet season 

when water limitation is low (Santiago et al., 2004), whilst simultaneous higher leaf nitrogen 

content is thought to promote increased water use efficiency (Wright et al., 2001; Wright and 

Westoby, 2002). It is therefore critical to account for directional variation in leaf traits when 

investigating the interaction between LAI and precipitation across Amazon forests.   

To investigate carbon dynamics underpinning the LAI-precipitation interaction, we apply the 

soil plant atmosphere model (SPA) to analyse the C cycle and its optimisation for forest plots 

across an Amazonian rainfall gradient (1400-2800mm yr-1). Permanent sample plots used are 

part of the global ecosystems monitoring network (GEM) and provide unprecedented, 

detailed measurements of carbon fluxes, LAI, and leaf traits (Doughty et al., 2015; Malhi et al., 

2015). Previous work calibrating SPA to plots across the precipitation gradient, has shown that 

modelled carbon dynamics are consistent with field estimates (Chapter 3), and therefore 

provide a basis for model experimentation of C economics. 

 To develop our understanding of the mechanisms driving LAI trends we ask the following:  

1. Why does LAI spatially co-vary with precipitation across Amazon forests?  

 

2. Do carbon-cycle feedbacks have a determinate role in driving the LAI-precipitation 

interaction? 

 

3. How do leaf traits shape the interaction between LAI and precipitation? 

We hypothesise that the increase in LAI with precipitation across Amazon forests is explained 

by the maximisation of net canopy carbon export (NCE). As precipitation declines, investment 

of carbon into the canopy is less remunerative. Physiological constraints reduce 

photosynthetic returns, whilst leaf growth and respiratory costs are maintained, resulting in 

overall lower NCE. Leaf area is then regulated by carbon economics towards lower values, in 
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accordance with the local hydraulic environment, to maximise NCE, and thereby explaining 

observed spatial trends in LAI. 

We predict that carbon cycle feedbacks will have a determinate effect on the LAI-precipitation 

interaction. The allocation of photosynthates between above and belowground components 

determines the relative acquisition of water and light (we do not take nutrient cycling into 

account in this analysis). If photosynthates available for growth are reduced (due to lower 

NCE), root growth and consequently water acquisition is constrained.  Lower water acquisition 

further restricts stomatal conductance and photosynthesis, reinforcing lowered NCE through 

a positive feedback. We therefore hypothesise that a structural response pathway (Figure 4.2), 

strengthens the interaction between LAI, NCE and precipitation, via changes in root mass and 

water acquisition.  

We hypothesise that leaf traits will shape the LAI-precipitation interaction, via a determinate 

effect on the LAI at which NCE is maximised. Leaf traits regulate carbon assimilation rate via 

photosynthetic capacity, and the carbon costs of leaf construction and maintenance 

respiration, LMA and leaf lifespan, thereby fixing carbon economic thresholds. Across the 

precipitation gradient, leaf traits shift from a ‘fast’ trait cohort (high photosynthetic capacity, 

high respiration rate, low LMA and low leaf lifespan) to a ‘slow’ trait cohort (low 

photosynthetic capacity, low respiration rate, high LMA and high leaf lifespan) (Table 4.1). We 

expect that low LAI coupled with fast leaf traits typical of transitional forests, enables maximal 

assimilation during the shorter growing season, thereby increasing realised NCE.  For core 

forests, we predict that high LAI and typical slow leaf traits allow forests to maximise NCE 

throughout the year by minimising maintenance costs.  

The aim of this research is to improve understanding of the C economics of LAI-precipitation 

interactions. Projected changes in rainfall across the Amazon basin and a poor understanding 

of leaf area drivers, causes uncertainty in model estimates of the future carbon balance. Our 

goal is to reduce uncertainty by testing the value in applying optimal response analyses.  
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Table 4.1. Mean annual LAI (LAI strategy) and leaf traits (leaf N content, photosynthetic capacity and LMA) used to parameterise SPA (and their 
sources), and SPA calibrated leaf litterfall parameters (leaf fall day, leaf lifespan and leaf fall period) for Amazon permanent sample plots across a mean 
annual precipitation gradient. Leaf fall day is the day of year leaf fall is initiated, leaf lifespan reflects potential lifespan of leaves and leaf fall period is 
the number of days over which leaf fall occurs. Leaf litterfall parameters were calibrated against GEM field estimates.   

 
Mean 
annual LAI 
(m2 m-2) 

Leaf N 
content 
(g m-2) 

c  
(μmol C 
gN-1 s-1) 

J  
(μmol C 
gN-1 s-1) 

LMA 
(g m-2) 

Sources Leaf Fall Day 
(day of year) 

Leaf Lifespan 
(years) 

Leaf Fall 
Period 
(days) 

CAX04 4.99 1.82 15.4 27.7 93.0 Fyllas et al., 2009 210 3 150 

CAX06 5.23 2.12 13.2 23.8 87.4 Kattge, et al., 2011; Fyllas et al., 2009 190 1.45 100 

TAM05 4.86 2.42 28.9 49.9 101.0 Fyllas et al., 2009 220 1.3 130 

TAM06 4.64 2.38 29.0 50.3 96.0 Fyllas et al., 2009 230 1.42 100 

KEN01 2.77 2.12 29.3 51.6 52.5 Kattge, et al., 2011; Poorter & 
Bongos 2006 

200 1.05 100 

KEN02 2.21 2.31 28.9 50.3 41.8 Kattge, et al., 2011; Poorter & 
Bongos 2006 

180 1.01 100 

TAN05 4.13 2.01 30.0 53.1 64.4 Kattge, et al., 2011; P.Brando pcom 180 1.04 120 

TAN06 2.62 2.01 29.9 52.8 60.5 Kattge, et al., 2011; P.Brando pcom 120 1.005 160 
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4.3 Methods 

The Soil Plant Atmosphere model (SPA) was calibrated and validated using field data from 

eight permanent sample plots across the Amazon basin (located at Caxiuanã, Tambopata, 

Kenia and Tanguro), experiencing a gradient in mean annual precipitation of 1400 to 2800mm 

yr-1. We then undertook a series of model experiments to explore: (i) the interaction between 

LAI, precipitation and net canopy carbon export (NCE), (ii) the effect of carbon cycle feedbacks 

on the LAI-NCE interaction across the precipitation gradient, and (iii) the role of leaf traits in 

shaping LAI optimality and total NCE. Plot characteristics, the SPA model, and data used in 

model calibration and validation are described in detail in Chapter 2. Here, we give a brief 

review of model-data constraints, model calibration and validation (presented in full in 

Chapter 3), highlighting key information relevant to the posed experiments, before detailing 

model experiments conducted.  

4.3.1 Model-Data Constraints 

Field estimated monthly LAI time-series were used to constrain SPA simulated foliar carbon 

stocks. Following leaf litterfall at each timestep, leaf NPP was calculated as the difference 

between observed (LAI × leaf carbon mass per area) and SPA simulated foliar carbon stocks. 

NPP was allocated to leaves before wood, coarse roots and fine roots. If leaf NPP requirements 

exceeded total NPP (day-1), carbon from the non-structural carbon pool was redirected to 

foliar stocks. Constraining modelled LAI to field estimates allowed us to accurately quantify 

the effect of differences in leaf area on carbon dynamics through subsequent model 

experiments.  

4.3.2 Model Calibration and Validation 

We calibrated and validated SPA for each permanent sample plot using field data from the 

Global Ecosystems monitoring network. SPA was parameterised using local estimates of leaf 

traits, the fraction of NPP allocated to leaves, fine roots, coarse roots and wood, and their 

carbon stocks, soil properties, root properties, and wood and root respiration coefficients. The 

model was constrained by LAI time-series, and ran using local hourly meteorological data. Leaf 

traits used in the parameterisation of SPA include leaf nitrogen content, LMA and 

photosynthetic capacity (c, Vcmax normalised by leaf N, and J, Jmax normalised by leaf N) (Table 

4.1). Field estimates of leaf N content and LMA are presented in Fyllas et al. (2009), or where 

absent are derived from trait databases using plot species composition (Kattge et al., 2011; 
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Poorter and Bongers, 2006). Photosynthetic capacity estimates (c and J) were field 

measurements (Caxiuanã only) or derived from leaf N content (Walker et al., 2014). Monthly 

LAI estimates used to constrain SPA simulations were derived from hemispherical 

photographs.  

SPA simulated soil moisture, leaf litterfall, wood turnover and fine root turnover were 

calibrated against field estimates. The equation in SPA relating soil texture to water retention 

was calibrated to better represent tropical soils by adjusting the slope of the interaction 

(Saxton et al., 1986) (eqn. 10). Modelled leaf litterfall was calibrated against field estimates to 

retrieve parameters on leaf fall timing, duration and leaf lifespan (see Chapter 3, Table 3.4). 

SPA estimates of wood and fine root turnover rates were calibrated assuming steady state 

conditions (i.e. turnover rate was proportional to component NPP and carbon stock). 

Following model calibration, uncertainty estimates were calculated by simulating SPA at each 

plot under the upper and lower standard error of field LAI measurements. SPA calibrations 

were validated against field estimates of photosynthesis, respiration and NPP using linear 

regression models and comprehensive component specific comparisons.  

4.3.3 Model Experiments 

The Interaction between LAI, Precipitation and Net Canopy Carbon Export 

We explored the interaction between LAI and NCE across the precipitation gradient. For each 

forest plot, keeping meteorology, soil, vegetation structure and leaf traits at nominal values 

(Table 4.1), the carbon budget was quantified iteratively under the field measured LAI time-

series of all other plots (LAI strategy) (n=192; 8 plots × 8 LAI time-series, repeated for upper 

and lower standard error). We generated model simulations on an hourly timescale, allowing 

sufficient iterations for feedbacks on component carbon pools to stabilise (300 years). Model 

predictions of NCE as a function of LAI and precipitation were interpolated to generate a 

contour graph. At each plot, local LAI was then compared to that under maximum interpolated 

NCE. We further compare SPA simulated maximum predicted NCE (n=192), to model 

estimated NCE under local conditions, and field estimated NCE, calculated as the sum of fine 

root, coarse root and woody NPP and respiration (field estimated NCE error was the 

propagated standard error of components). Linear regression models were constructed, and 

the slope of the interactions assessed. Within analyses plot are characterised by their mean 

annual precipitation.    
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Figure 4.2. A schematic of the physiological and structural responses (grey dashed boxes) of 
forests to precipitation and the pathways through which responses impact GPP. An influence 
of one process, variable, stock or flux on another is shown by directional arrows. Two-way 
arrows represent a trade-off between the two variables. Boxes represent fluxes or processes 
(modelled), triangles are stocks (SPA state variables) and circles are leaf traits (SPA 
parameters). Grey boxes indicate fluxes that are not integral to the processes discussed. Bold 
text indicate that the value of the variable, stock or flux was known in this study, derived from 
biometric data. Blue shading shows the pathway of direct physiological impacts of 
meteorology on GPP, whilst green shading shows the principal pathway for plant structural 
impacts on GPP. Net primary productivity and fraction of NPP are separated by component; 
leaf (NPPleaf; fracleaf), wood (NPPwood; fracwood), course roots (NPPcourse root; fraccourse root) and fine 
roots (NPPfine root; fracfine root). Gross Primary Productivity (GPP), total Net Primary Productivity 
(NPP), Net Canopy carbon Export (NCE), Leaf Area Index (LAI), leaf growth respiration (Rg leaf), 
leaf maintenance respiration (Rm leaf), leaf turnover (turnoverleaf), Leaf Mass per unit Area 
(LMA) and leaf nitrogen content (leaf N) are denoted respectively.  

 

The Effect of Carbon Cycle Feedbacks on the LAI-NCE Interaction 

In order to separate the direct effects of LAI on NCE from feedback effects via structural 

pathways (Figure 4.2), the carbon budget was quantified iteratively under the field measured 

LAI time-series of all other plots in the absence of model carbon cycle feedbacks. Wood, coarse 

root and fine root carbon pools were held constant at nominal values, whilst foliar carbon 

stocks were constrained by LAI time-series alternations. We then compared the interaction 

between LAI and simulated NCE in the presence (Experiment 1) and absence of carbon cycle 
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feedbacks (n=384; 8 plots × 8 LAI time-series, repeated for upper and lower standard error in 

the presence and absence of model carbon cycle feedbacks). To understand the effect of 

carbon cycle feedbacks (i.e. changes in plant component biomass via an increase or decrease 

in C assimilated) on resource acquisition, and ultimately NCE, we also compared simulated leaf 

specific conductance (LSC, a measure of stem hydraulic capacity to supply leaves with water, 

it is the ratio of stem conductivity to leaf area) and root carbon stocks. We focused on a typical 

core and transitional forest, and compared the relative change in NCE, LSC and root carbon 

stocks in the presence and absence of carbon cycle feedbacks.  

The Role of Leaf Traits in Shaping LAI Optimality and Total NCE 

To explore the role of leaf traits in shaping the NCE-LAI interaction, we focus on a typical core 

forest with slow leaf traits (CAX04) and a transitional forest with fast leaf traits (KEN02). We 

define fast leaf traits as the coupling of high photosynthetic capacity, metabolic rate and leaf 

nitrogen with low LMA and a short leaf lifespan, with the opposite true for slow leaf traits 

(Table 4.1). We simulated carbon fluxes under fast and slow leaf traits for CAX04 and KEN02 

under the LAI strategy of all other plots (n=96, 2 plots x 2 leaf trait strategies x 8 LAI strategies, 

repeated for upper and lower standard error). We then compared the interaction between 

simulated NCE, GPP and LAI under the different leaf trait strategies. We also explore the effect 

of fast and slow leaf traits on sub-annual GPP and NCE, under local LAI.  

