
ABSTRACT

GANJAM, MANASWINI. Modeling Forest Carbon Sequestration to Understand the Influence of Stand Age,
Management Practices, and Climate Inputs. (Under the direction of Dr. Justin S. Baker and Dr. Maricar
Aguilos).

Forests play a critical role in the global carbon cycle, acting as both carbon sinks and sources through

changes in land use, management, and disturbance. As climate change accelerates, understanding and

optimizing forest carbon dynamics becomes increasingly important for mitigation efforts. This thesis aims to

advance our understanding of forest carbon dynamics through ecological process modeling across diverse North

American forest ecosystems, integrating ecological and economic perspectives, and developing a comprehensive

database to support regional-scale modeling efforts in the southeastern United States.

This research combines chronosequence data, ecosystem modeling using the BIOME-BGC MuSo model,

and eddy covariance flux tower measurements to understand net ecosystem productivity (NEP) dynamics

across contrasting biomes in North America. A key finding is that NEP consistently peaks at a relative

stand age of 0.32-0.35 across different forest types, including Northern Hardwoods, Douglas Fir, Jack Pine,

Black Spruce, and Southeastern hardwoods. This pattern provides valuable insights for optimizing carbon

sequestration in managed forests. The study also examines carbon dynamics in mature and old-growth

forests, supporting the theory that NEP declines in older stands and approaches zero at a relative stand age

of 0.7. This finding underscores the importance of considering both stand age and forest type when assessing

carbon sequestration potential. Additionally, the research explores the sensitivity of NEP to future climate

scenarios, addressing the critical need for improved understanding of climate change impacts on forest carbon

sequestration.

The thesis further synthesizes various approaches in forest carbon modeling, highlighting the strengths and

constraints of models that focus exclusively on either ecological or economic factors. To address these gaps,

the study proposes and discusses the components of an integrated modeling framework that incorporates key

ecosystem processes and economic drivers influencing forest carbon dynamics. This review sets the foundation

for subsequent chapters by identifying critical gaps in our understanding of forest carbon dynamics.

Extending the integrated modeling framework, a comprehensive spatial database for the southeastern

United States is developed. This database serves as a valuable resource for both ecological and economic

modeling frameworks, providing inputs for regional-scale modeling and enhancing the accuracy and relevance

of forest carbon projections in this important region. The database integrates diverse data sources, including

remote sensing products, field measurements, and existing spatial datasets, into a coherent structure that

facilitates easy access and utilization for a wide range of ecological modeling and management applications.



The final component of the thesis evaluates the interplay between NEP dynamics, stand age, and

management practices. This analysis provides insights into optimizing forest management for carbon

sequestration while balancing other objectives such as timber production and ecosystem health. By evaluating

NEP dynamics, peak, and decline with respect to stand age development and harvest management, the study

estimates optimal rotational ages for maximizing carbon sequestration using the process-based BIOME-BGC

modeling approach.

This comprehensive analysis provides a quantitative basis for determining optimal rotation ages in

managed forests and contributes to the ongoing debate around forest carbon permanence and tradeoffs

between near-term climate mitigation strategies in forestry. The findings have important implications for

forest management practices, carbon offset projects, and national greenhouse gas inventories, offering valuable

insights for policymakers and stakeholders seeking to enhance the role of forests in mitigating climate change.

By integrating multiple methodologies and disciplines, this research advances our understanding of forest

carbon dynamics under changing environmental and socioeconomic conditions.
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Chapter 1

Maximizing Net Ecosystem Productivity:

Integrating Chronosequence Analysis and

Ecosystem Modeling Across Contrasting

Biomes in North America

1.1 Abstract

Understanding ecosystem function and dynamics is essential for crafting effective, long-term forest management

strategies. Our study integrates chronosequence data, ecosystem modeling using BIOME-BGCMuSo, and

eddy covariance flux tower measurements to test the hypothesis that Net Ecosystem Productivity (NEP)

reaches its maximum at a similar relative age across different forest types. We focused on contrasting biomes

consisting of Northern Hardwoods, Douglas Fir, Jack Pine, Black Spruce and Southeastern hardwoods. Our

results show consistent NEP maximization across forest systems, with ecosystem modeling confirming peak

NEP at a relative stand age (ratio of stand age to site-specific longevity) of 0.32-0.35, and approaching

NEP of zero at a relative stand age of 0.7. Statistical analyses confirm consistency between chronosequence,

ecosystem model outputs, and eddy covariance measurements. Sensitivity analysis to future climate change

scenarios demonstrates the robustness of these findings. By synthesizing empirical data and process-based

modeling, this analysis addresses limitations of traditional chronosequence studies, enhancing our ability to

project net carbon sequestration across the complete lifespan of a stand. Our research provides quantitative

support for ecological theories of forest carbon dynamics and contributes to the debate on forest carbon

permanence and trade-offs in near-term climate mitigation strategies, such as harvest deferrals and stand

1



re-establishment.

1.2 Introduction

Forests accumulate carbon in vegetation via photosynthesis that is dependent upon solar radiation, nutrients,

and water. The conversion rate of visible wavelengths to plant biomass depends on multiple factors, including

climatic conditions, soil fertility, species-specific ecophysiological characteristics, disturbance regimes, and

successional dynamics of the regional ecosystem. Annually, a portion of accumulated biomass in above and

belowground vegetation transfers to the soil in the form of litter, root turnover, or tree mortality. The

magnitude of this transfer varies depending on the age and type of forest ecosystem, with higher tree mortality

potentially leading to a larger proportion of biomass turnover. This transferred biomass becomes an energy

source for decomposition of the organic matter, returning a portion of the carbon to the soil and atmosphere.

