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ABSTRACT 

 Forests are dynamic systems and species composition change is a natural part of 

forest dynamics; however, growing evidence shows accelerated species composition 

changes in eastern North America with links to climate change. Several studies have 

focused on the eastern United States, but none have used long-term range-wide data from 

the USA and Canada. Here, we combine Forest Inventory and Analysis (FIA) data from 

the USA with several Canadian provincial datasets to assess drivers of plot-level change 

in average tolerance. Results show that disturbances, both human and natural, are mainly 

driving short-term changes in tolerance. Initial stand conditions also influence rates of 

changes in average tolerance. Climate, and more specifically climate change, have minor 

impacts on tolerance except when coupled with severe disturbances. Understanding 

factors influencing changes in tolerance and identifying changes beyond those expected 

under natural development enables a better understanding of the scope of potential 

changes driven by climate change.  
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1 Introduction 

Forests are dynamic systems and changes in species composition are a normal 

part of the stand development process (Drury and Nisbet 1973; White 1979; Oliver and 

Larson 1996). There are many factors that drive species composition change (Botkin 

1990; Oliver and Larson 1996; Pickett et al. 2009; Taylor et al. 2020). Recently, concern 

has grown over the potential for accelerating climate change to drive species composition 

change beyond what is understood to occur due to natural succession (Iverson and Prasad 

2001; Lafleur et al. 2010; Bose et al. 2017; Fei et al. 2017; Zhang et al. 2018). 

Understanding the role of endogenous processes, such as competition (inter- and intra-

specific) and nutrient availability, versus exogenous processes such as herbivory, 

disturbance, and climate change, is important for assessing forest resilience to climate 

change (Fischer et al. 2006; Fei et al. 2017; Taylor et al. 2020), for modeling the impacts 

of climate change on species composition (Scheller and Mladenoff 2005; Bose et al. 

2017), and for assessing impacts of these changes on ecological processes and economic 

values (Rosenzweig 1995; Magurran 2003; Fischer et al. 2006; Fei et al. 2017). 

Changes in species composition, as driven by climate change, are of growing 

concern because of the significant implications on ecosystems and living environments 

(Fischer et al. 2006; Luque et al. 2013). Indeed world-wide warming trends are now 

associated with changes in forest structure, including changes in species composition. In 

eastern North America, Fei et al. (2017) observed a westward, and less obvious 

northward, shift in species range limits. Zhang et al. (2018) attributed this shift to a 

response of vegetation to changes in precipitation and soil moisture availability, with 

forest tree species composition changing toward more drought-tolerant species. It is 
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further thought that these types of shifts will be an additional driver to further accelerate 

shifts in species composition, as the range in species tolerance decreases (Bose et al. 

2017).  

The normal process of species composition change, referred to as plant succession 

or vegetation dynamics, was formally described by Clements (1916). Succession was, 

and continues to be, the focus of much ecological research since Clements first proposed 

the concept over a 100 years ago (Egler 1954; Odum 1969; Drury and Nisbet 1973; 

White 1979; Oliver 1980; Huston and Smith 1987; Pickett et al. 2009; Taylor et al. 2020). 

In the absence of exogenous disturbance, the general pattern of forest succession is 

traditionally depicted as a more or less linear process: shade-intolerant pioneer species 

invade sites after major disturbance(s), and are replaced by increasing shade-tolerant 

species over time (Clements 1916; Gleason 1927; Botkin 1990). However, 100 years of 

research shows succession is more complicated than traditionally conceptualized, with 

multiple succession pathways arising, depending on many interacting ecological 

mechanisms (Drury and Nisbet 1973; White 1979; Oliver 1980; Oliver and Larson 1996; 

Pickett et al. 2009; Taylor et al. 2020). To help formally describe these mechanisms, 