 

4.4 Results 

4.4.1 Model Calibration and Validation  

Here we highlight key model calibration and validation results relevant to the experiments 

presented (detailed in full in Chapter 3). Model performance gives confidence to further 

investigations, using SPA to explore carbon dynamics under non-observed LAI. Model 

calibration results demonstrate an accurate representation of soil water retention in relation 

to soil texture when compared to field measurements from the GEM network (see Chapter 3, 

Figure 3.2). SPA simulations captured soil water content seasonality and timing (soil moisture 

range of GEM measurements and SPA simulations R2=0.44, p=0.10, RMSE=5.1 %; timing of soil 

moisture peak R2=0.97, p<0.001, RMSE=1.2 months). Leaf litterfall in SPA was also successfully 

calibrated against GEM field estimates (Table 4.2; see Chapter 3, Figure 3.3). The magnitude 

and timing of leaf litterfall was captured by SPA for all plots (monthly leaf litterfall range of 
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GEM measurements and SPA simulations R2=0.53, p<0.01, RMSE= 10.9 gC m-2 yr-1; timing of 

leaf litterfall peak R2=0.97, p<0.001, RMSE=1.1 months). The parameters retrieved from leaf 

litterfall calibration correlated with field derived leaf trait estimates (Table 4.1). Calibrated leaf 

lifespan correlated significantly with mean annual precipitation (R2=0.59, p=0.03) and LMA 

(R2=0.68 p=0.01). Field estimates of LMA, and photosynthetic capacity estimates derived from 

measured leaf N content, were negatively correlated (R2=0.74 p<0.01). Model validation 

results show SPA simulated carbon fluxes corresponded well to biometric estimates measured 

by the GEM network (see Chapter 3, Figure 3.4). SPA and GEM GPP and autotrophic respiration 

estimates were significantly correlated (Table 4.2). NPP estimates were also correlated, and 

the interaction was significant on removal of Kenia plots (Table 4.2; on exclusion of Kenia plots 

R2=0.79, p= 0.02, RMSE=94.65).  

 

Table 4.2. Model calibration and validation performance for permanent sample plots across 
an Amazon precipitation gradient. SPA was calibrated against GEM estimates of leaf litterfall 
and soil moisture, and validated against estimates of NPP, GPP and autotrophic respiration. 
We compare modelled values to field estimates of carbon fluxes to derive the coefficient of 
determination, p value and root mean square error. 

 
R2 p RMSE 

Validation 
   

GPP (gC m-2 yr-1) 0.48 0.05 339.07 

Ra (gC m-2 yr-1) 0.65 0.02 260.09 

NPP (gC m-2 yr-1) 0.35 0.12 145.6     

Calibration  
   

Leaf Litterfall (gC m-2 yr-1) 0.99 <0.001 9.6 

Litterfall Range (gC m-2 yr-1) 0.53 <0.01 10.9 

Litterfall Peak Timing 
(months) 

0.97 <0.001 1.1 

Soil Moisture Range(%) 0.44 0.10 5.1 

Soil Moisture Peak Timing 
(months) 

0.97 <0.001 1.2 
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Figure 4.3. Contour plot of model simulated net canopy carbon export (NCE gC m-2 yr-1) across 
an Amazon mean annual precipitation gradient, under a range of simulated LAI strategies. NCE 
values are SPA estimates derived from LAI time-series alternated at each plot, whilst 
maintaining the observed meteorology, soil, vegetation structure and leaf traits. Contours 
represent interpolated NCE estimates (n=192). Points are the observed mean annual LAI of 
each plot, whilst error bars represent standard error. Estimates of LAI, precipitation and 
simulated NCE are mean annual values for 2009-2010. The corresponding precipitation value 
to LAI observations are marginally offset around the true value to allow clarity around the 
distribution of error bars for plots at the same location. The shaded area represents the 
smoothed interaction between observed precipitation and LAI values.  
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4.4.2 Model Experiments 

The Interaction between LAI, Precipitation and Net Canopy Carbon Export 

The observed spatial variation in LAI across the precipitation gradient was consistent with 

simulated maximisation of net canopy carbon export (NCE). The LAI that maximised NCE 

increased with precipitation (Figure 4.3), according to the modelling of climate-carbon 

interactions. Field LAI estimates corresponded well with that for predicted NCE maxima 

(R2=0.39, p=0.099, RMSE=0.88 m2m-2), but were typically 17.2% lower. For transitional forests, 

simulated NCE was reduced at high LAI. Underlying the decline in NCE was a disproportional 

increase in the carbon cost of leaf construction and maintenance relative to photosynthetic 

gains. For forests occupying high rainfall zones, sufficient water availability allowed simulated 

increases in LAI to be remunerative. Maximum predicted NCE was significantly correlated with 

SPA NCE estimates under local LAI, and GEM NCE estimates (Figure 4.4) (SPA R2= 0.87, 

p<0.001, RMSE= 150.6 gC m-2 yr-1; GEM R2=0.68, p=0.01, RMSE=279.5 gC m-2 yr-1). SPA NCE 

estimates under local LAI were 5.8% lower on average than maximum predicted NCE whilst 

GEM NCE estimates were 12.2% lower. SPA NCE estimates under local LAI were also correlated 

with GEM NCE estimates (R2=0.68 p=0.01,         RMSE=236.5 gC m-2 yr-1). GEM NCE estimates 

were typically 6.6% lower than SPA NCE estimates under local LAI. Our results show that whilst 

SPA captures variation in NCE across the precipitation gradient, and NCE maximisation 

explains LAI trends, a gap exists between observations and simulated canopy dynamics which 

maximise NCE.  

The Effect of Carbon Cycle Feedbacks on the LAI-NCE Interaction                                                         

Carbon cycle feedbacks had a limited effect on the LAI-precipitation interaction. By comparing 

the difference in SPA simulated NCE in the presence and absence of modelled carbon cycle 

feedbacks (Figure 4.5), we see for transitional forests, feedbacks promote a decline in NCE as 

LAI increases, but that for plots occupying high precipitation zones, feedbacks have little effect 

on NCE. For transitional forests, NCE was reduced at high LAI under carbon cycle feedbacks. 

The decline in NCE as LAI increased under carbon cycle feedbacks, caused a reduction in 

simulated total NPP and consequently reduced root biomass. Lower water uptake capacity 

resulted in reduced leaf specific conductance (LSC, LSC was 2% or 0.01mmol m-2 s-1 MPa lower 

under carbon cycle feedbacks), thereby constraining photosynthesis. Similarly, for core 

forests, LSC was reduced at low LAI when feedbacks were enabled (LSC was on average 3% or                                  
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0.019 mmol m-2 s-1 MPa lower under carbon cycle feedbacks), due to less root biomass 

supporting water acquisition. 

 

  

 

Figure 4.4. Comparison of SPA simulated NCE under local conditions, GEM field estimated NCE 
and maximum simulated NCE under LAI alternations for eight permanent sample plots across 
an Amazon precipitation gradient. Maximum NCE values are derived from interpolated SPA 
estimates whereby LAI time-series were alternated at each plot, whilst maintaining the 
observed meteorology, soil, vegetation structure and leaf traits. SPA error bars represent 
simulated NCE under field measured LAI standard error. GEM error bars represent propagated 
error for summed field estimates of fine root, coarse root and woody NPP and respiration. The 
dashed line is the 1:1 and the solid line is the linear regression between NCE estimates (a) R2= 
0.87, p<0.001, RMSE= 150.6, (b) R2=0.68, p=0.01, 279.5 and (c) R2=0.68 p=0.01, RMSE=236.5. 

a 

b 

c 
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Figure 4.5. Model simulated net canopy carbon export (NCE), leaf specific conductance (LSC), 
and root carbon stocks in the presence, and absence of carbon cycle feedbacks, for a typical 
core (CAX04) and transitional forest (TAN05), under a range of simulated LAI strategies. 
Dashed lines represent SPA estimates of NCE and LSC where carbon cycle feedbacks were 
enabled, whilst dotted lines represent estimates where feedbacks were absent. Solid lines 
represent root carbon stocks in the presence of carbon cycle feedbacks, as in their absence, 
stocks were held constant at observed levels. Carbon stock and carbon and water flux values 
are SPA estimates derived from LAI time-series alternated at each plot, whilst maintaining the 
observed meteorology, soil and vegetation structure and leaf traits (n=24 for each plot). The 
shaded area represents the standard error of local observed mean annual LAI. Data points are 
estimated NCE (summed fine root, coarse root and wood NPP and respiration) and root carbon 
stock derived from field measurements, together with error bars showing propagated NCE 
error and LAI standard error. Field estimates of root stocks at TAN05 were absent.   
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However, as water availability was sufficient at core forest plots so as not to limit 

photosynthesis, relatively lower LSC had little feedback effect on NCE and photosynthate 

allocation to roots (NCE was on average 1.9% or 35.9 gC m-2 yr-1 lower under carbon cycle 

feedbacks). Therefore, whilst carbon cycle feedbacks had an effect on the LAI-precipitation 

interaction (Figure 4.2), it was largely confined to transitional forests, where photosynthesis 

was most sensitive to changes in water acquisition.   

The Role of Leaf Traits in Shaping LAI Optimality and Total NCE                                                  

Leaf traits shape the interaction between LAI and NCE to determine optimal leaf area.  The LAI 

at which NCE was maximised and total NCE differed between leaf traits strategies for forests 

occupying both low and high rainfall zones (transitional forest Δ LAI at maximum NCE                         

3.04 m2 m-2, Δ maximum NCE 168 gC m-2 yr-1; core forest  Δ LAI at maximum NCE 0.92 m2 m-

2, Δ maximum NCE 155 gC m-2 yr-1), (Figure 4.6). For transitional forests, under local LAI, 

simulated NCE was higher under fast (nominal) leaf traits (high photosynthetic capacity, high 

leaf nitrogen, low LMA and low lifespan) than under slow leaf traits (NCE under fast (nominal) 

leaf traits 1647±41 gC m-2 mon-1; NCE under slow leaf traits 1239±57 gC m-2 mon-1). As LAI 

increased, simulated NCE under fast leaf traits declined, whilst NCE under slow leaf traits 

increased. For the core forests, there was no significant difference in predicted NCE under 

local LAI for slow and fast leaf traits (NCE under slow (nominal) leaf traits 2710±301 gC m-2 

mon-1; NCE under fast leaf traits 2846±73 gC m-2 mon-1). The difference in NCE under fast and 

slow leaf traits was greatest at low LAI, where fast traits maximised NCE, but declined with 

increasing LAI. Nominal fast leaf traits maximised predicted photosynthesis under local LAI 

during the wet season, compared to slow leaf traits (Figure 4.7). Whilst nominal slow leaf traits 

drive lower predicted photosynthesis throughout the year, reduced maintenance costs 

lessened the difference in NCE between trait strategies. Given the leaf trait distribution across 

the precipitation gradient, whereby fast leaf traits are typically associated with low rainfall, 

transitional forests and slow with high rainfall, core forests, we show that local leaf traits 

maximise NCE and shape LAI optimality.  
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Figure 4.6. Predicted NCE and GPP for a typical core (CAX04) and transitional (KEN02) Amazon 
forest, across a range of simulated LAI strategies under fast and slow leaf traits. Fast traits are 
observed values at transitional plots and slow at core plots. Fluxes are SPA derived estimates. 
LAI time-series were alternated at each plot, whilst maintaining the observed meteorology, 
soil and vegetation structure. Shaded areas represents field estimated LAI standard error. Data 
points are estimated GPP and NCE (summed fine root, coarse root and wood NPP and 
respiration), derived from field measurements together with error bars showing propagated 
flux error and LAI standard error.  
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 Figure 4.7. SPA simulated GPP (solid line) and NCE (dashed line) for a typical core (CAX04) and 

transitional (KEN02) Amazon forest, under fast (purple) and slow (blue) leaf trait strategies. 

Shaded areas between GPP and NCE lines represents the carbon costs of leaf growth and 

maintenance for the given trait strategy. Carbon fluxes are SPA estimates derived from leaf 

traits alternations maintaining local meteorology, soil, vegetation structure and LAI. The grey 

shaded area represents the dry season, where monthly rainfall was below 100mm. The fast 

trait strategy is the collective plot mean leaf traits from KEN02 and the slow trait strategy that 

of the CAX04.
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4.5 Discussion 

Our results show that maximisation of net canopy carbon export (NCE) explains LAI trends 

across an Amazon precipitation gradient. We further demonstrate the determinate effects of 

carbon cycle feedbacks and leaf traits on LAI optimality. Our findings were achieved by making 

comprehensive estimates of leaf carbon fluxes and water transport in direct response to 

climate drivers. Results were validated by comparing SPA estimates of NCE under local LAI to 

independent field estimates from the GEM network. This research offer new insights into how 

together, both leaf area and leaf traits shape forest photosynthetic responses to water 

availability. Consequently, leaf trait distributions may be more important than previously 

thought, in predicting the effect of shifts in precipitation patterns on the future Amazon 

carbon balance.  

4.5.1 Maximisation of NCE Drives LAI across the Precipitation Gradient  

We show that a canopy optimality approach can be used to successfully predict increases in 

LAI with precipitation across Amazon forests (field estimated LAI versus that at predicted NCE 

maxima R2=0.39, p=0.099, RMSE=0.88 m2m-2). Our findings corroborate with other studies 

which have applied optimal response models to simulate LAI, consistent with field 

observations (Franklin, 2007; Mäkelä et al., 2008; McMurtrie and Dewar, 2011; McMurtrie 

and Dewar, 2013). However previous work has largely focused on carbon-nitrogen economics, 

whilst water use has received less attention (McMurtrie et al., 2008). Furthermore, optimality 

approaches have typically been validated for mono-species stands or experimental plots 

within a single location. This study builds on previous efforts, and demonstrates that the 

mechanisms shaping LAI operate under similar principles for water use, and are consistent 

across large spatial gradients. Addressing the regulatory role of allometry in constraining leaf 

biomass (Niklas and Enquist, 2002), we highlight that the amplitude of seasonal swings in LAI 

suggest that branching would be sufficient to support higher mean annual leaf area (LAI at 

Kenia plots can exceed the annual mean by over 1.5 m2m-2). Furthermore, spatial covariance 

between LAI and water indices on a global scale (Iio et al., 2014), together with evidence of 

short and long-term changes in leaf area in response to water availability (Brando et al., 2008; 

Hilker et al., 2014; Meir et al., 2009), disproportionate to changes in woody biomass, suggest 

that LAI is shaped by carbon-water economics, and not allometric constraints alone (McCarthy 

and Enquist, 2007). We therefore propose that optimal response approaches offer a powerful 

tool to predict canopy leaf area, and reduce uncertainty around changes in modelled carbon 
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assimilation, under projected shifts in precipitation patterns across the Amazon basin (Meir et 

al., 2015a). However, we highlight that optimality approaches marginally overestimate 

predicted NCE (nominal model simulated NCE were 5.8% lower; field estimated NCE were 

12.2% lower), and it is unclear whether the disparity between optimal and nominal NCE is 

driven by uncertainty in field estimates or an alternative mechanism.  