To date, forest carbon management strategies have focused on both maximizing storage of carbon in above

and belowground biomass, preserving carbon storage temporarily, or increasing the carbon flux (annual

sequestration rate) relative to some business as usual scenario.

The target of national and global C management policies is to reduce rising atmospheric CO2 concentration,

not necessarily maximizing carbon storage, so in this case maximizing sequestration, or the net C flux from

atmosphere to forest ecosystems, can be as or more important than maximizing and preserving storage. To

understand the difference between sequestration and storage strategies requires a thorough understanding of

carbon cycling and first principles of forest ecosystem development [1]. Cumulative C storage in forests is

the long-term result of dynamic carbon cycling processes, including interactions between the atmosphere,

vegetation, and soil.

The net ecosystem productivity (NEP) dynamics at a field are derived from the responses to the factors

controlling gross primary production (GPP) and ecosystem respiration (RE). Following a disturbance in the

forest ecosystems NEP patterns are regulated by the biological processes pertaining to ecosystem respiration,

varying over time. The heterotrophic respiration (RH) component in the ecosystem carbon losses increases as

disturbances cause the transfer of carbon to soils from both aboveground sources (fallen leaves, branches,

and stems) and belowground biomass, through the decomposition of dead roots, collectively increasing the

organic matter available for heterotrophic respiration [2, 3].

There are various meteorological and environmental factors that exert controls on the NEP, the factors

include solar radiation, air temperature, nutrients, water. Nitrogen deposition increases the NEP of forest

ecosystems in the nitrogen-limited environment [4]. A global analysis of 92 forests examined the relationships

between mean annual carbon flux, stand age, biomass, and management history, providing insights into

2



forest carbon dynamics across diverse ecosystems [5]. The results from the study indicate that the nutrient

availability is an essential component affecting the forest carbon balance and specifically the capacity of

the ecosystem to sequester carbon. Also, the structural variables like forest stand age, species composition

and canopy distribution are key controls in temporal variation of the ecosystem carbon fluxes. [6] develop a

stepwise regression analysis to identify the variables with the greatest effect on gross ecosystem productivity

(GEP), RE, and NEP. The study indicated for mature stands the combination of variables, mean growing

season volumetric soil water content and near surface soil temperature explains 85% and 86% of the GEP and

RE annual variability respectively, and growing season mean air temperature explained 44% of the variation

in annual NEP.

Soil respiration, the sum of autotrophic respiration by roots and heterotrophic respiration by decomposition

of organic matter below ground, is an important contributor in the forest carbon balance [7]. Forest succession

has a significant influence on soil respiration losses. Studies report the following patterns of response: total

soil respiration increased as stand grows from young to intermediate age, peaks for the intermediate age and

decreases as they grow old [8]. Soil respiration of old stands in deciduous hardwood forests with different

dominant species have analogous response to the stand development [9]. A few studies [10, 11] reported a

conflicting theory that the effect of stand age is specific to a geographical location and species composition

[12].

Although the environmental factors discussed above have some degree of influence on NEP, [13] found

that the statistical effect was minor for different structural and environmental variables in comparison to

forest age. The primary predictor for spatial and temporal variation of the NEP could be stand age [14], as

the forest age is a compound measure of different ecosystem carbon cycling processes.

The net primary production (NPP) and RH change with respect to stand age, during the initial years of

stand development, either a new establishment or a stand from regeneration after disturbance, the losses

due to RA (autotrophic root respiration) and RH (soil organic matter decomposition) exceed the carbon

sequestration. This results in forest ecosystems typically functioning as net carbon emission sources during

early stand development. The duration of this phase varies based on growth rates, site conditions, climate

variables, and post-disturbance effects. Rapidly growing forests generally transition to carbon sinks more

quickly than slow-growing ones, as carbon sequestration through photosynthesis and biomass accumulation

eventually surpasses carbon losses from respiration and decomposition. As the stand reaches intermediate age,

trees increase their leaf area and photosynthetic capacity due to which the NPP increases rapidly and the

decrease in availability of decomposable material reduces RH, a forest ecosystem typically becomes a carbon

sink within 10-20 years after regeneration and reaches its maximum potential of carbon sequestration during

the intermediate age. In the old growth forest, NPP declines due to the increase in limitation of soil nutrients,
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changes in stomatal control, and most importantly, alterations in the balance between carbon fixed through

photosynthesis and losses through respiration [15]. Stomatal control plays a key role in regulating this carbon

balance, especially in older trees where physiological adaptations may occur. The carbon dynamics in these

mature ecosystems are complex, and as a result, old-growth forests may function as a minor carbon sink,

remain carbon neutral, or even become a net emissions source, depending on various factors such as climate

and disturbance history [12, 16].

Odum[17] developed a theory of ecosystem carbon flux dynamics analogous to forest succession, based on

time series data from temperate forests. This model proposed that ecosystems undergo predictable changes

in energy flow and nutrient cycling as they mature. Odum’s theory was grounded in empirical data from an

earlier study on primary production and organic matter turnover in Western Pacific forests [18]. A key aspect

of this theory posits that old-growth forests are likely carbon neutral. According to this concept, the living

biomass in these mature ecosystems reaches a steady state, implying that additional carbon accumulation in

old-growth forests is negligible, and is likely counterbalanced by emissions from mortality and decay [19].

Using chronosequence data, one study estimated the carbon sink capacity of boreal black spruce forest in

central Manitoba to peak during the 11 to 36 old stand age and decrease to zero in 130-year-old stands [20].

Other studies focused on NEP dynamics due to disturbances in the ecosystem. The post-harvest boreal

jack pine forest exhibits a similar trend, stands turn into carbon sink from source at the age of 29 and then

the capacity declines [21]. A large measure of NEP was projected for 19-year-old white pine forests, with

a subsequent decrease observed in older forest ages. This finding was based on both biometric and eddy

covariance methods applied to chronosequence data [22].

While the majority of studies support Odum’s theory ‘Strategy of Ecosystem Development’ there are other

studies with contrasting conclusions [23, 24, 25]. [26] evaluated forest carbon flux estimates from literature

and databases and determined that old-growth forests persist to sequester carbon, opposing the longstanding

understanding that they are carbon neutral. [27] suggested that various types of old growth stands can be

a significant sink of carbon, complements outcomes of [28] from old growth forest sites in Northern Rocky

Mountains. [29] reported that temperate old-growth forests continue to fix carbon in the terrestrial ecosystem,

attributed to increase in above ground biomass in large trees.

In this manuscript, we estimate the relative stand age for diverse forest ecosystems at which the productivity

is maximized and determine the NEP variation through stand development. Our approach involves using

chronosequence data and ecological modeling for different forest species to characterize temporal patterns of

NEP as forests mature. Specifically, we conduct the following analyses to project peak NEP for different

forest types in North America:
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1. Form chronosequence sites and perform ecosystem model simulations for the forests in Northwestern

and central America region to project patterns of NEP and cumulative NEP across the gradient of a

stand.

2. Estimate the relative stand age at which the NEP maximizes throughout the life of a stand.

3. Validate the optimal stand age theory for Southeastern US forests using theoretical relative stand age

for maximum NEP.

4. Conduct sensitivity analysis of NEP to future atmospheric CO2 concentrations and N deposition rates

consistent with projected future climate changes and socioeconomic developments.

We hypothesize that the measured pattern of forest NEP dynamics during stand age development supports

the hypothesized NEP conceptual model proposed by Odum (1969) [17]. Specifically, we assume that, NEP,

or annual carbon sequestration, varies with stand age and old-growth stands are not significant carbon sinks.

Additionally, we proposed that in ideal conditions, the relative stand age for maximizing NEP would not vary

for different forest ecosystems, though the disturbance and other external meteorological and environmental

variables could result in slight variations in the optimal relative stand ages.

Our study provides quantitative support for long-standing ecological theories of forest carbon dynamics

while offering novel insights into optimizing forest management for carbon sequestration. By integrating

chronosequence data, ecosystem modeling, and eddy covariance measurements across diverse North American

forest types, we address key knowledge gaps in understanding NEP dynamics. Our approach overcomes

limitations of traditional chronosequence studies by using the Biome-BGCMuSo model [30, 31, 32] to fill data

gaps and project long-term NEP trends, particularly for old-growth forests. This comprehensive integration

of empirical data and process-based modeling advances our ability to predict and manage forest carbon

sequestration across diverse ecosystems and temporal scales, providing a quantitative basis for determining

optimal rotation ages in managed forests. Our findings also contribute to the ongoing debate around forest

carbon permanence and tradeoffs between near-term climate mitigation strategies in forestry, including

harvest deferrals and stand re-establishment.

1.3 Materials and Methods

NEP data used in this study is compiled for forest chronosequences in North America containing different

stand ages to capture the average lifespan of the dominant tree species. This analysis includes chronosequences

containing critical stages in ecosystem development for each ecosystem that provides better experimental
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control than an unmatched collection of ad hoc sites. Estimates for the NEP were calculated using both

micrometeorological eddy-covariance (EC) and biometric (B) methods. To select appropriate chronosequences

for analysis, certain criteria were applied. These criteria included:

• The chronosequence needed to consist of at least three stands from unmanaged sites of varying ages,

originating from regeneration following both natural and anthropogenic disturbances.

• The oldest stands within the chronosequence had to reach over 50% of the average lifespan of the

dominant tree species.

• NEP measurements for old-growth stands had to be conducted for more than one year or using multiple

approaches. This last criterion is crucial due to the significant year-to-year variation in NEP.

Following these criteria, we identified five forest types with robust chronosequences, which encompass both

boreal and temperate forests. A summary of the characteristics of each site is presented in Table 1.1 of

Appendix A. Specifically, the sites JP-S (Jack Pine, Saskatchewan), BS-Q (Black Spruce, Quebec), and DF-P

(Douglas Fir, Pacific Northwest) have experienced disturbances from both wildfire and harvest, while NH-W

(Northern Hardwoods, Wisconsin) has undergone disturbances from wind and harvest, and BS-M (Black

Spruce, Manitoba) has been impacted solely by wildfire. The chronosequence data included in our study

originated after these disturbances, providing a critical basis for understanding forest recovery and ecosystem

dynamics.

In order to effectively model our chronosequence data, we employed standard linear and polynomial

equations. We identified missing values within the data for intermediate stands of certain species. Additionally,

we applied a non-spatial version of the ecosystem process-based model, Biome-BGCMuSo. This strategy

provides simulated NEP curves over time, which represent forest succession.

Coupling the simulated results with the fitted polynomial curves derived from the chronosequence data,

we project the optimal age at which NEP peaks for different species. These approaches complement each

other and provide significant insights into variables that play a pivotal role in influencing NEP in forest

ecosystems.

Our empirical modeling process incorporates a relative stand age variable, calculated using the generic

longevity of the four forest species [33]. We verified these longevity values by examining literature on the

chronosequence data sites to confirm the presence of stands reaching these ages. This allows us to estimate

the relative stand age at which NEP maximizes for these representative forest types and to extend this

framework to forest species in the southeastern United States, with the goal of enhancing NEP.
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Table 1.1: Summary of basic chronosequence characteristics.