4.5.2 Carbon Cycle Feedbacks Shape LAI at Low Precipitation  

Carbon cycle feedbacks had little effect when water availability was high, but had a 

determinate effect on NCE when water was limited (transitional forest NCE 9.2% or 111.4 gC 

m-2 yr-1 lower under carbon cycle feedbacks, core forest 1.9% or 35.9 gC m-2 yr-1 lower). For 

core forests, reduced NCE under high LAI caused a decline in fine root NPP. Lower 

belowground investment constrained LSC and consequently photosynthesis. A trade-off 

between plant organs to maximise modelled carbon gains under limited resources has 

similarly been reported elsewhere. Dewar et al. (2009) show that nitrogen availability shapes 

the trade-off between NPP allocated to roots and wood. Higher root NPP at lower available N 

allowed an increase in carbon assimilation. However feedback effects of the resultant increase 

in total NPP on future assimilation potential had not previously been quantified. Together with 

existing evidence around plant trade-offs (Franklin et al., 2012; Poorter and Nagel, 2000), our 

results highlight the importance of carbon cycle feedbacks when resources are limited, for 

efforts to model optimal leaf area as part of a dynamic system. However, it is important to 

note that our findings are based on the assumption that the non-structural carbohydrate 

(NSC) pool is in steady state. If our assumption was incorrect then we would be unable to 

make accurate inferences on carbon cycle feedback responses to LAI change (as the NSC pool 

could act as a C sink or source). To date few studies have quantified NSC dynamics in tropical 

forests (Metcalfe et al., 2010; Rowland et al., 2015; Würth et al., 2005). Here, we infer NSC 

use, constraining estimates using modelled carbon assimilation and field measurements of 

carbon expenditure through NPP and respiration. We recognise the limitations of our 

approach, but suggest that the consistency between modelled GPP and that derived from 

biometric estimates indicate that the assumptions made are appropriate. 

4.5.3 Leaf Traits Governs the Interaction between LAI and Precipitation  

Leaf traits had a large determinate effect on the LAI-NCE interaction, affecting total NCE and 

shifting the LAI at which NCE was maximised (transitional forest Δ LAI at maximum NCE 3.04 

m2 m-2, Δ maximum NCE 168 gC m-2 yr-1; core forest Δ LAI at maximum NCE 0.92 m2 m-2, Δ 
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maximum NCE 155 gC m-2 yr-1). Our findings are in accordance with reports from Caldararu et 

al. (2016), who suggest key leaf traits (light compensation point and leaf age) explain 70% of 

spatial variation in global LAI distributions. Our results further showed that for transitional 

forests, NCE under local LAI was maximised by fast leaf traits (high photosynthetic capacity, 

high respiration rate, low LMA and low leaf lifespan), whilst for core forests there was no 

significant difference between leaf trait strategies (Figure 4.6), reflecting in part observed 

spatial variance of traits across this and other precipitation gradients (Table 4.1) (Santiago et 

al., 2004; Wright et al., 2001). Mapping the form and thresholds of the interaction between 

leaf traits and canopy carbon export, allowed us to explain leaf responses to water availability 

through optimisation hypotheses, already demonstrated for carbon-nitrogen economies 

(McMurtrie and Dewar, 2011). The modelled response of GPP and NCE to leaf traits (Figure 

4.7) support cost-benefit theories, whereby short leaf lifespans in low MAP forests enable 

maximal assimilation during the wet season, whilst longer leaf lifespans minimise leaf carbon 

costs throughout the year in high MAP forests (Givnish, 2002; Iio et al., 2014; Kikuzawa, 1991). 

The directional covariation of LMA, leaf lifespan and photosynthetic capacity fundamentally 

shaped LAI trends across the precipitation gradient through their effect on photosynthesis, 

and the carbon cost of leaf growth and maintenance. However, variation in leaf traits across 

the Amazon basin are also strongly linked with soil fertility (Fyllas et al., 2009). Separating the 

effects of precipitation and soil fertility on leaf traits is difficult due to spatial covariation 

(Quesada et al., 2012). Nonetheless, we highlight the importance of concerted efforts to 

collate leaf trait data, such as that by the TRY trait database (Kattge et al., 2011) and remote 

sensing approaches (Asner et al., 2015), to the progress of optimal response model 

application.  

4.5.4 Modelling Approaches 

Current approaches to simulating LAI within terrestrial biosphere and ecosystem models do 

not typically employ optimality theory and instead have a strong empirical basis. Within the 

Joint UK Land Environment Simulator (JULES), LAI is calculated using phenological status and 

seasonal maximum LAI (Clark et al., 2011). LAI in the Ecosystem Demography model version 

2.1 (ED2) is similarly dependent on phenological status, as well as the allocation relationship 

between plant components (Medvigy et al., 2009), though does include a term allowing for 

leaf drop under limited soil moisture. The canopy integration scheme in the Community Land 

Model version 3.5 (CLM3.5) simulates carbon allocated to leaves based on relationships 
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between plant components, accounting for losses via litterfall to determine LAI (Oleson et al., 

2008; Thornton and Zimmermann, 2007). In the Organizing Carbon and Hydrology in Dynamic 

Ecosystems (ORCHIDEE) model, tropical broadleaf leaf flush is initiated a predefined number 

of days after moisture availability reaches its dry season minimum, whilst leaf senescence is 

dependent on temperature and water stress as well as leaf age (Krinner et al., 2005). The 

approaches used constrain canopy adaptation to changes in water availability within these 

models. In a model-data comparison of an Amazon throughfall exclusion experiment, Powell 

et al. (2013) reported that of the models tested (CLM3.5, the Integrated BIosphere Simulator 

version 2.6.4 (IBIS), ED2, JULES, the Simple Biosphere model version 3 (SiB3) and SPA), all failed 

to capture the initial increase in litter production and only some captured LAI changes. The 

integration of canopy optimality into ecosystem models could provide an opportunity for 

more accurate simulations of forest responses to precipitation regime, improving model 

abilities to predict the impact of climate change on future carbon dynamics. Yet, despite the 

benefits offered by optimal response approaches they have not been readily adopted into 

more complex vegetation models, and instead efforts have focused on predicting trends in 

traits and biomass rather than ecosystem functioning (Franklin et al., 2012; King, 1993). 

However, more recent results from carbon-nitrogen optimality models have proved promising 

(Thomas and Williams, 2014; Yang et al., 2009).   

4.5.5 Limitations  

We identify a number of limitations to our results including inferred fluxes, error in field 

estimates, model assumptions and nutrient dynamics. With respect to inferred fluxes, 

simulated NCE is compared against the summation of field estimated carbon export (wood 

and root NPP and respiration) and not leaf level measurements, causing some uncertainty in 

model validation. Modelled LSC could not be compared to field estimates, but we can infer 

that predicted values are appropriate based on model-data congruence for other water fluxes 

such as soil moisture (see Chapter 3). We also take into account the uncertainty around 

parameters used in model calibration, which is subsequently propagated through simulations. 

Whilst we account for LAI standard error in our results, we fail to consider the effects of 

measurement error which could shift reported LAI trends, especially at higher leaf area (Bréda, 

2003; Jonckheere et al., 2004; Weiss et al., 2004). However, our LAI estimates do align with 

destructive sampling measurements from similar Amazon forests (Caxiuanã 5.11±1.41 m2m-2, 

McWilliam et al. (1993), 5.7 ± 0.5 m2m-2). We find that across the precipitation gradient, 

photosynthetic capacity is lowest at Caxiuanã, but does not vary widely across other plots, 
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introducing some uncertainty into our inferences of how leaf traits shift with precipitation. 

Within model experiment photosynthetic capacity was important in driving differences in 

photosynthesis. However, other traits such as LMA and leaf lifespan, which are important in 

driving leaf growth costs, do vary directionally across the precipitation gradient.  Regarding 

model assumptions, in examining carbon allocation feedbacks we do not account for the 

effects of shifts in NPP allocated to wood. As SPA does not simulate competition between 

individual trees, we are unable to model the carbon economics of increased investment in 

woody biomass. Furthermore, it is notable that allocation patterns which maximise stand 

productivity do not necessarily coincide with those which maximise individual tree growth 

(King, 1990, 1993). Whilst our focus on water and carbon cycles was suitable for the posed 

experiment, we recognise the importance of accounting for nutrients within optimality 

modelling (Franklin, 2007; Franklin et al., 2012; Mäkelä et al., 2008; McMurtrie and Dewar, 

2011; McMurtrie and Dewar, 2013; McMurtrie et al., 2008) and aim to develop our approach 

to include nutrient dynamics in the future. We were unable to validate simulated sub-annual 

GPP against field estimates. However, aseasonal GPP dynamics at Caxiuanã are in accordance 

with previously measured stomatal conductance time-series (Fisher et al., 2007). 

 

4.6 Conclusion 

We present comprehensive predictions about carbon allocation dynamics and leaf 

conductance in response to climate, validated against field estimates where available. Our 

results show that optimisation explains both LAI and leaf trait distributions across an Amazon 

precipitation gradient. Our finding also suggest that leaf traits may be more important than 

previously thought in determining the response of forests to climate change. This research 

demonstrates the suitability of optimality models to predict ecosystem functioning in 

response to water limitation. In light of projected shifts in rainfall across the Amazon basin, 

the ability to simulate future carbon dynamics is of increasing importance. Optimal response 

models therefore offer a unique opportunity to reduce uncertainty around predicted Amazon 

phenology, and consequently photosynthesis. Given the role of leaf traits in shaping canopy 

dynamics, we further highlight the importance of mapping leaf trait distributions via databases 

(such as the TRY trait database) and new remote sensing approaches. Further work should 
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focus on the how the spatial distribution of traits interact with the allocation of NPP above 

and belowground to support optimal functioning.  
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5. Leaf Traits Drive Optimal 

Partitioning of NPP between 

Leaves and Roots across an 

Amazon Precipitation Gradient 

 

5.1 Abstract 

The allocation of net primary productivity (NPP) between leaves and roots is a major 

determinant of forest carbon dynamics. Optimal partitioning theory suggests that to maximise 

fitness, plants actively apportion NPP between leaves and roots to increase uptake of the most 

limiting resource. However, evidence from some tropical forests present a divergent trend: 

across an Amazon rainfall gradient, leaf:root NPP increased with forest dryness (R2=0.43, 

p=0.07). We ask whether (i) reported leaf:root NPP allocation can be explained by optimal 

partitioning; (ii) and if optimal, what drives the decline in leaf:root NPP with increasing 

precipitation; and finally (iii) do observed leaf and root trait distributions reflect optimal 

responses to water availability? The Soil Plant Atmosphere model, was calibrated to plots 

across an Amazon precipitation gradient (1400-2800mm yr-1), and validated against detailed 

measurements of carbon fluxes from the Global Ecosystems Monitoring network. Carbon 

dynamics were simulated at each plot across a range of leaf:root NPP fractions, and under 

different leaf and root trait strategies. Observed leaf:root NPP allocation was successfully 

predicted by optimisation approaches which maximised net canopy carbon export (NCE, 

R2=0.60, p=0.02). Shifts in predicted optimal leaf:root NPP (maximised NCE) across the 

precipitation gradient were supported by concurrent shifts in observed short to long leaf 

residence time and long to short root residence time with increasing precipitation. Leaf traits 

accounted for 48% of variation in predicted optimal leaf:root NPP, whilst root traits had a 

lesser but still significant effect (15%). Leaf and root trait distributions across the precipitation 

gradient maximised predicted NCE under observed leaf:root NPP allocation strategies. 

However, trait distributions could not be explained using optimality approaches when 
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leaf:root NPP allocation was not constrained to local estimates. Our findings demonstrate that 

both leaf:root NPP allocation and leaf traits can be successfully predicted using optimality 

approaches, and that the response to water availability is effected indirectly through 

covariation between precipitation, leaf and root traits.  

 

5.2 Introduction  

The conversion of photosynthates into leaf, root and woody biomass underpins ecosystem 

carbon dynamics. We expect resource availability to determine the partitioning of net primary 

productivity (NPP) between plant organs, for example between light harvesting or water 

harvesting tissues. Together with tissue residence time, NPP allocation shapes organ biomass 

distributions. However, for major biomes such as rainforests we remain unable to evaluate 

allocation patterns, because of very limited measurements on the response of NPP 

partitioning to resource availability in the field (Cleveland et al., 2015). Yet, understanding the 

effect of resource availability on NPP allocation is critical to understanding the impact of 

climate change on future carbon cycle dynamics. Tropical rainforests are an integral part of 

the global carbon cycle, accounting for around one-third of terrestrial NPP (Field et al., 1998). 

Across the Amazon basin, projected declines in dry season precipitation and increases in 

drought are expected to have a significant impact on rainforest carbon cycle dynamics (Malhi 

et al., 2008; Metcalfe et al., 2010). However, there is little agreement between biosphere 

models as to the impact of climate change on carbon cycling, a large part of which is due to 

uncertainty surrounding NPP allocation between plant organs (Ise et al., 2010; Negrón-Juárez 

et al., 2015; Purves and Pacala, 2008). A better understanding of NPP allocation would be 

invaluable to the development of mechanistic partitioning in process based models, and help 

reduce uncertainty around predicted carbon cycle dynamics under increased moisture stress 

(Medlyn et al., 2015).  

Theories proposed to explain the allocation of NPP between plant organs span structural, 

transport and optimality based approaches. Structural approaches suggest that NPP allocation 

is driven by ontogenetic drift or proportionality between biomass fractions (Coleman and 

McConnaughay, 1995; Müller et al., 2000; Niklas and Enquist, 2002; Reich, 2002). Conversely, 

Lacointe (2000) outlines a transport-based approach, modelling the movement of assimilates 

from source to sink dependent on the respective distance and the uptake ability of the sink. 