Species Location Stand Age & Code Longevity* Latin

Technique Name

Black spruce Manitoba, † 0, 5, 14, 22, 39, 73, 154 BS-M 250-300 Picea

Canada ‡ 1, 5, 14, 22, 39, 73, 146-155 mariana

Jack pine Saskatchewan, † 0, 5, 10, 29, 79 JP-S 150-200 Pinus

Canada ‡ 2, 3, 7-11, 29-31, 86-93 banksiana

Black spruce Quebec, † 2-10, 33-35, BS-Q 250-300 Picea

Canada † 101-107 mariana

N.hardwoods1 Wisconsin, † 7, 70-76, NH-W 300-400 Acer

USA † 352-356 saccharum

Douglas fir PNW2, † 1-6, 14-18 DF-P 500-1000 Pseudotsuga

Canada & USA † 9-56, 450-460 menziesii

* General longevity (years)[33] ‡ Biometric method (NPP – RH) † Eddy Covariance method

1 Northern hardwoods 2 Pacific Northwest

We estimated the longevity of stands for each site by starting with the general longevity of species (Table

1.1) and then adjusting this estimate based on the oldest recorded stands from each site (Table A.1). This

approach ensures that our longevity estimates are grounded in both species-specific data and site-specific

observations, preventing unrealistic longevity values that might occur if stands were living significantly beyond

their typical lifespan. We determined the relative stand age of the forest using the formula below.

Relative stand age = stand age=longevity of the stand;

The chronosequence data reveals significant gaps for intermediate stands with relative stand ages between

0.20 to 0.50, limiting our ability to effectively test hypotheses for forests in this critical developmental

stage. To address this limitation and provide a more comprehensive analysis, we employ the ecosystem

process model Biome-BGCMuSo. This model and its previous versions have been widely used to simulate

carbon fluxes, ecosystem processes, and forest productivity at stand and regional scales [34, 35, 36, 37]. By

integrating Biome-BGCMuSo simulations with our chronosequence data, we validate NEP trends across the

forest developmental stages and test our ecological theory that different forest types will achieve peak NEP

at similar relative stand ages.

To assess the consistency between the measured chronosequence data and the modeled NEP results, we

performed the Kolmogorov-Smirnov (KS) test [38, 39]. For this analysis, we refined the chronosequence data
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to focus on the core stand development process by excluding initial negative NEP values typically associated

with post-disturbance recovery. This refinement allows for a more direct comparison of stand age effects

on NEP dynamics, isolating it from the complex influences of disturbance regimes and site-specific factors

such as initial carbon and nitrogen pools in vegetation and soil (CN State), and initial soil water content

(W State), which are not captured in our BBGCMuSo model initialization. From the model outputs, we

extracted annual cumulative NEP, NPP, and RH output variables, which represent sum of daily NEP, NPP

and RH over each year. These modeled values provide a consistent basis for comparison with the refined

chronosequence data.

We conducted a two-sample KS test with the null hypothesis that the distribution of NEP values from

the chronosequence data and the modeled NEP data are drawn from the same continuous distribution. This

approach allows us to quantitatively evaluate the similarity between observed and modeled NEP patterns

across stand development, providing insight into how well the model captures the fundamental age-related

trends in forest carbon dynamics.

Figure 1.1: Map to display all NEP site locations in the North America region.

To validate NEP dynamics across different biomes, we extended our analysis to include non-chronosequence
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sites in the southeastern United States. For this purpose, we utilized EC flux tower data and Biome-BGCMuSo

(BBGCMuSo) modeling for two independent sites: National Ecological Observatory Network (NEON)- Blandy

Experimental Farm (BL), Ameriflux site ID: US-xBL [40], and NEON-Mountain Lake Biological Station

(ML), Ameriflux site ID: US-xML [41] (Figure 1.1). Both sites represent upland hardwoods and bottomland

hardwoods of the southeastern United States, specifically featuring Red Maple (Acer rubrum) and Black Oak

(Quercus velutina). Red Maple reaches maturity at 80 years, with a general longevity of 150 years, while

Black Oak matures at 100 years and lives for about 150-200 years [33]. The NEON terrestrial site vegetation

structure data [42] suggests that the dominant woody vegetation at the base tower sites is approximately

100-120 years old as of 2021. Based on this information, we considered a longevity of 100 years for the forests

located at the BL and ML sites.

1.3.1 Data Acquisition and Preprocessing for Biome-BGCMuSo:

The one-dimensional Biome-BGCMuSo model requires several meteorological variables, including daily

maximum (Tmax ) and minimum temperatures (Tmin ), average daytime temperature (Tday ), total daily

precipitation (Prcp), daylight average vapor pressure deficit (Vpd), and shortwave radiant flux density (Swrd).

We acquired these data for the five selected chronosequence sites and two additional sites located in the

southeastern United States. For these sites, we utilized Daymet data[43, 44], which provides daily weather

parameters on a 1 km x 1 km grid over North America. The Daymet data covers the period from 1980 to 2023.

For sites located in Canada, we incorporated historical climate data records from the Canadian Climate Data

website [45], covering the period from 1885 to 1980. For the Wisconsin site, we used data from the Wisconsin

Climatology Office website [46], which spans from 1893 to 1980. Additionally, for Quebec, historical data

from the publication available at the Royal Meteorological Society’s online library has been incorporated

[47], providing a continuous climate record from 1809 to 1980. This combination ensures a comprehensive

historical climate record for each site location of our study. Table 1.2 provides a summary of key data inputs

used in the Biome-BGCMuSo model simulations across the study sites, including mean annual temperature

(MAT), mean annual precipitation (MAP), climate data sources, elevation, and soil characteristics.