153 
 

The optimal partitioning approach reflects plant goals to maximise fitness, and suggests plants 

allocate growth to the organ that acquires the most limiting resource (Bloom et al., 1985; 

Charles-Edwards, 1976; Hilbert and Reynolds, 1991; Johnson and Thornley, 1987; Luo et al., 

1994; McMurtrie and Dewar, 2013; Reynolds and Thornley, 1982; Thornley, 1972; Thornley, 

1995). Plant fitness is defined as the capacity to grow, reproduce and survive (Geber and 

Griffen, 2003; Violle et al., 2007). The maximisation of plant fitness is captured using proxies 

such as total photosynthesis, NPP, and net canopy carbon export (NCE, photosynthesis minus 

the cost of leaf growth and maintenance). A key advantage of the approach is that it allows 

models to respond to differences in resource availability, furthermore, it can be easily 

integrated into current process based models, with low computational cost. 

Despite widespread recognition of optimal partitioning approaches, they remain relatively 

underused (Dewar et al., 2009), with models typically employing allometry or fixed NPP 

allocation fractions between leaves, roots and woody biomass (JULES, Clark et al. (2011); ED2, 

Medvigy et al. (2009); SPA, Williams et al. (2005)). A lack of plasticity in this regard constrains 

the ability of models to actively respond to changes in resources through NPP allocation. 

However, before optimal partitioning can be successfully integrated into current models, a 

number of issues must be resolved including: (i) fitness proxy choice, (ii) resource availability, 

particularly projecting into the future, and (iii) limited validation. Optimal partitioning models 

typically aim to maximise a fitness proxy such as total photosynthesis, net primary production, 

wood growth or net canopy carbon export (Franklin et al., 2009; McMurtrie and Dewar, 2011; 

McMurtrie et al., 2008), but it is unclear which of these is most consistent both in theory and 

in practice (Dewar et al., 2009), and whether they capture all aspects of plant fitness. A 

comprehensive comparison of fitness proxy performance is therefore needed within and 

across model frameworks. Uncertainty around future resource availability also remains a key 

issue (Reich, 2002). Optimal partitioning models rely on either the current or past availability 

of resources to inform predictions of NPP allocation. Drought events therefore pose a major 

challenge in understanding the timescales over which optimal partitioning approaches should 

operate (Meir et al., 2018; Meir et al., 2015). More widely, the validation of optimal 

partitioning models against field data has largely focused on mid to high latitude forests 

(Franklin et al., 2009; Mäkelä et al., 2008; McMurtrie and Dewar, 2011, 2013), whilst tropical 

forests have received less attention (Meir et al., 2015). Validating optimal partitioning against 

field data from tropical forests across large resource availability gradients could therefore be 

instrumental in testing the universality of the approach.  



154 
 

 

Figure 5.1. NPP fraction allocated to leaves versus that allocated to leaves and roots derived 
from field measurements of GEM Amazon permanent sample plots. Error bars represent field 
measurement propagated standard error. Precipitation estimates are marginally offset to 
allow clarity around the distribution of error bars for plots at the same location.  

 

Field estimates of NPP allocation present contrasting evidence for optimal partitioning in 

response to resource availability. Hertel et al. (2013) found that in temperate forests, both 

root production and the ratio of above to belowground allocation increased as precipitation 

declined. In tropical systems, Jiménez et al. (2009) reported higher belowground allocation on 

nutrient poor soils. However, the response to water availability did not parallel the response 

to nutrients, and a substantial decline in fine root production was recorded during the 2005 

Amazon drought. Conversely, a water and nutrient manipulation experiment in Amazon 

regrowth forest found that whilst declines in soil moisture led to an increase in root growth, 

the effects of reduced nutrient availability were limited (Lima et al., 2010). Similarly, Aragão 

R2=0.43 p=0.07 

coeff=-0.00022 
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et al., (2009) found that belowground allocation increased with sand content and by proxy 

plant available water. Some studies report no directional variation between NPP allocation 

patterns and water or nutrient availability (Malhi et al., 2011), whilst others report trends 

opposing the expected response. Doughty et al. (2015) recorded a shift in NPP allocation away 

from roots in favour of the canopy following the 2010 Amazon drought. The disparity between 

findings suggests that NPP allocation between plant organs is not determined solely by 

maximisation of the most limiting resource. Emerging evidence suggests that tissue residence 

time could play a key role. Aragão et al. (2009) found that higher root biomass in nutrient poor 

forests was coincident with a simultaneous increase in root residence time, offsetting lower 

belowground allocation. Moore et al. (2017) suggest that residence time was the principal 

driver of spatial variation in leaf, root and wood biomass for forests in West Africa. Leaf and 

root traits such as residence time could therefore interact with NPP allocation to support 

optimal biomass ratios.  

Table 5.1. The coefficient of determination, whether the correlation was positive or negative 
(denoted in brackets), and root mean square error (RMSE) for the interaction between field 
derived estimates of leaf, fine root and aboveground wood NPP, carbon stock and residence 
time at 8 plots with local mean annual precipitation (correct for 2009-2010). Values in bold 
indicate a significant interaction (p<0.05).  

 
Leaf Root Stem 

 R2  RMSE R2  RMSE R2  RMSE 

NPP (gC m-2 yr-1) 0.34 (-) 92.8 0.49 (+) 72.8 0.10 (-) 25.2 

Stock (gC m-2) 0.29 (+) 62.9 0.63* (-) 104.4 0.81 (+) 2429 

Residence time 
(years) 

0.60 (+) 0.27 0.46 (-) 1.40 0.75 (+) 15.2 

*excludes Tanguro plots due to root stocks being estimated at these plots  

Field studies alone cannot yet quantify the effects of NPP allocation strategies and leaf and 

root residence time on plant performance, and process based models are needed to identify 

if local dynamics are optimal (i.e. maximise a fitness proxy). The Soil-Plant-Atmosphere model 

(SPA), offers the opportunity to investigate plant economies, using a mass balance approach 

to link leaf and root traits to ecosystem processes. Furthermore, model approaches allow the 

calculation of fitness proxies such as NCE, which are not measured directly, but are consistent 

with field estimates of component C fluxes (NCE field estimates are calculated as the sum of 

wood, coarse root and fine root NPP and respiration). Across an Amazon mean annual 

precipitation gradient (1400-2800mm yr-1) field estimates show that fine root NPP decreased 

significantly with increased moisture stress, whilst leaf NPP increased, though not significantly 
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(Table 5.1; Figure 5.1; NPPleaf ~ NPPleaf+root R2=0.43, p=0.07). Leaf biomass increased and fine 

root biomass decreased with precipitation. Leaf residence time increased significantly with 

precipitation, whilst root residence time decreased. High leaf or root biomass concurrent with 

low NPP allocation may therefore be supported by longer residence times and vice versa. 

Biomass ratios did not appear to be driven by allometry. Whilst leaf biomass was proportional 

to aboveground woody biomass (log(leaf)~ stem, R2=0.58, p=0.02, coef=8.1e-5), aboveground 

woody biomass was inversely proportional to fine root biomass (log(root)~wood, R2=0.59, 

p=0.07, coef=-4.2e-5). Forests across the precipitation gradient are mature, suggesting 

ontogeny does not drive NPP allocation patterns. We investigate whether optimal partitioning 

can explain the shift in leaf:root NPP across the precipitation gradient. We use SPA to ask three 

novel science questions: 

1. Is observed leaf:root NPP allocation economically optimal across Amazon forests (i.e. does 

it maximise plant fitness), and what is the best fitness proxy? 

2. What drives the observed decline in optimal leaf:root NPP with increasing precipitation? 

3. Do leaf and root trait distributions across the precipitation gradient maximise plant fitness 

(with respect to a fitness proxy)? 

For question one, we hypothesise that leaf:root NPP allocation across the precipitation 

gradient is optimal. We expect field estimates of leaf:root NPP allocation to maximises plant 

fitness under model simulations.  We compare total photosynthesis, NPP and NCE as fitness 

proxies, and predict that NCE will perform best, as it accounts for carbon investment costs and 

marginal returns (McMurtrie and Dewar, 2011).  

For question two, we hypothesise that leaf and root traits drive the decline in optimal leaf:root 

NPP with increasing precipitation. The term traits here refers to the following model 

parameters: photosynthetic capacity, leaf mass per area (LMA), metabolic rate and residence 

time. We expect the direct effects of climate on optimal leaf:root NPP to be minimal, and 

instead the response of NPP allocation to precipitation is predicted to be driven indirectly 

through the covariation of precipitation with leaf and root traits. We predict that long leaf 

residence times explain low leaf:root NPP allocation, and vice versa, with the opposite being 

true for roots. Long leaf residence times are linked to a cohort of slow leaf traits with low 

photosynthetic capacitance, low metabolic rate, low nitrogen content, and high LMA, whilst 

long root residence times are linked to slow root traits with a low metabolic rate, and vice 

versa for fast traits.  Optimal leaf:root NPP allocation (maximises plant fitness) is thus 
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predicted to decline as leaf traits shift from fast to slow, and root traits shift from slow to fast, 

with increasing precipitation. Alternatively, leaf:root NPP allocation may be optimal 

independent of traits, and instead driven by climate, and the diminishing returns of increased 

investment in the acquisition of a finite resource. 

For question three, we hypothesise that fast leaf traits and slow root traits will maximise plant 

fitness in low rainfall zones, whilst slow leaf traits and fast root traits will maximise fitness in 

high rainfall zones, reflecting observed trait distributions along the precipitation gradient. We 

predict that slow leaf traits promote continued uptake of light for core forests, whilst fast leaf 

traits exploit abundant light for transitional forests, during periods when water limitation is 

minimal. Slow root traits are expected to support continued uptake of water for transitional 

forests, whilst fast root traits are predicted to increase water uptake when light limitation in 

minimal.  

As far as we are aware this is the first research to validate optimal partitioning theory against 

detailed measurements of C dynamics from tropical rainforest sites. We compare the relative 

performance of different fitness proxies in predicting observed leaf:root NPP partitioning. We 

then use the best performing fitness proxy to quantify the drivers of optimal leaf:root NPP 

across a precipitation gradient, and test the optimality of observed leaf and root trait 

distributions. We suggest that the use of a simple proxy to predict leaf:root NPP allocation is 

a powerful tool for process based models to estimate NPP allocation ratios. Furthermore, by 

explaining trends in leaf:root NPP and leaf and root traits in response to water availability, we 

offer new insights into the direct and indirect role of climate in shaping forest productivity. 

 

5.3 Methods 

We calibrated and validated the ecosystem model SPA to eight permanent sample plots 

(located at Caxiuanã, Tambopata, Kenia and Tanguro) across an Amazon mean annual 

precipitation gradient (1400-2800mm yr-1) with detailed time-series measurements of C fluxes 

(Doughty et al., 2015; Malhi et al., 2015). We then undertook a series of model experiments 

to: (i) determine if observed leaf:root NPP allocation was optimal; (ii) quantify the drivers of 

optimal leaf:root NPP and precipitation covariance; and (iii) explore the optimality of leaf and 

root trait distributions across the precipitation gradient. A description of site characteristics, 

the SPA model, and data used in model calibration and validation are given in Chapter 2. Here 
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we detail model structural changes (canopy dynamics), model calibration, (reviewing soil 

moisture, and wood and root turnover calibration presented in full in Chapter 3), model 

validation and the model experiments conducted.  

5.3.1 Model Canopy Dynamics 

The model experiments posed necessitated structural changes to the representation of 

canopy dynamics in SPA. Phenology was not constrained by field estimated LAI (as in previous 

chapters), and was instead a function of leaf growth and litterfall parameters.  For each 

timestep, the fraction of total NPP allocated to leaves was partitioned between foliar C stocks 

(direct), and the labile C pool, to be later redirected (indirect) (see Chapter 2, Figure 2.2). Leaf 

NPP for each timestep was then the sum of NPP allocated to leaves directly, and that 

redirected from the labile C pool. The labile C pool supported leaf NPP only. Therefore, over 

annual timescales total leaf NPP equated to NPP allocated to foliar C stocks directly, summed 

with that allocated to the labile C pool.  The redirection of labile C to foliar C stocks was 

modelled as a function of the size of the labile C pool, the day of leaf out and leaf growth 

period. Leaf litterfall was modelled as a constant turnover rate. 

5.3.2 Model Calibration and Validation 

SPA was calibrated and validated for each plot prior to conducting model experiments. SPA 

was parameterised using field estimates of soil texture, initial soil C stock, leaf N content, LMA, 

photosynthetic capacity, the fraction of NPP allocated to leaves, fine roots and wood, root 

depth, root distribution, initial foliar, wood and fine root C stocks, and wood and root 

respiration coefficients, then driven using local hourly meteorological data. SPA was calibrated 

for each plot against field estimates of soil moisture (detailed in full in Chapter 3), LAI, leaf 

litterfall, wood turnover, root turnover and leaf traits for one year (2009). Initial investigations 

comparing modelled soil moisture to monthly field estimates highlighted an overestimation 

by SPA. The empirical model used in SPA to relate soil texture to water retention (Saxton et 

al., 1986)(eqn.10) was then calibrated by adjusting the slope of the interaction to better 

represent soil moisture across tropical soils. Leaf growth parameters (day of leaf out and leaf 

growth period) were calibrated to reflect local LAI seasonality. Leaf turnover rate was 

calibrated against field estimates of leaf litterfall: 

𝑙𝑒𝑎𝑓 𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑟𝑎𝑡𝑒 ∝
𝑙𝑒𝑎𝑓 𝑙𝑖𝑡𝑡𝑒𝑟𝑓𝑎𝑙𝑙

𝑓𝑜𝑙𝑖𝑎𝑟 𝐶 𝑠𝑡𝑜𝑐𝑘
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Table 5.2. Leaf trait field estimates, associated standard error of leaf N content and LMA 

estimates, and 95% confidence interval of c and j estimates, together with adjusted SPA 
model input for Amazon permanent sample plots. SPA inputs were adjusted within the 
standard error or 95% confidence interval of field-derived estimates to more accurately 
represent measured fluxes.  

  
Field  

Estimate 
Standard Error/  
95% Confidence 

Interval 

SPA 
Input 

CAX04 leaf N content (g m-2) 1.82 0.43 2.08  
c (μmol C gN-1 s-1) 32 14-74 16  
j (μmol C gN-1 s-1) 57 28-115 31  
LMA (g m-2) 93 17 93      

CAX06 leaf N content (g m-2) 2.12 0.70 1.916  
c (μmol C gN-1 s-1) 30 13-69 14  
j (μmol C gN-1 s-1) 53 26-107 27  
LMA (g m-2) 87 54 87      

TAM05 leaf N content (g m-2) 2.38 0.56 2.79  
c (μmol C gN-1 s-1) 29 13-67 19  
j (μmol C gN-1 s-1) 50 25-102 34  
LMA (g m-2) 101 24 101      

TAM06 leaf N content (g m-2) 2.51 0.64 2.26  
c (μmol C gN-1 s-1) 28 12-66 15  
j (μmol C gN-1 s-1) 49 24-99 28  
LMA (g m-2) 96 21 96      

KEN01 leaf N content (g m-2) 2.12 0.25 2.37  
c (μmol C gN-1 s-1) 29 13-67 67  
j (μmol C gN-1 s-1) 52 26-104 103  
LMA (g m-2) 53 13 53      

KEN02 leaf N content (g m-2) 2.31 0.31 2.43  
c (μmol C gN-1 s-1) 29 13-67 53  
j (μmol C gN-1 s-1) 50 25-102 84  
LMA (g m-2) 42 13 42      

TAN05 leaf N content (g m-2) 2.01 0.52 2.53  
c (μmol C gN-1 s-1) 30 13-69 26  
j (μmol C gN-1 s-1) 53 26-107 46  
LMA (g m-2) 64 13 64      

TAN06 leaf N content (g m-2) 2.01 0.52 2.53  
c (μmol C gN-1 s-1) 30 13-68 35  
j (μmol C gN-1 s-1) 53 26-106 57  
LMA (g m-2) 61 10 61 
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Wood and fine root turnover were calibrated using field estimates of component NPP and C 

stock, assuming ecosystems are at steady state: 

𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 𝑟𝑎𝑡𝑒 ∝
𝑁𝑃𝑃

 𝐶 𝑠𝑡𝑜𝑐𝑘
 

With respect to leaf traits, we explored the standard error of field estimated leaf nitrogen 

content, and propagated model error (95% confidence interval) of c and j estimates (Vcmax 

and Jmax normalised by nitrogen content), to calibrate SPA GPP to within the propagated 

sample error of field estimated GPP (Table 5.2).  Whilst we recognise that the confidence 

intervals around photosynthetic capacity estimates are large, the calibration of leaf traits 

allowed us to better capture observed shifts in NPP allocation across the precipitation 

gradient.  Field measurements of photosynthetic capacitance were available for CAX04 only, 

and to maintain consistency across plots, only estimates derived from leaf N content were 

used. SPA was validated against field estimates of LAI, NPP and respiration for a second year 

(2010). We constructed linear regression models to compare modelled and field estimated 

GPP, autotrophic respiration and total NPP in the calibration (2009) and validation (2010) year. 

A comprehensive comparison of model and field estimates of component NPP, respiration, C 

stocks and residence times was also made. We investigated the interaction between 

precipitation, carbon stocks, fluxes and traits to address the science questions. 

5.3.3 Model Experiments 

Optimal Leaf:Root NPP Allocation  

To address question one, we tested whether leaf:root NPP was optimal (maximised plant 

fitness), and compared the performance of  GPP, NPP and NCE as fitness proxies. Carbon and 

water dynamics were simulated for each plot across a range of leaf:root NPP allocation 

fractions to determine the ratio that maximised fitness proxies. NPP allocated to leaves 

relative to the sum of leaf and root NPP was simulated across the range 0-1 at 0.1 intervals, 

with the NPP remaining being allocated to roots (11 leaf:root NPP allocation fractions × 8 

plots). The fraction of NPP allocated to above and belowground wood was held constant at 

local field estimates throughout. To assess the performance of potential fitness proxies, we 

retrieved the leaf:root NPP allocation fraction which maximised simulated GPP, NPP, and NCE 

for each plot. A linear regression model was applied to the interaction between leaf:root NPP 

allocation at simulated maxima and field estimated leaf:root NPP allocation (n=8, repeated for 

GPP, NPP and NCE). To provide further evidence of the suitability of the best performing 
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fitness proxy, a linear regression model was applied to the interaction between simulated 

maximum fitness and field estimated fitness, (n=8).  

Leaf:Root NPP Allocation Drivers across the Precipitation Gradient  

To address questions two, we quantified the effect of leaf traits, root traits and meteorology 

on the response of optimal leaf:root NPP allocation fractions (maximised fitness) across the 

precipitation gradient. Leaf:root NPP allocation fractions (as detailed above) were varied 

simultaneously with alternations in leaf traits, root traits and meteorology at each plot, 

reflecting values of all other plots (11 leaf:root NPP allocation fractions × 4 meteorology 

alternations × 8 leaf trait cohorts × 8 plots + 11 leaf:root NPP allocation fractions × 4 

meteorology alternations × 8 root trait cohorts × 8 plots). Leaf and root traits were varied as 

a cohort to respect trait covariation. The leaf trait cohort included leaf photosynthetic 

capacity, nitrogen content, metabolic rate, LMA and residence time, whilst the root trait 

cohort included root metabolic rate and residence time. We retrieved the leaf:root NPP 

fraction which maximised fitness for each trait and meteorology combination  (n=512; 4 

meteorology alternations × 8 leaf trait cohorts × 8 plots + 4 meteorology alternations × 8 root 

trait cohorts × 8 plots). Combinations failing to achieve a sustainable carbon cycle were 

identified and then excluded from the analysis. A factorial ANOVA was then used to apportion 

variance in optimal leaf:root NPP allocation (that which maximised fitness) to leaf traits, root 

traits and meteorology (n=350). We calculated the proportion of variation in optimal leaf:root 

NPP allocation explained by leaf traits, root traits and meteorology  as the conditional sum of 

square divided by the total sum of squares. 

Optimal Leaf and Root Trait Distributions 

To address question three, C fluxes were simulated at each plot under fast and slow leaf and 

root trait strategies to determine whether observed trait distributions maximised plant fitness. 

Fast leaf traits were defined as leaves with a high photosynthetic capacity, high metabolic rate, 

high N content, low LMA and a short leaf residence time, whilst fast root traits were defined 

as roots with high metabolic rate and short residence time (the opposite being true for slow 

traits). Carbon fluxes were simulated for each plot under fast leaf traits (observed TAN05 trait 

cohort), slow leaf traits (observed CAX04 trait cohort), fast root traits (observed TAN06 trait 

cohort), and slow root traits (observed CAX06 trait cohort). Trait alternations were ran until 

steady state (300 yrs) under both observed leaf:root NPP allocation and under optimal  

leaf:root NPP allocation (that which maximises fitness) for the given trait combination. The 
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difference between fitness under fast and slow leaf traits, and fast and slow root traits was 

calculated for observed and optimal leaf:root NPP allocation at each plot. A linear regression 

model was then applied to assess the relationship between mean annual precipitation and the 

difference in fitness under fast and slow leaf and root traits (n=32, ∆ fitness under fast and 

slow leaf traits × 8 plots, plus ∆ fitness under fast and slow root traits × 8 plots, repeated for 

observed and optimal leaf:root NPP allocation).  

 

5.4 Results 

5.4.1 Model Calibration  

SPA simulated soil moisture, phenology, leaf litterfall and leaf traits were calibrated using field 

estimates. Simulated soil moisture seasonality corresponded well to field measurements from 

the GEM network (soil moisture range of GEM measurements and SPA simulations R2=0.44, 

p=0.10, RMSE=5.1 %; timing of soil moisture peak R2=0.97, p<0.001, RMSE=1.2 months), and 

modelled mean annual soil moisture estimates were within one standard error estimates for 

all plots. However, in transitional forest plots SPA simulated peak soil water was in some 

instances 46% lower than field estimates (KEN02), with the magnitude of seasonal variation 

up to 39% lower (see Chapter 3, Figure 3.2).  

Simulated mean annual LAI correlated significantly with field estimates in the calibration year, 

however LAI seasonality (annual range) was poorly captured by SPA simulations (Table 5.3; 

R2=0.03, p=0.659,  RMSE = 1.39m2 m-2). For a number of plots (CAX06, KEN01, KEN02, TAN05 

and TAN06) the magnitude of LAI peaks and troughs exceeded that of field estimates, reaching 

differences of up to 3.3 m2m-2 (TAN06) (Figure 5.2). Because field estimates are indirect and 

did not determine measurement error, we cannot fully assess the degree of model mismatch. 

However, further analysis into the impact of higher LAI seasonality showed <2% difference in 

annual GPP compared to that simulated under observed values (see Chapter 3).  

SPA simulated annual leaf litterfall for the calibration year significantly correlated with field 

estimates, and RMSE was low (Table 5.3; R2=0.96, p=0.022, RMSE = 21.8 gC m-2 yr-1). 

Calibration performance focused only on plots CAX04, CAX06, TAM05 and TAM06, as field 

estimates of leaf litterfall for the calibration year were absent for other plots. Leaf traits 

calibrations against field estimates of GPP, resulted in the SPA simulations successfully 
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capturing observed spatial variation of GPP. Modelled GPP was significantly correlated with 

biometric estimates in the calibration year (Table 5.3; GPP R2=0.80, p<0.01, RMSE=168.0 gC 

m-2 yr-1). Due to the effect of calibrated GPP on modelled NPP and autotrophic respiration, we 

present calibration results for all C fluxes. Modelled NPP and autotrophic respiration totals, 

and component specific estimates, correlated significantly with field measurements (Table 

5.3).  
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Figure 5.2. Field measured (GEM) LAI estimates from hemispherical photographs, and model 

simulated LAI estimates (SPA) for eight Amazon permanent sample plots. Grey shading 

represents field measurement standard error. Phenology in SPA was driven by modelled leaf 

growth and turnover, which were calibrated against field LAI and leaf litterfall estimates.  

 

 



165 
 

Table 5.3. A comparison of modelled C fluxes and LAI against biometric estimates (GEM 
network), for a calibration and validation year across eight Amazon permanent sample plots. 
We present the coefficient of determination, p value and root mean square error (RMSE) of 
constructed linear regression models.  Values in bold indicate a significant interaction 
(p<0.05).  

 
R2 p RMSE 

GPP (gC m-2 yr-1)     
calibration year (2009) 0.80 0.003 168.0  
validation year (2010)  0.92 <0.001 121.2 

NPP (gC m-2 yr-1) 
   

 
calibration year (2009) 0.53 0.042 72.1  
validation year (2010)  0.68 0.012 65.7 

Autotrophic Respiration (gC m-2 yr-1) 
   

 
calibration year (2009) 0.95 <0.001 84.8  
validation year (2010)  0.96 <0.001 73.7      

NPP by component (gC m-2 yr-1) 
   

wood 
   

 
calibration year (2009) 0.63 0.018 25.8  
validation year (2010)  0.05 0.602 31.1 

fine roots 
   

 
calibration year (2009) 0.83 0.002 47.5  
validation year (2010)  0.84 0.001 45.8      

leaf litterfall  
   

 
calibration year (2009) *  0.96 0.022 21.8  
validation year (2010)  0.85 0.001 50.3      

Respiration by component (gC m-2 yr-1) 
leaf 

   
 

calibration year (2009) 0.90 <0.001 52.7  
validation year (2010)  0.83 0.002 61.3 

wood 
   

 
calibration year (2009) 0.97 <0.001 39.3  
validation year (2010)  0.98 <0.001 30.4 

fine roots 
   

 
calibration year (2009) 0.91 <0.001 71.4  
validation year (2010)  0.96 <0.001 50.6      

LAI (m2 m-2) 
   

mean 
   

 
calibration year (2009) 0.84 0.001 0.48  
validation year (2010)  0.87 0.001 0.34 

Range 
   

 
calibration year (2009) 0.03 0.659 1.39  
validation year (2010)  0.85 0.001 0.56 

*excludes KEN01, KEN02, TAN05 and TAN06 as no data available 
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Figure 5.3. Field (GEM) and model (SPA) estimates of mean annual component NPP for 

Amazon permanent sample plots for the calibration (2009) and validation year(2010). Field 

measured leaf litterfall was used here as a proxy for leaf NPP. Error bars represents field 

estimate standard error. Plots are ordered from high MAP (CAX) to low MAP (TAN). Leaf 

litterfall data was unavailable for Kenia and Tanguro plots for the calibration year.  

 

Calibration Calibration 

Validation  
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Figure 5.4. Field (GEM) and model (SPA) estimates of component carbon stocks for Amazon 

permanent sample plots for the calibration (2009) and validation year(2010). Error bars 

represents field estimate standard error, which was absent for root stock estimates at 

Caxiuanã and Tambopata. Measurements of root carbon stocks were absent at Tanguro, so 

were estimated as the Kenia mean, it being the most similar in hydroclimate and functioning. 

Plots are ordered from high MAP (CAX) to low MAP (TAN). 

 

Calibration 

Validation 
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Figure 5.5. Field (GEM) and model (SPA) estimates of component residence time for Amazon 

permanent sample plots for the calibration (2009) and validation year(2010). Error bars 

represents propagated field estimate standard error. Error estimates presented for root 

residence times do not take into account root carbon stock standard error where data was 

unavailable.  Plots are ordered from high MAP (CAX) to low MAP (TAN) 

Calibration 

Validation 
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5.4.2 Model Validation 

SPA was validated against biometric estimates of GPP, NPP and autotrophic respiration for a 

separate year and the spatial distribution of field derived leaf trait estimates explored 

(validation year, 2010). Simulated GPP, NPP and autotrophic respiration totals correlated 

significantly with biometric estimates for the validation year (GPP R2=0.92, p<0.001, 

RMSE=121.2 gC m-2 yr-1; NPP R2=0.68, p=0.012, RMSE= 65.7 gC m-2 yr-1; Respiration R2=0.96, 

p<0.001, RMSE=73.7 gC m-2 yr-1), with calculated coefficient of determination and RMSE 

similar to the calibration year (NPP R2=0.53, p=0.042, RMSE=72.1 gC m-2 yr-1; Respiration 

R2=0.95, p<0.001, RMSE=84.8 gC m-2 yr-1). Spatial variation in wood NPP was poorly captured 

by SPA in the validation year, however RMSE was still low (calibration year RMSE=39.3 gC m-2 

yr-1; validation year RMSE=30.4 gC m-2 yr-1). The disparity was caused by the narrow range of 

wood NPP estimates across plots (biometric wood NPP estimate range ~190-250 gC m-2 yr-1; 

SPA wood NPP estimate range ~ 170-260 gC m-2 yr-1). Modelled fine root NPP and leaf litterfall 

also correlated significantly with biometric estimates for the validation year, as did simulated 

mean annual LAI and annual LAI range (Table 5.3). We further present plot specific 

comparisons of component NPP, residence times, and C stock estimates, across the 

experiment period (calibration and validation years). Interestingly, modelled NPP in the 

validation year captured leaf NPP best at transitional plots and root NPP best at core forest 

plots (Figure 5.3). Modelled leaf, root and wood carbon stocks were typically within one 

standard error of field estimates (Figure 5.4) as were modelled residence times (Figure 5.5), 

though a notable exception was root residence time at TAN06, field estimates of which 

increased three fold from the calibration year .  