We also acquired projected meteorological data to simulate the influence of increased atmospheric CO2 and

nitrogen on NEP dynamics (refer to Section 4.4.1, Appendix A). The climate data was sourced from the NASA

Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) product, which provides downscaled

climate projections with global coverage [48]. These projections are derived from General Circulation Model

(GCM) simulations conducted as part of the Coupled Model Intercomparison Project Phase 5 (CMIP5),

originally developed to support the Fifth Assessment Report of the Intergovernmental Panel on Climate
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Change (IPCC AR5).

Table 1.2: Overview of key inputs and climate data for BBGCMuSo

Code MAT MAP Climate Source Years E S.A S.P C% Si% Sa% Fig

BS-M
-2.30

-0.41

51.61

51.27

Observed[44, 45]

Projected[48]

1943-2023

1950-2100

261 0.09 4.5 35 32 34
1.4

1.7

JP-S
0.84

3.40

40.51

40.24

Observed[44, 45]

Projected[48]

1884-2023

1950-2100

428 0.15 7.2 23 53 24
1.4

1.7

BS-Q
2.09

2.51

88.13

94.67

Observed[44, 45]

Projected[48]

1809-2023

1950-2100

395 0.09 4.7 5 11 85
1.4

1.7

NH-W
4.67

6.44

252.30

82.36

Observed[44, 46]

Projected[48]

1893-2023

1950-2100

524 0.15 6.2 11 19 71
1.4

1.7

DF-P
9.21

9.25

138.79

190.89

Observed[44, 45]

Projected[48]

1914-2023

1950-2100

182 0.11 4.7 5 11 85
1.4

1.7

BL 12.46 104.12 Observed[44] 1980-2023 184 0.16 6.4 29 28 43 1.6

ML 8.85 137.65 Observed[44] 1980-2023 1162 0.16 5.2 20 37 43 1.6

MAT = Mean annual temperature (� C), MAP = Mean annual precipitation total (cm), E = Elevation (m),

S.A = Shortwave Albedo, S.P = Soil pH, C% = Clay%, Si% = Silt%, Sa% = Sand%

The NEX-GDDP dataset includes two key Representative Concentration Pathways (RCPs), RCP 4.5 and

RCP 8.5, which represent different greenhouse gas emissions scenarios. We utilized the RCP 4.5 scenario,

which assumes stabilization of radiative forcing at 4.5 W/m2 before 2100 through various emissions reduction

strategies. Downscaled projections are available for 21 distinct models and scenarios, each providing (Tmax ),

(Tmin ), and (Prcp) data from 1950 to 2100 at a spatial resolution of 0.25 degrees (approximately 25 km

by 25 km). For our analysis, we selected the GFDL-CM3 model for historical data from 1950-2005 and

future projections under the RCP 4.5 scenario from 2005-2100.The GFDL-CM3 model is a suitable option for

analyzing North American climate due to its improved representation of local-scale processes and regional

climate patterns[49, 50].

In order to calculate the specific climate variables required by the model that were not directly available

from the original datasets, we utilized the MT-CLIM model [51]. Developed by the Numerical Terradynamic

Simulation Group (NTSG) at the University of Montana, MT-CLIM was instrumental in filling gaps where

certain variables were missing. For example, the Daymet dataset does not include the average daytime
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temperature (Tday), and the recorded climate data from the Wisconsin and Canadian datasets only provided

precipitation, Tmax, and Tmin. Similarly, the NASA Earth Exchange Global Daily Downscaled Projections

(NEX-GDDP) future climate dataset [48], provides only (Tmax ), (Tmin ), and (Prcp). In all these cases,

MT-CLIM was used to calculate the missing variables.

The climate data were processed using Python, using the pandas library [52, 53] for data manipulation

and analysis. The code was structured to merge datasets seamlessly, convert units as needed, ensure

consistency across different datasets, and extrapolate climate data to simulate the longevity of selected

chronosequence sites - forest types, including Jack Pine, Black Spruce, Northern Hardwoods, and Douglas

Fir. This extrapolation was achieved by recycling comprehensive climate data, which had been merged from

various sources, to simulate long-term climate conditions. This method was applied to better reflect longer

relative lifespans of forest types in our model, including the 750-year-old Douglas Fir forests in the Pacific

Northwest, where spatially and temporally resolute climate data are not available over such an extended

period.

For site-specific characteristics required by BBGCMuSo, we utilized various spatial datasets. Elevation data

was obtained from the Shuttle Radar Topographic Mission (SRTM) Digital Elevation Model (DEM), which

covers 80% of Earth’s land surfaces [54]. Shortwave albedo was derived from the Moderate Resolution Imaging

Spectroradiometer (MODIS) MCD43A3 version 6.1 product, provided by NASA, which generates daily data

using 16 days of Terra and Aqua MODIS observations at 500-meter resolution [55]. Soil characteristics

were sourced from multiple databases: for U.S. sites, soil depth was obtained from the Gridded Soil Survey

Geographic Database (gSSURGO) [56, 57], while for Canadian sites, it was derived from the National Soil

Database (NSDB) Soil Landscapes of Canada (SLC) version 2.2 [58]. The percentage of sand and silt, as well

as soil pH for 10 different depth layers, were extracted from SoilGrids [59] using the ’createSoilFile’ function

in the RBBGCMuso package [60]. This comprehensive approach ensured thorough soil data coverage across

all study sites, providing the necessary inputs for the BBGCMuSo model at multiple soil depths. For each

site, we used R programming to extract the specific values from these spatial datasets at the exact latitude

and longitude coordinates of our study locations. This process ensured that we obtained precise, site-specific

input parameters for the model.

1.3.2 Biome-BGCMuSo model

Biome-BGC is a widely recognized and popular biogeochemical model designed to simulate the intricate

dynamics of water, carbon, and nitrogen in terrestrial ecosystems. This process based model was developed by

the NTSG at the University of Montana. The model version 4.2 is the latest version released and published by
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NTSG. Over the years, to meet evolving demands and enhance model performance, researchers have updated

versions of Biome-BGC for diverse applications. Biome-BGCMuSo (Biome BioGeoChemical cycles Multi-layer

soil Module) version has been developed by Plant ecology research group of Hungarian Science Academy. This

version includes model enhancements, transitioning from a basic one-layer soil module to a more sophisticated

multilayer soil module, which is designed to be compatible with both complex and simpler soil representations

for improved flexibility in various modeling scenarios. Biome-BGCMuSo integrates features such as drought

induced plant senescence, improved phenology, addition of management module for croplands, forests and

grasslands. The Biome-BGCMuSo model code was also updated to run in R.

The BBGCMuSo model requires ecophysiological parameters attributed to leaf area index, maximum

photosynthetic rate, tree height, stomatal conductance, nitrogen use efficiency, and some soil properties like

soil carbon and nitrogen availability. For these parameter values we have reviewed previously published [61]

White et.al., 2000, [62], and [63]. For the site initial conditions, we have simulated a spin up run of the model

that stabilizes water, nutrients and carbon to an equilibrium state and these values are used for a normal run.

We incorporated a dynamic mortality function to better represent natural forest development. Specifically,

we used a horizontal S-function for mortality[35]. This elliptical trajectory of annual mortality mimics the

small developmental cycle of natural forest ecosystems without human-induced harvesting, with mortality

rates fluctuating between 0.001 and 0.06 [64, 65]. This approach allows for a more realistic representation of

forest dynamics compared to constant mortality rates.

For the core simulations in our study, we used historical climate data with constant atmospheric CO2

concentration (290 ppm) and nitrogen deposition (0.0005 kgN/m2=yr) to represent stable environmental

conditions. These constant values provide a baseline for understanding forest carbon dynamics under historical

conditions.

1.3.3 Sensitivity Analysis

To evaluate the influence of key environmental factors and BBGCMuSo model parameters on NEP across

different forest types, we conducted a sensitivity analysis. This analysis focused on atmospheric CO2

concentration, nitrogen deposition, mortality rates, model spin-up, and ecophysiological parameters. Recent

studies have demonstrated relatively stable trends in nitrogen deposition (Ndep) across North America.

In Canada, a minimal decrease in Ndep was observed across multiple sites, with a reduction of only 0.21

kgN/ha=yr (0.000021 kgN/m2=yr) between 2000-2004 and 2014-2018, representing just 3.5% of the annual

average Ndep of 5.95 kgN/ha=yr during 2014-2018 [66]. Similarly, the Southeastern United States has shown

stable Ndep rates, with projections indicating minimal variations through 2100 based on long-term trends and
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atmospheric modeling [67, 68, 69, 70]. Given the consistent stability of Ndep patterns across these regions,

using the most recent published nitrogen deposition values [71] for projections through 2100 was deemed

appropriate. We simulated two distinct scenarios to assess the impact of atmospheric CO2 and nitrogen

deposition on NEP. Modeling phases like spin-up, mortality, and ecophysiological (EPC) parameters, were

held constant to isolate the effects of CO2 and nitrogen deposition. Specifically, we used a constant mortality

rate of 0.005 yr( � 1) in the EPC parameters, as this value has been commonly used in site-specific modeling

studies [62] in the past and is consistent with the mean parameter values outlined by White et.al.,(2000) [61]:

• Constant conditions: Atmospheric CO2 concentration was fixed at 290 ppm, and total nitrogen

deposition (wet + dry) was set at 0.0005 kgN/m2=yr.

• Annually varying conditions: CO2 concentrations were based on historical data and future projections

for a 150-year period from 1950 to 2100. CO2 concentrations ranged from approximately 310.65 ppm in

1950 to projected values of 538.35 ppm by 2100 [72, 73, 74, 75]. Nitrogen deposition rates varied from

about 0.00026 to 0.00096 kgN/m2=yr over the same period, derived from published literature [76, 66,

71, 68, 67]. These annual values for both factors were incorporated into the model. A figure showing

the annual time series of CO2 concentrations and nitrogen deposition variations is included in Appendix

A (Section 4.4.1).

For the sensitivity analysis of other phases and parameters, we used future climate projections while

keeping constant CO2 290 ppm and nitrogen deposition 0.0005 kgN/m2=yr values. To assess the impact of

mortality rates on NEP patterns, we simulated two scenarios: one with constant mortality and another with

annually varying mortality. For the dynamic scenario, annually varying mortality rates utilized a horizontal S

function [35], while maintaining consistent model phases, and CO2, nitrogen deposition values as mentioned

above across both scenarios (detailed in Appendix A). The impact of model spin-up on NEP was assessed

by running simulations with and without the spin-up phase. For the scenario without spin-up, we directly

initiated the normal phase simulation, effectively skipping the spin-up process. Both scenarios maintained

identical settings for the normal phase, allowing for a direct comparison and quantification of the spin-up’s

influence on NEP magnitude and patterns.