Plant traits co-varied directionally across the precipitation gradient reflecting reported trait 

economic spectrums. A significant positive correlation existed between modelled leaf 

residence time and field estimates of LMA (R2=0.68 p=0.01), as expected from the leaf 

economic spectrum (Wright et al., 2004). Field estimated LMA also correlated negatively with 

photosynthetic capacity estimates derived from measured leaf N content (R2=0.74 p=0.006). 

Belowground, calibrated model estimates of root turnover and root respiration rate were 

positively correlated, (R2=0.57 p=0.029), though this was skewed by CAX04 and on removal 

the interaction was no longer significant (R2=0.012 p=0.82). Modelled leaf and root turnover 

rates were negatively correlated (R2=0.55 p=0.036), the effect of which was manifested in 

residence time trends, which are consistent across model and field estimates (Figure 5.5).  
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Figure 5.6. Field measured leaf NPP as a fraction of total leaf and root NPP versus SPA 
simulated leaf NPP as a fraction of total leaf and root NPP at maximum potential GPP, NPP, 
and net canopy carbon export (NCE) for eight permanent sample plots across an Amazon 
precipitation gradient. Points are marginally offset around the nearest 0.1 SPA simulated 
NPPleaf/NPPleaf+root to allow clarity around the distribution of error bars. Solid lines represent 
the modelled linear fit, whilst dashed lines show the 1:1 line.  

R2=0.37     

p=0.11 

coeff=0.38 

 

 

R2=0.60    

p=0.02 

coeff=0.58 

 

R2=0.18     

p=0.30 

coeff=0.12 
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5.4.3 Model Experiments  

Optimal Leaf:Root NPP Allocation  

Observed leaf:root NPP allocation was optimal with respect to modelled NCE maximisation 

(Figure 5.6). Leaf:root NPP allocation at simulated maximum NCE was significantly correlated 

to field estimates of leaf:root NPP allocation (R2=0.60, p=0.02, RMSE=0.11, coeff=0.58). 

However, leaf:root NPP allocation at simulated maximum GPP was a poor predictor of field 

estimates (R2=0.18, p=0.30, RMSE=0.32, coeff=0.12), as was that at maximum NPP (R2=0.37, 

p=0.11, RMSE=0.27, coeff=0.38). Simulated GPP and NPP typically increased with leaf:root 

NPP allocation, supported by higher foliar carbon stocks. However, the rate of increase in 

photosynthesis slowed with increasing leaf:root NPP. For transitional forest plots water 

constraints to stomatal conductance limited CO2 supply, whilst for core forest plots self- 

shading ensued. Leaf growth and maintenance C costs also increased with leaf:root NPP 

allocation. Diminishing returns of increased canopy investment therefore caused NCE to 

decline at lower leaf:root NPP fractions than that at simulated maximum GPP or NPP.  

 

Figure 5.7. Field estimated NCE in comparison to SPA simulated maximum potential net 
canopy carbon export (NCE) for eight permanent sample plots across an Amazon precipitation 
gradient. Error bars represent field estimated standard error. Solid lines represent the 
modelled linear fit, whilst dashed lines show the 1:1 line.  
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While generally effective, using NCE optimality to predict observed leaf:root NPP allocation 

resulted in overestimation at low observed leaf:root NPP allocation and underestimation at 

high observed leaf:root NPP allocation (Figure 5.6). Simulated maximum NCE was significantly 

correlated to field estimates of NCE (R2=0.88, p<0.001, RMSE=194.4, coeff=1.07, Figure 5.7). 

Maximum simulated NCE was also typically 8.9% higher than SPA simulated NCE under 

observed leaf:root NPP and 10.6% higher than field estimates of NCE (Figure 5.7). However, 

models using NCE as a fitness proxy to predict leaf:root NPP allocation and NCE were a good 

fit, supporting the use of optimality driven approaches to simulating carbon fluxes.  

Table 5.4. The percentage of variation in optimal leaf:root NPP allocation (maximised NCE) 
across eight GEM lowland Amazonian permanent sample plots explained by sampling multiply 
individual drivers and driver combinations in SPA. Optimal leaf:root NPP was obtained from 
simulations under which leaf traits, root traits and precipitation were varied at each plot. 
Proportion of variance explained was calculated as Condition Sum of squares/Total Sum of 
Squares. Drivers listed are model inputs and are either fixed values or time series. Values in 
bold indicate a significant interaction (p<0.05) (n=350).  

 
Percentage of Variation in NCE Explained 

Leaf traits  47.9 
Root traits 15.4 
Meteorology 2.6 

Leaf traits* Root traits 2.9 

Meteorology * Leaf traits  1.1 
Meteorology * Root traits  0.8 
Meteorology * Leaf traits * Root traits 2.9 
Residual 26.4 

 

Leaf:Root NPP Allocation Drivers across the Precipitation Gradient  

Leaf traits were the principal drivers of variation in optimal leaf:root NPP allocation (maximises 

NCE) across the precipitation gradient, followed by root traits (Table 5.4). Fast leaf traits 

increased optimal leaf:root NPP allocation, whilst slow leaf traits decreased optimal leaf:root 

NPP allocation (Figure 5.8). Conversely, root traits had the opposite effect, and fast root traits 

reduced optimal leaf:root NPP allocation, whilst slow root traits increased optimal leaf:root 

NPP allocation. The effect of traits was largely driven by differences in leaf and root residence 

time, which necessitated shifts in leaf:root NPP allocation to maintain optimal biomass ratios. 

In contrast, meteorology had surprisingly little direct effect on optimal leaf:root NPP 

allocation. Instead, the effect of meteorology on optimal leaf:root NPP allocation was indirect, 

and was manifested through spatial covariation of leaf and root traits with precipitation. Drier 

plots had a lower range of sustainable leaf:root NPP fractions, skewed towards higher leaf 
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NPP, below which leaf carbon stocks were unable to support plant growth and maintenance 

needs  (lowest MAP-Tanguro mean leaf:root NPP allocation range under local traits 0.65-0.9; 

highest MAP-Caxiuanã mean leaf:root NPP allocation range under local traits 0.4-0.9). The 

shift from fast to slow leaf traits and from slow to fast root traits therefore drives the observed 

decline in leaf:root NPP allocation with increasing precipitation, rather than the direct effect 

of meteorology.  

 

  

Figure 5.8. SPA simulated effect of leaf NPP as a fraction of total leaf and root NPP on net 
canopy carbon export (NCE) under fast and slow leaf and root traits for an Amazon permanent 
sample plot. Leaf and root NPP fractions (model inputs) were alternated, together with leaf 
and root traits to simulate carbon dynamics under the given ratio. For each alternation the 
model was ran to steady state; where NCE is zero the model could not stabilise under the 
given model inputs. Points identify field estimated allocation fractions and NCE with error bars 
showing associated standard error.  

 

Optimal Leaf and Root Trait Distributions 

Fast leaf traits and slow root traits maximised NCE at transitional plots, whilst slow leaf traits 

and fast root traits maximised NCE at core forest plots (Figure 5.9a). The difference between 

NCE under fast and slow leaf traits at observed leaf:root NPP allocation decreased significantly 

with increasing precipitation (R2=0.85, p<0.001, RMSE=565), whilst the difference between 

NCE under fast and slow root traits increased, though not significantly (R2=0.33, p=0.14, 

RMSE=1232). The effect of root traits on NCE was more variable than that of leaves. Whilst we 

account for differences in root metabolic rate and residence time, we do not account for 

differences in root nutrient uptake capacity, which is assumed higher for fast root traits. 

fast slow fast     slow 

Leaf Traits  Root Traits  
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Consequently, the advantage of fast root traits in SPA is limited to minimising the metabolic 

costs of roots through lower belowground biomass.  

  

  

Figure 5.9. The difference between SPA simulated net canopy carbon export (NCE) under fast 

and slow leaf and root traits at (a) local and (b) optimal leaf:root NPP allocation for eight 

permanent sample plots across an Amazon precipitation gradient. Fast and slow leaf and root 

traits were alternated at each plot and resultant NCE retrieved. Trait used in alternations are 

local to the following plots: fast leaf traits TAN05, slow leaf traits CAX04, fast root traits TAN06, 

slow root traits CAX06. For each alternation the model was ran to steady state. Points identify 

SPA simulated NCE relative to local mean annual precipitation. Lines represent linear 

regression model fits.  

 

The optimal distribution of leaf and root traits (maximised NCE) across the precipitation 

gradient is dependent on leaf:root NPP.  For a given trait combination, when leaf:root NPP 

allocation is optimal (maximises NCE) the effect of leaf and root traits across the precipitation 

gradient is weakened (Figure 5.9b), in comparison to that under observed leaf:root NPP. There 

is little correlation between mean annual precipitation and the difference in simulated NCE 

for fast and slow leaf and root traits (leaves R2=0.05 p=0.59, RMSE=607; roots R2=0.15, p=0.34, 

RMSE=557), as shifts in allocation mediate NCE responses to traits. In other words, prior 

knowledge of the leaf:root NPP allocation ratio is required to predict trait distributions within 

a 

Leaf:  R2=0.85, p<0.001 

Root: R2=0.33, p=0.14 

 

Leaf:  R2=0.05 p=0.59 

Root: R2=0.15, p=0.34 

 

b 
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this optimality framework. Therefore whilst we have demonstrated our ability to predict 

leaf:root NPP allocation and leaf and root traits using optimality approaches, we are unable to 

explain the direction of the interaction across the precipitation gradient.  

 

5.5 Discussion 

Our goal was to (i) establish whether observed leaf:root NPP allocation ratios were optimal 

(with respect to a fitness proxy), (ii) quantify the drivers  of optimal leaf:root NPP (traits vs 

climate), and (iii) investigate whether leaf and root trait distributions across the precipitation 

gradient reflect optimal strategies. We used the Soil Plant Atmosphere model (SPA) to 

simulate carbon cycle dynamics at each plot under a range of leaf:root NPP allocation ratios. 

Net canopy carbon export (NCE) was the best fitness proxy, and the maximisation of NCE 

successfully predicted observed leaf:root NPP allocation (Figure 5.6, R2=0.60, p=0.02). 

Observed declines in optimal leaf:root NPP with increasing precipitation were explained in the 

model by concurrent shifts from short to long leaf residence time and long to short root 

residence time (Figure 5.8). Together leaf and root traits accounted for 63% of variation in 

optimal leaf:root NPP (Table 5.4). Under observed leaf:root NPP allocation, the distribution of 

leaf traits across the precipitation gradient reflected optimal strategies. However, optimality 

approaches could not explain observed trait distributions when leaf:root NPP allocation was 

not constrained to local estimates (Figure 5.9).  

5.5.1 Optimal Leaf:Root NPP Allocation  

Optimality approaches require a fitness proxy, however a consensus is yet to be reached on 

which proxy performs best. Our results demonstrated that observed leaf:root NPP allocation 

was optimal with respect to the  maximisation of NCE, which was the best performing of the 

three fitness proxies (Figure 5.6). GPP and NPP maximisation proved poor predictors of 

observed leaf:root NPP allocation across the precipitation gradient. The performance of GPP 

as a fitness proxy (McMurtrie et al., 2008) was limited, as it overlooked relative increases in 

leaf respiratory costs and decreases in marginal returns on investment. As a fitness proxy, NPP 

(Mäkelä et al., 2008) combines the maximisation of carbon assimilation with the regulatory 

effect of carbon use efficiency. However, the maximisation of NPP does not account for 

returns on investment in leaf growth, which we suggest is the reason it poorly predicted 

leaf:root NPP allocation. The use of wood NPP as a fitness proxy, overcomes issues around 
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returns on leaf growth, and represents trees’ competitive advantage for light acquisition and 

consequently survival and reproductive success (McMurtrie and Dewar, 2013). In the context 

of the posed experiment, we were unable to evaluate the performance of wood NPP as a 

fitness proxy, given the fraction of NPP allocated to wood was kept constant throughout 

simulations (reflecting observed values). However, the use of NCE as a fitness proxy 

(McMurtrie and Dewar, 2011) does in part capture the maximisation of wood NPP. NCE 

balances maximised carbon assimilation, with the marginal returns of canopy investment, and 

minimises excessive accumulation of respiring biomass, which can leave trees at risk in adverse 

conditions. Further work is needed to establish if the performance of NCE as a fitness proxy is 

consistent in different biomes and across different resource availability gradients.  