1.4 Results

Our analysis of chronosequence data and Biome-BGCMuSo model simulations across five forest types in

North America revealed consistent patterns in NEP dynamics relative to stand age. These findings underscore
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the importance of understanding NEP trends for effective forest management and carbon cycle modeling.

The chronosequence data for five forest types (DF-P, JP-S, NH-W, BS-Q, BS-M) are illustrated in Figure 1.2.

The data points are plotted against relative stand age, ranging from 0 to 1, with different colors used for each

forest type. Fitted polynomial curves are shown to highlight how data gaps are causing large peak values for

DF-P and NH-W.

Figure 1.2: Chronosequence data and fitted polynomial curves for five forest types plotted against relative

stand age.

The figure plots hypothetical NEP transitions from young to older relative stand age to reflect the general

hypothesis that different forest types will achieve peak NEP and converge to zero NEP at similar relative

stand ages. Importantly, we lack consistent chronosequence data for intermediate stands, which helps explain

the arbitrarily large peaks for NH-W and DF-P from the fitted polynomials. The average lifespan of the

dominant tree species in the studied chronosequences ranged from 100 years for Jack Pine forests in Canada

to 750 years for mixed Douglas-fir forests in the Pacific Northwest of the USA and Canada.

The chronosequence data for all the forest types exhibited the four hypothesized stages of ecosystem
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development: initial negative NEP in young stands, increasing NEP to a maximum in intermediate stands,

decreasing NEP in mature stands, and highly variable but near-zero NEP in old-growth stands. The multi-year

or multi-method NEP for the five old-growth forests averaged (� standard deviation): BS-M: -0.02 � 0.41 tC

ha� 1 yr� 1, JP-S: 0.30 � 0.27 tC ha� 1 yr� 1, BS-Q: 0.12 � 0.09 tC ha� 1 yr� 1, NH-W: -0.01 � 1.12 tC ha� 1

yr� 1, and DF-P: 0.48 � 0.88 tC ha� 1 yr� 1. The overall average NEP for old-growth stands was 0:13 � 0:29

tC ha� 1 yr� 1. Young stands (relative age < 0.1) exhibited negative NEP values, ranging from -0.5 to -2.0 tC

ha� 1 yr� 1, depending on site conditions and disturbance history.

Figure 1.3: NEP values in old-growth forests with statistical significance.

The distribution of chronosequence NEP values for old-growth forests is illustrated in Figure 1.3. We

conducted a two-sample t-test with the null hypothesis that the NEP value for old-growth stands is zero. The

results show consistent findings for three of the five forest types, while two sites present inconclusive evidence

due to data limitations. For BS-M, NH-W, and DF-P, we cannot reject the null hypothesis, suggesting that

NEP values for these old-growth forests are indeed close to zero. BS-M and NH-W, with data available

from 0.78-0.90 relative stand age, show high p-values, strongly supporting this conclusion. For DF-P, the

p-value of 0.1 indicates weaker evidence, as data is lacking beyond a 0.62 relative stand age, but still fails

to reject the null hypothesis. In contrast, the results for BS-Q and JP-S appear to contradict the overall

trend, with p-values allowing us to reject the null hypothesis and suggesting significantly different NEP from

zero. However, this discrepancy is likely due to insufficient data for truly old-growth forests in these sites.

For BS-Q, data is available only for relative stand ages of 0.51-0.54, representing up to 107 years, while its

15



longevity can reach 200 years. Similarly, for JP-S, data covers relative stand ages of 0.50-0.62, representing

up to 93 years, with longevity close to 150 years. These findings highlight the importance of comprehensive

data across the full lifespan of forests and the challenges in accurately determining NEP trends in old-growth

stands when data is limited.

Figure 1.4: BBGCMuSo model NEP simulations for five forest types.

Our ecosystem model simulations indicate that the relative stand age at which NEP peaked was consistent

across forest types, ranging from 0.32 to 0.35, corresponding to 51 years for Jack Pine, 67-71 years for Black

Spruce, 117 years for Northern Hardwoods, and 242 years for Douglas-fir.

The process-based modeling approach did not incorporate historical disturbances or initial carbon losses,

which explains the absence of initial negative NEP in the simulations. This simplification was adopted due

to the complexity of accurately modeling historical disturbances, especially for older sites where detailed

disturbance data is often unavailable. Our focus was on capturing long-term NEP dynamics across different

forest types, particularly in mature and old-growth stages where the impact of initial disturbances on overall
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NEP trends is minimal.

Despite this simplification, our model results align well with the chronosequence data, as demonstrated by

the KS test results (Table 1.3). Maximum NEP values at peak ages ranged from 1.05 to 5.09 tC ha� 1 yr� 1

across forest types. The modeling results for the five sites also indicate that when the relative stand age is

approximately 0.7, the forest ecosystems are becoming carbon neutral or carbon sources. Figure 1.4 illustrates

the NEP curves generated through Biome-BGCMuSo model simulations for each forest type, showing the

dynamics of NEP over the lifespan of the forest. These curves demonstrate the NEP dynamics and align

with Odum’s theory: initial low NEP close to zero, a rise to a maximum during intermediate phase, and a

decline to zero or negative in old-growth forests. We used these annual NEP values to generate the best-fit

polynomial curves corresponding to relative stand age in Figure 1.5, which eliminates short-term minor

fluctuations and provides a clearer understanding of the general trend of NEP variation with respect to stand

age. The curves are plotted against relative stand age for comparison. The equation and R2 value for each

polynomial fit are also shown on the graph.

Figure 1.5: Best-fit polynomial curves for simulated NEP across relative stand ages.