Modelling ecosystem responses to changes in climate and resource availability could be 

improved by integrating an optimality approach. The use of fixed allocation ratios between 

leaves, roots and wood (as in CABLE, EALCO, GDAY and SPA; Comins and McMurtrie (1993); 

Wang et al. (2007); Wang et al. (2010); Williams et al. (2005)), precludes shifts in modelled 

NPP allocation in response to changes in resource availability. De Kauwe et al. (2014) report 

that ecosystem changes in response to elevated CO2 were poorly captured by models with 

fixed NPP allocation ratios, and found that models with allocation schemes based on 

functional relationships, which varied with resource availability, performed best. However, 

optimisation approaches which were not constrained by structural limitations to biomass 

allocation proved unsuccessful in the study. The application of alternative optimisation models 

to FACE sites have proved successful in simulating NPP allocation (Dewar et al., 2009; Mäkelä 

et al., 2008), and have offered new insights into the role of nitrogen availability in plant 

responses to elevated CO2 (Franklin et al., 2009). Our results show that the potential of optimal 

partitioning approaches stretch further to include water availability. We demonstrate that 

optimal partitioning can be used to successfully predict NPP allocation dynamics across a 

water availability gradient. Importantly, by using NCE as a fitness proxy, we were able to 

capture trade-offs between water uptake and light harvesting, via effects on modelled leaf 

and root biomass. Given global change in the availabilities of CO2, water and nitrogen (Ciais, 

2013), optimal partitioning approaches are a valuable tool to improve predictions of 

biogeochemical cycles.  
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5.5.2 Leaf:Root NPP Allocation Drivers across the Precipitation Gradient  

Trait responses to climate, and the effect of traits on biomass, productivity and ecosystem 

functioning are well documented (Comas et al., 2013; Enquist et al., 2007; Freschet et al., 

2015; Lavorel and Garnier, 2002; Poorter and Bongers, 2006; Reich, 2012; Wright et al., 2004). 

More recent studies have gone further, suggesting that spatial variation in productivity could 

be explained by ecosystem structure and plant traits alone. Michaletz et al. (2018) argue that 

NPP is best predicted by indirect effects of climate on stand biomass, age and size structure 

and growing season length, rather than direct effects of climate on plant metabolism. Fyllas 

et al. (2017) show that along a tropical elevation gradient, trait distributions are linked to 

variation in temperature, so that the inclusion of temperature (at least to a cooler limit of 

about 20oC), is not required to accurately predict spatial variation in productivity. Whilst 

empirical evidence for the determination of NPP allocation by traits, spans edaphic and 

elevation gradients, as well as continents (Aragão et al., 2009; Girardin et al., 2010; Moore et 

al., 2017), until now the mechanism had not been identified. Our results show that as well as 

being able to explain variation in total NPP, plant trait distributions explain variation in NPP 

allocation between leaves and roots within an optimality framework. We show that leaf traits 

account for 48% of variation in optimal leaf:root NPP allocation (maximises NCE) across the 

Amazon precipitation gradient, with short leaf residence times supporting higher leaf:root 

NPP and longer leaf leaf residence times supporting shorter leaf:root NPP (Figure 5.8). The 

effect of root traits on optimal leaf:root NPP (15%) did not match that of leaves, whilst the 

direct effects of climate where minimal (<3%). The effect of climate on NPP allocation is 

therefore indirect, through covariation with trait distributions, and not through direct 

physiology-climate interactions.  

5.5.3 Optimal Leaf and Root Trait Distributions 

The distribution of leaf traits across the precipitation gradient were optimal (maximise NCE) 

(Figure 5.9). Our findings are in accordance with results from McMurtrie and Dewar (2011) 

which demonstrate the ability of NCE maximisation to explain spatial variation in leaf traits for 

an individual species. Root trait distributions were less well predicted, likely due to SPA not 

accounting for differences in nutrient cycling. Whilst optimality approaches appear able to 

explain the coupling between leaf traits and NPP allocation, it is unclear whether traits vary in 

response to NPP allocation, NPP allocation varies in response to traits or whether the 

interaction is biologically iterative. Evidence of temporal variation in both NPP allocation and 
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plant traits in response to resource availability offers little resolution (Chaves et al., 2003; 

David et al., 1998; Hamann et al., 2017; Huasco et al., 2014; Kho et al., 2013; Ludlow and Ng, 

1974; Metcalfe et al., 2010; Schuldt et al., 2011), and it remains unknown which should be 

used to constrain models, and which should be assumed plastic (Mäkelä, 2012). Interestingly, 

optimality approaches failed to describe observed trait distributions when leaf:root NPP was 

not constrained to local estimates, as plasticity in leaf:root NPP allocation permitted optimal 

NCE independent of trait combination. Without separating the interdependence of traits and 

NPP allocation, we remain unable to explain the determination of their observed distributions 

across the precipitation gradient. Further work is therefore needed to understand how traits 

and NPP allocation are coordinated across resource availability gradients and across 

timescales. 

5.5.4 Limitations 

We recognise limitations of the model-data approach used including: uncertainty in biometric 

C flux estimates used in model calibration and validation; model assumptions around the use 

of labile C;  fixed NPP allocated to wood within model experiments; and the absence of 

nutrient cycles. Model fitting of leaf traits, within the measurement standard error (or 95% 

confidence interval), to simulate observed carbon assimilation within one standard error, was 

necessitated by the aim to capture trends in field data, but error in biometric estimates of C 

fluxes was then propagated into model simulations. We identify leaf NPP estimates derived 

from litterfall and LAI measurements, and root NPP measurements using root cores, as key 

sources of uncertainty in our results (Clark et al., 2001). The accuracy and spatial validity of 

LAI estimates derived from indirect field measurements has been  questioned (Bréda, 2003; 

Jonckheere et al., 2004; Weiss et al., 2004), however, our estimates align with reports from 

destructive harvests (see Chapter 3).  Further uncertainty exists due to the time resolution of 

LAI and leaf litterfall measurements, which are typically 1-2 times per month. A comparison of 

measurement approaches for root and leaf NPP would also help reduce the uncertainty in our 

interpretation of NPP allocation responses to water availability (Metcalfe et al., 2007).  

Underlying model and field estimates of NCE is an assumption of stable labile carbon 

dynamics, supported in part by evidence of limited year-to-year variation (Gough et al., 2009; 

Richardson et al., 2013). However, in response to temporal changes in water availability, 

Metcalfe et al. (2010) report that for an Amazon throughfall exclusion experiment, forest C 

usage exceeds total photosynthesis. More data is therefore needed to investigate inter-annual 
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variability in non-structural carbon stores, and to assess how the use of labile carbon supports 

NCE maximisation.  

The fraction of NPP allocated to wood is constrained to local estimates throughout the model 

experiments presented. Within SPA, the constraint to wood dynamics had little effect on 

simulated fluxes beyond influencing wood maintenance respiration costs. We would expect 

that shifts in wood NPP could effect changes in light capture through stem competition. 

Furthermore, SPA does not account for variation in nutrient availability, which decreased with 

increasing precipitation across plots (Malhi et al., 2015). The model therefore does not capture 

the effect of differences in root diameter on nutrient uptake capacity, with root traits used 

only including root metabolic rate and root residence time. In the absence of field 

measurements, a lack of clarity around root trait trade-offs meant root diameter and nutrient 

uptake capacity could not be estimated from known interactions with other root traits (Comas 

and Eissenstat, 2009; Westoby and Wright, 2006). We expect that the inclusion of nutrient 

cycles and a broader range of root traits would strengthen reported root trait effects on 

optimal leaf:root NPP, through higher returns of fast root traits (with expected higher nutrient 

uptake rates; Roumet et al. (2006), Richardson et al. (2009)) at high MAP plots where nutrient 

availability is lowest.  

 

5.6 Conclusion 

This work offers new insights into the mechanisms shaping NPP allocation and trait 

distributions in response to water availability. We validated the optimal partitioning approach 

in determining leaf:root NPP allocation, against detailed field measurements, along a tropical 

precipitation gradient. We perform a comprehensive comparison of fitness proxies, and show 

that leaf:root NPP allocation is best predicted by maximisation of NCE, and not GPP or NPP. 

The observed distribution of leaf and root traits explained the shift in optimal leaf:root NPP 

across forests. Trait distributions captured the indirect effects of climate on leaf:root NPP 

allocation, whilst direct effects were largely absent. Leaf trait distributions were optimal across 

the precipitation gradient but only if leaf:root NPP was constrained to observed fractions. Our 

results highlight the importance of integrating NPP allocation responses to resource 

availability in model predictions of future carbon dynamics. However, whilst the coupling 

between traits and NPP allocation can be explained by optimal response theory, it remains 
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unclear how they interact to determine their observed distributions across the precipitation 

gradient (i.e. which is dependent on the other?). Here we have focused on a climate gradient 

to explore optimality, but alternate approaches could include similar analyses for 

chronosequences, and manipulation experiments. Further work is also needed to quantify the 

role of the labile C pool nutrients in modelled responses to water availability. 
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6. Discussion 

 

In light of projected climate change induced shifts in precipitation, understanding the effect 

of water availability on ecosystem functioning is critical to predicting the future Amazon 

carbon balance. Our goal was to better understand the coupling between precipitation and 

carbon dynamics, by separating direct physiology-climate interactions, from indirect effects 

through forest structure, traits and carbon cycle feedbacks. We used detailed measurements 

of carbon fluxes and plant traits from eight permanent sample plots along an Amazon 

precipitation gradient, to calibrate and validate the Soil Plant Atmosphere (SPA) model. We 

then used SPA to undertake a series of modelling experiments to; (i) quantify the drivers of 

variation in photosynthesis across the precipitation gradient, (ii) explain the covariation 

between LAI and precipitation underpinning changes in photosynthesis, and (iii) understand 

carbon dynamics and plant traits supporting shifts in leaf and root biomass with precipitation. 

Our results demonstrate new understanding around the role of direct and indirect effects of 

climate in shaping spatial variation in photosynthesis, the applicability of optimality 

approaches to predict carbon dynamics under changes in resource availability, and how plant 

traits capture the effects of climate on ecosystem functioning across Amazon forests. Here we 

review and collate these findings. We then highlight key gaps in our knowledge around the 

role of the non-structural carbohydrate (NSC) pool, uncertainty in biometric data used in 

model calibration and validation, root traits, nutrient cycling, the representation of wood and 

fine root respiration within SPA and the timescale over which shifts in NPP allocation and traits 

in response to resource availability occur. We outline suggested future work to resolve the 

knowledge gaps presented, using both model and field-based approaches.  
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6.1 LAI Drives Photosynthesis across Amazon 

Forests 

LAI was the principal driver of spatial variation in photosynthesis along the Amazon 

precipitation gradient. Together, the indirect effects of climate (LAI and leaf traits accounted 

for 56% of observed variance) exceeded direct effects (physiology-climate interactions 

accounted for 12%) in explaining photosynthesis trends, reflecting reports across other 

climatic gradients and biomes (Fyllas et al., 2017; Hui et al., 2003; Richardson et al., 2007). The 

relative sensitivity of photosynthesis to direct and indirect climate forcings shifted with water 

availability, demand and acquisition potential, whereby forests with a bigger evaporative 

demand (high LAI) relative to water supply were most sensitive to differences in climate and 

rooting depth, whilst forests occupying the highest rainfall zone where most sensitive to 

changes in LAI and leaf traits. The divergence in sensitivities highlighted the importance of 

considering water demand versus supply when investigating the resilience of Amazon forests 

to changes in precipitation (Malhi et al., 2008; Phillips et al., 2009). Across sub-annual 

timescales, the direct effects of climate on photosynthesis were more important than indirect 

effects via LAI. The relative importance of solar radiation and VPD in driving sub-annual 

photosynthesis increased and decreased with precipitation respectively (solar radiation R2 = 

0.64, p=0.017; VPD R2= 0.32, p=0.14). We reason that the importance of LAI and leaf traits in 

determining spatial variation in photosynthesis, reflects the timescales over which acclimation 

and adaptation to resource availability occur (via emergent canopy properties and shifts in 

species composition), and that variation in climate relative to LAI and leaf traits, drives 

stronger determination of photosynthesis across sub-annual timescales (Richardson et al., 

2007). Given the role of LAI in driving photosynthesis across the precipitation gradient, 

understanding how water availability shapes canopy dynamics is critical to discerning the 

impact of future precipitation change on Amazon forests.  

6.2 Maximisation of NCE explains LAI trends  

Tropical forest canopy dynamics operate in accordance with their hydraulic environment. 

Maximisation of net canopy carbon export (NCE) explained the increase in LAI with 

precipitation (observed LAI versus that at predicted NCE maxima R2=0.39, p=0.099, 

RMSE=0.88 m2m-2), corroborating with results from optimality studies in mid to high latitude 
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forests (Franklin, 2007; Mäkelä et al., 2008; McMurtrie and Dewar, 2011, 2013). Carbon cycle 

feedbacks (whereby declines in NCE, as a result of non-optimal LAI, caused declines in root 

biomass, water acquisition, carbon assimilation and consequently NCE) strengthened the 

interaction between NCE and LAI for forests in the lowest precipitation zone, highlighting the 

importance of representing the all autotrophic pools in the carbon cycle when modelling 

optimal leaf area (with respect to NCE maximisation). Leaf traits proved most important in 

shaping optimal LAI across the precipitation gradient (Caldararu et al., 2016). For transitional 

forests ‘fast’ leaf trait strategies maximised photosynthesis during the wet season and 

minimised carbon losses during the dry season. For core forests, ‘slow’ leaf traits lower 

photosynthesis was offset by lower carbon costs of leaf construction and maintenance 

throughout the year. The observed distribution of leaf traits across the precipitation gradient 

therefore supported cost-benefit theories (Givnish, 2002; Iio et al., 2014; Kikuzawa, 1991). Our 

results demonstrated the value of optimality approaches in modelling LAI and the importance 

of leaf traits. However, the increase in LAI with MAP (R2=0.42, p=0.08) was not coincident with 

increases in leaf NPP, prompting us to ask what drives NPP allocation across Amazon forests?  

6.3 Leaf Traits Drive Optimal Leaf:Root NPP 

Allocation 

Across Amazon forests the decline in leaf:root NPP with increasing precipitation (R2=0.43, 

p=0.07), appeared to oppose optimal partitioning theory, which suggests plant maximise 

fitness by actively apportioning NPP between organs to increase uptake of the most limiting 

resource (Bloom et al., 1985; Charles-Edwards, 1976; Hilbert and Reynolds, 1991; Johnson and 

Thornley, 1987; Luo et al., 1994; McMurtrie and Dewar, 2013; Reynolds and Thornley, 1982; 

Thornley, 1972; Thornley, 1995). Yet, the distribution of organ biomass was as predicted, and 

leaf biomass increased and root biomass decreased with increasing precipitation (leaves 

R2=0.29, p=0.165; roots R2= 0.63, p=0.059). However, leaf:root NPP trends proved optimal 

with respect to the maximisation of NCE (observed leaf:root NPP allocation versus that at 

predicted NCE maxima R2=0.60, p=0.02). Our finding corroborate with other reports which use 

optimality approaches to predict NPP allocation in response to resource availability (Dewar et 

al., 2009; Franklin et al., 2009; Mäkelä et al., 2008). Opposing NPP and biomass trends were 

supported by shifts in plant traits along the precipitation gradient. Leaf residence time 

increased with increasing precipitation, whilst root residence time decreased (leaves R2=0.60, 
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p=0.03; roots R2= 0.46, p=0.06). Leaf traits accounted for 48% of variation in optimal leaf:root 

NPP (with respect to maximum NCE), whilst root traits accounted for 15%. Our results are 

therefore in accordance with empirical studies, which suggest biomass distributions are driven 

by differences in residence times rather than NPP allocation (Moore et al., 2017). Whilst 

indirect effect of climate explained much of the variation in optimal leaf:root NPP (via 

determination of plant trait distributions), direct effects (via physiology-climate interactions) 

were minimal (<3%).  The distribution of leaf traits across the precipitation gradient maximised 

NCE, but optimality approaches failed to explain spatial variation in root traits. Furthermore, 

neither leaf nor root trait distributions could be explained using optimality approaches when 

leaf:root NPP allocation was not constrained to observed leaf:root NPP, highlighting an 

interdependency of plant traits and NPP allocation. It therefore remains unclear from a 

modelling perspective which should be constrained and which should be assumed plastic 

(Mäkelä, 2012) and further work is needed to successfully integrate optimality approaches 

into ecosystem models. Despite the uncertainty around the effect of root traits and 

interdependency of traits and NPP allocation, it is clear that the previously unquantified role 

of leaf traits is important in shaping optimal NPP allocation responses to water availability. 

6.4 Coupling Between Precipitation and Carbon 

Dynamics 

Collectively, our results demonstrate that photosynthesis trends across the Amazon 

precipitation gradient are principally driven by LAI, that LAI is shaped by an optimal response 

to water availability, and underpinning changes in LAI is optimal partitioning of NPP allocation, 

which is largely dependent of leaf trait distributions (see Chapter 1, Figure 1.1). We show that 

variation in LAI, NPP allocation and leaf traits can be successfully predicted using an optimality 

approach. Importantly, our results highlight the potential to use optimality approaches to 

reduce uncertainty in the predicted response of Amazon forests to long-term changes in 

precipitation. We further show that the indirect effects of climate, via a determinate effect on 

leaf traits, proves more important in driving NPP allocation, LAI, and ultimately 

photosynthesis, than the direct effects of physiology-climate interactions. Given the role of 

leaf traits in underpinning ecosystem functioning, we suggest that the response of Amazon 

forests to changes in precipitation will largely be dependent on the current spatial distribution 
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of leaf traits, their plasticity and the likelihood of future shifts in floristic and functional trait 

composition.  

6.5 Optimality Approaches 

Given global change in the availabilities of CO2, water and nitrogen (Ciais, 2013), capturing the 

response of ecosystem dynamics to changes in resource availability remains a key challenge. 

Across tropical forests, shifts in LAI have been reported in response to both long and short 

term changes in precipitation (Barbosa and Asner, 2017; Hilker et al., 2014; Saatchi et al., 

2013; Zhou et al., 2014), together with shifts in NPP allocation (Doughty et al., 2014; Doughty 

et al., 2015) and leaf traits (Fauset et al., 2012). Yet these processes are poorly represented in 

current land-surface and ecosystem models (Negrón-Juárez et al., 2015). Phenology is typically 

modelled using empirical relationships between phenological status, moisture availability and 

temperature (Clark et al., 2011; Jolly et al., 2005; Krinner et al., 2005; Medvigy et al., 2009). 

The representation of NPP allocation often follows allometry or fixed allocation ratios, whilst 

plant traits can also be fixed parameters (Clark et al., 2011; Medvigy et al., 2009; Williams et 

al., 1998; Williams et al., 1996). The fixed nature of ecosystem dynamics in many modelling 

approaches, limits their ability to represent ecosystem responses to changing resource 

availabilities. Representing ecosystem dynamics that vary with resource availability can be 

achieved using an optimality approach. Optimality models have been used to successfully 

predict stomatal conductance, LAI, carbon allocation and leaf traits (Caldararu et al., 2014; 

McMurtrie and Dewar, 2011, 2013; Medlyn et al., 2011; Sugiura and Tateno, 2011; Xu et al., 

2017). We show that the performance of an optimality model (using NCE as a fitness proxy) is 

consistent across a tropical precipitation gradient and can explain variation in LAI, NPP 

allocation and leaf traits in response to water availability. Optimality approaches therefore 

offer a unique opportunity to reduce uncertainty around predicted Amazon carbon dynamics 

in response to future climate change (Meir et al., 2015). 

6.6 Traits Capture the Effects of Climate on 

Ecosystem Functioning 

It is widely recognised that forest structure and traits can predict ecosystem dynamics such as 

carbon storage, biomass partitioning, and productivity (Duursma and Falster, 2016; Finegan 

et al., 2015; Garnier et al., 2004; Mercado et al., 2011; Poorter and Bongers, 2006; Poorter et 
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al., 2017). Emerging evidence suggests that the explanatory power of forest structure and 

plant traits in predicting ecosystem dynamics outweighs and captures climate and edaphic 

effects through indirect pathways (Fyllas et al., 2017; Michaletz et al., 2014; Michaletz et al., 

2015; Poorter et al., 2017; Richardson et al., 2007; Van Bodegom et al., 2012). Under the 

response-effect trait framework, abiotic variation filters community traits (trait response), and 

the selected traits then influence productivity (trait effect). The indirect effect of nutrient 

availability on productivity through trait response and effects are well documented (Lavorel 

and Garnier, 2002). However, Griffin‐Nolan et al. (2018) highlight that whilst for nutrients 

there is a clear overlap between response traits and effect traits, the same is not necessarily 

true for precipitation. Li et al. (2015) suggest that the leaf economic spectrum, associated with 

light capture and carbon economics, is separate from the hydraulic spectrum associated with 

water transport. Yet, our results show that plant traits do capture the indirect effects of 

precipitation on variation in LAI, NPP allocation, and ultimately variation in photosynthesis. 

Our findings develop on previous work drawing correlates between ecosystem process 

drivers, by mechanistically demonstrating trait effects (Michaletz et al., 2014; Poorter et al., 

2017; Sande et al., 2017; van der Sande et al., 2018). However, we do not quantify the trait 

responses to precipitation beyond presenting observed spatial distributions. Given the 

importance of traits in determining ecosystem processes, efforts to collate field estimates 

such as the TRY trait database (Kattge et al., 2011), and efforts to map local and regional scale 

variation in leaf traits using new techniques in airborne spectroscopy (Asner et al., 2015; Asner 

et al., 2017) are increasingly important.  

6.7 Limitations 

We recognise key limitations to our interpretation of the effects of water availability on 

ecosystem functioning including: the role of the NSC pool, uncertainty in biometric data used 

in model calibration and validation, root traits, nutrient cycling and the representation of 

wood and fine root respiration within SPA. Inferred NSC dynamics were constrained to an 

extent by model-simulated photosynthesis and the validation of modelled NPP and respiration 

against field estimates. However, we were unable to validate simulated NSC dynamics directly, 

causing uncertainty in our interpretation of optimal LAI and NPP allocation, which assumed a 

mass balance approach.  

Uncertainty associated with field data used in model calibration and validation was 

propagated into model simulations. Notably, fine roots are notoriously difficult to measure, 
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and the sampling effort required to capture standing crop root mass is large (Metcalfe et al., 

2007), causing uncertainty in the validation of belowground dynamics. Aboveground, whilst 

we account for the standard error of field estimated LAI in our results, we fail to consider the 

effects of measurement error, which could shift reported LAI trends. The accuracy of LAI 

estimates from hemispherical photographs has been questioned, especially at higher leaf 

areas (Bréda, 2003; Jonckheere et al., 2004; Weiss et al., 2004). However, Asner et al. (2003) 

report no systematic difference between LAI estimates from different methods, and field 

estimates used in the presented study were in line with destructive sampling measurements 

from similar Amazon forests (McWilliam et al., 1993).  

A lack of root trait field estimates, limited understanding around root trait trade-offs and the 

poor representation of root multi-functionality in ecosystem models (Bardgett et al., 2014; 

Kramer‐Walter et al., 2016), limited our interpretation of leaf:root NPP allocation in response 

to water availability. Root traits proved less important than leaf traits in shaping optimal NPP 

allocation, which could reflect the role of light limitation in tropical rainforests, but could also 

result from our inability to capture root trait variation.  Furthermore, nutrient cycling was not 

accounted for within the SPA model framework. As such, we were unable to quantify the 

impact of soil nutrients, which decreased with increasing precipitation (Malhi et al., 2015), on 

ecosystem functioning beyond its manifestation in leaf traits. We expect the inclusion of 

nutrient cycling within analyses would constrain LAI and leaf:root NPP optimality estimates, 

dependent on local nutrient availability and uptake capacity.  

Modelling autotrophic respiration poses numerous difficulties including systematic 

differences in respiration rates between plant tissues (leaves, stems, and roots) (Reich et al., 

2008), and their sensitivity to temperature (Atkin et al., 2005; Tjoelker et al., 2001), water 

(Metcalfe et al., 2010) and respiratory substrate availability (Atkin and Tjoelker, 2003). Leaf 

respiration in SPA was modelled using field estimates of leaf N content and the equation 

presented in Reich et al. (2008), validated against biometric estimates. Wood and fine root 

respiration was modelled using a coefficient derived from field estimates as a function of 

organ biomass. Wood and fine root respiration dynamics under non-observed conditions were 

therefore less robust. 
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6.8 Further Work 

We recommend further work to address both the limitations highlighted above, and 

knowledge gaps around the timescale over which shifts in NPP allocation and traits in response 

to resource availability occur. Whilst able to report overall NSC trends, restrictions to current 

NSC data available from tropical forests, limit the opportunities to quantify the pool in the 

context of other plant C fluxes such as photosynthesis, NPP and respiration (Rowland et al., 

2015; Würth et al., 2005). As a consequence of our limited understanding, NSC dynamics are 

poorly represented in ecosystem models (Dietze et al., 2014). Further efforts in field data 

collection and model development are required to resolve NSC pools, fluxes and responses to 

abiotic variation.  Field approaches should aim to measure the whole plant NSC pool over time, 

in conjunction with biometric and eddy covariance tower flux estimates. Modelling 

approaches can then be used to collate C flux estimates, constrain NSC dynamics, and test and 

validate new theories around NSC usage.  

To address uncertainty around field estimates used in model calibration and validation, more 

data from different sources is needed. By combining biometric, flux and satellite products C 

flux estimates can be better constrained (Cleveland et al., 2015). In particular, modelling effort 

should utilise current and upcoming satellite missions such as FLEX, GEDI and Sentinel, to 

constrain canopy dynamics, using new data on changes in leaves in-situ, vertical canopy 

structure, and temporal variability via repeat measurements (Asner et al., 2015; Drusch et al., 

2017; Morton, 2016; Pettorelli et al., 2018). Efforts to map trait distributions will also prove 

important (Asner et al., 2015; Kattge et al., 2011) given the role of traits in shaping ecosystem 

functioning presented in this thesis.  

At present data on root traits in tropical forests is limited (Metcalfe et al., 2008), and the 

linkages between root traits remain  unclear (Mommer and Weemstra, 2012; Roumet et al., 

2016). To improve understanding of carbon (and nutrient) dynamics, the quantification of root 

traits across Amazon forests is needed. Mapping root trait distributions such as nutrient 

uptake capacity, root N content and specific root length could then help modelling efforts to 

accurately represent belowground dynamics, and separate nutrient and climate effects within 

the global change framework. Efforts to collect nutrient cycling data should focus on organ 

specific measurements as demonstrated in Inagawa et al. (in prep.). Such measurements 

would enable modelling teams to improve the representation of nutrient usage within the 

plant.  
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We were unable to utilise the N content based wood and fine root respiration equations 

presented in Reich et al. (2008), due to a lack of plot based N content estimates, and the use 

of literature based estimates proving unsuccessful. The disparity between N content derived 

respiration and biometric estimates may have been caused by tropical rainforest species being 

underrepresented in the data used to derive the equations. Furthermore excepting one study 

(Pruyn et al., 2005), stems used by Reich et al. (2008) to derive respiration equations are not 

thought to exceed 25cm in diameter (25cm was the maximum diameter noted, though often 

diameter details were not given, this assumption is based on other reported details such as 

the stem being a sapling or leaf bearing). A mechanistic understanding of wood respiration 

(especially for larger trees) and fine root respiration is needed, and would be invaluable to 

predicting changes in autotrophic respiration in response to water availability (Doughty et al., 

2015), not currently captured by ecosystem models.  

In addition to the limitations highlighted, we identify the interdependency of NPP allocation 

and traits as a key gap in our current understanding. Evidence of temporal variation in both 

NPP allocation and plant traits in response to resource availability are typically in isolation, and 

are therefore insufficient to separate the interaction (Chaves et al., 2003; David et al., 1998; 

Hamann et al., 2017; Huasco et al., 2014; Kho et al., 2013; Ludlow and Ng, 1974; Metcalfe et 

al., 2010; Schuldt et al., 2011). From a modelling perspective, it is unclear whether NPP 

allocation or traits should be assumed plastic, and which should be constrained (Mäkelä, 

2012). Opportunities to understand how traits and NPP allocation decision making is 

coordinated, could include chronosequences, large scale plot based experiments such as the 

new Amazon FACE (Norbey et al., 2016), or laboratory based approaches.  
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7. Concluding Remarks 

 

We go beyond the physiological-stomatal limitations to photosynthesis, to understand how 

forests respond to water availability through canopy dynamics and leaf traits. We explicitly 

quantify the effect of leaf traits on carbon economics, and demonstrate how LAI, NPP 

allocation and leaf traits can be predicted through optimality approaches that maximise plant 

fitness.  Finally, we show how spatial variation in leaf traits capture the effects of climate on 

NPP allocation, LAI and ultimately photosynthesis. Our findings bring new understanding of 

the mechanisms shaping plant responses to resource availability, which is critical to predicting 

future carbon dynamics under anticipated global change in biogeochemical cycles.  
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