To validate the NEP theory across different biomes, we analyzed the NEP patterns from modeled outputs

and EC flux tower data for the Southeastern US sites (Figure 1.6). The modeled NEP dynamics align

with the four hypothesized stages of ecosystem development: (1) low NEP close to zero during early stand
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development, (2) increasing NEP in intermediate stands, (3) declining NEP in mature stands, and (4) variable

but near-zero NEP in old-growth stands. Our results from chronosequence data and model simulations that

NEP peaks at a relative stand age of 0.32–0.35, is consistent for the southeastern sites, with simulated NEP

peak corresponding to approximately 32 years for both the sites (BL & ML). Additionally, we included flux

tower data from the southeastern US as referenced in [77]. For the BL site [40], the net ecosystem exchange

(NEE) values were recorded as follows: 2017: -232.66 gC m� 2 yr� 1, 2018: -346.74 gC m� 2 yr� 1, 2019: -269.00

gC m� 2 yr� 1, 2020: -500.02 gC m� 2 yr� 1, and 2021: -203.21 gC m� 2 yr� 1. For the ML site [41], the NEE

values were: 2019: -11.35 gC m� 2 yr� 1, 2020: -81.98 gC m� 2 yr� 1, and 2021: -68.43 gC m� 2 yr� 1. These

NEE values represent the negative of the corresponding NEP values, providing a measure of the carbon flux

at these sites.

The NEP values from EC flux tower data are plotted alongside BBGCMuSo simulations in Figure 1.6,

showing strong alignment between modeled and observed NEP trends. The figure illustrates annual NEP

curves for two sites (BL & ML). Different colored lines represent model output, while black points indicate

EC flux tower data. The top graph shows the ML site, while the bottom graph depicts the BL site. Inset

1:1 plots, comparing modeled and observed daily NEP values from EC flux tower data, further validate this

consistency, demonstrating strong correlation between BBGCMuSo model outputs and EC measurements.

The daily and annual NEP EC data span 2017-2021 for the BL site and 2019-2021 for the ML site.

This figure reinforces the model’s reliability and support the chronosequence results and Odum’s theory

of ecosystem development. It is worth noting that while chronosequence data show initial negative NEP, our

model projections show values close to zero but not negative. This discrepancy can be attributed to the lack

of disturbance history incorporated in our model simulations due to insufficient data on specific disturbance

events. This limitation resulted in a slight overestimation of NEP values during early stand development,

where the model projects low positive values instead of the negative values observed in chronosequence data.
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Figure 1.6: BBGCMuSo annual NEP curves for BL and ML sites compared with EC flux measurements.

The results from KS test summarized in Table 1.3 indicate that, for most sites, the null hypothesis that

the Chronosequence data and BBGCMuSo modeled NEP data come from the same continuous distribution

cannot be rejected. This supports the model’s reliability in predicting NEP trends across these forest types.

However, for the Jack Pine site (JP-S EC vs Modeled), the p-value was 0.0628, slightly above the typical

significance threshold of 0.05. This suggests a marginal difference, likely due to the limited number of data

points available for this site using the EC method, which includes only three data points. In contrast, the

chronosequence data using B method for JP-S shows stronger agreement with a p-value of 0.3898. The

limited data points for JP-S EC method highlight the importance of having comprehensive data for accurate
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validation of the model outputs. Overall, the KS test results support the robustness of the model in predicting

NEP trends across different forest types, with the exception of the Jack Pine site, where the limited data

points may have affected the reliability of the comparison.

Table 1.3: KS test results comparing chronosequence data with BBGCMuSo Annual NEP data

Forest type Comparison D-statistic P-value

BS-M EC vs Modeled 0.2173529 0.3893626

BS-M B vs Modeled 0.2950000 0.7031372

BS-Q EC vs Modeled 0.3150000 0.2503075

JP-S EC vs Modeled 0.3416667 0.0628411

JP-S B vs Modeled 0.4812500 0.3898126

NH-W EC vs Modeled 0.2892713 0.1988500

DF-P EC vs Modeled 0.1624762 0.3404959

1.4.1 Sensitivity Analysis

The sensitivity analysis exhibits significant effects of atmospheric CO2 and nitrogen deposition have across all

forest types. Figure 1.7) illustrates the NEP trends for five different forest types: BS-M, BS-Q, JP-S, NH-W,

and DF-P under three distinct scenarios. The first column illustrates core simulations conducted under

historical climate conditions, where atmospheric CO2 is held constant at 290 ppm, along with a fixed nitrogen

deposition rate (0.0005 kgN/m2=yr). The second column depicts simulations under future climate conditions

while keeping CO2 and nitrogen deposition rates constant and same as the core simulations mentioned above.

Finally, the third column shows simulations under future climate conditions with annually varying CO2

(310.65 - 538.35 ppm) and nitrogen deposition rates (0.00026 - 0.00096 kgN/m2=yr), based on published

literature. Each scenario highlights different NEP responses to static and dynamic atmospheric conditions.

Key differences in NEP responses were observed, with the most notable being the magnitude of maximum

NEP. This was substantially higher with dynamic CO2 and nitrogen deposition scenario compared to static

and core simulations. In core simulations, NEP trends follow a consistent pattern, where forests steadily

sequester carbon, peaking at a specific range of relative stand ages across forest types. After this peak,

NEP gradually declines to zero or transitions to a carbon source. However, the sensitivity analyses, which

incorporate future climate projections, span only 150 years due to the limitations of available climate data

and model projections. As a result, the NEP cycles in these analyses are incomplete, and the curves do not
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