Taylor et al. (2020) proposed the “Forest Succession Triangle”, where they hypothesized 

that forest succession is driven by (1) differences in individual species’ performances in 

response to (2) changes in the environment, and (3) the 3 local availability of different 

tree species. The succession triangle hypothesis (Taylor et al., 2020) provides a useful 

framework for understanding and assessing factors driving changes in species 

composition.  
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For example, for a species to establish itself on a given site, its propagules must 

be able to reach that site (Veblen 1992; Pannell 2012; Diggins 2013). For species that 

already occupy a site, this does not pose a problem – propagules are generally available 

and other factors, such as environmental conditions, may limit successful establishment 

and development (Veblen 1992; Shields et al. 2007). For nearby species, they must be 

able to disperse their propagules to reach new sites (Howe and Smallwood 1982; 

Gutterman 1994; Wright et al. 2008). Over longer time frames, species ranges shift in 

response to long-term climatic cycles (MacArthur 1984; Franklin 2019), which would 

eventually affect species availability. While tree species migration is generally 

considered a slow process (Approximately 2m/yr, Matlack 1994), however, many studies 

have expressed concern that climate change is accelerating this process (Lafleur et al. 

2010; Fei et al. 2017; Zhang et al. 2018).  

The environmental factors controlling the performance of a species include both 

regional climatic factors, like mean annual temperature and precipitation, as well as the 

microclimatic conditions created by local topography, existing vegetation, and small– and 

large–scale disturbances (Egler 1954; Drury and Nisbet 1973; White 1979; Oliver and 

Larson 1996). Rising temperatures and changes in precipitation influence tree physiology 

and phenology (Lafleur et al. 2010), which ultimately change the ability of species to 

compete, regenerate, and persist locally and regionally (Araújo et al. 2004; Willis and 

Bhagwat 2009).  

 Variation in intensity and frequency of disturbances influences species 

composition and abundance by affecting ecosystem and community structure and 

function (Ojima et al. 1991; Hobbs and Huenneke 1992; Lucash et al. 2018). Disturbance 
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often creates environments more favourable to less shade-tolerant species and increases 

the complexity of the stand development process (Drury and Nisbet 1973; Oliver and 

Larson 1996). Forest fire is one of the strongest disturbances and its impacts depend on 

the intensity, severity, and frequency of burning and the proportion of the landscape 

burned (Anderson 1976; McEwan et al. 2007). There are other disturbances such as 

floods, storms, insects, and soil and nutrient disturbances that influence species 

composition, biomass, leaf area, and/or carbon cycling (Dale et al. 1986; Liu et al. 2011). 

While disturbances are common in forest systems (Oliver and Larson 1996; Dale et al. 

2001), there is growing evidence that species’ responses to these disturbances are 

changing as climatic change alters local and regional site conditions (Lucash et al. 2018). 

These changes make it increasingly difficult to predict long term forest responses to 

climate change (Lucash et al. 2018).  

 Modeling species composition has many challenges (Vaughan and Ormerod 2005; 

Bonthoux et al. 2013). A species performance is measured by more than its presence and 

absence on a site (Kraft et al., 2015; Lucash et al., 2018). Plants differ widely in their 

tolerances of environmental stresses (Tilman 1988; Hallik et al. 2009; Kraft et al. 2015). 

Differences in species tolerances to various environmental conditions are key 

determinants of forest composition, and are controlled largely by species functional traits 

(Cavender-Bares et al. 2004; Taylor and Gao 2020).   

Species functional traits are morpho-physio-phenological traits that impact the  

growth, reproduction and survival of species (Violle et al. 2007; Kraft et al. 2015; Bu et 

al. 2019). They summarize the functional relationship between an individual species and 

its environment, which is a powerful method to address complicated ecological questions 
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(McGill et al. 2006). Recently, plant functional traits have been used to describe various 

ecosystem and biological phenomena, such as carbon sequestration and community 

assembly processes, in relation to forest structure, productivity (i.e., volume and biomass 

growth), and tree mortality (McGill et al. 2006; Russell et al. 2014; Kraft et al. 2015; 

Lucash et al. 2018).  

To understand the response of species and communities to climate change, 

functional traits offer a potential alternative to focusing on individual species (Aubin et al. 

2016). Several studies have used functional traits to predict responses of plants to 

disturbances since many traits have significant shifts across ecological gradients 

(Swenson and Weiser 2010; Russell et al. 2014; Wilfahrt 2018), especially traits which 

express species’ tolerance of shade, drought, and flooding (Craine et al., 2012). When a 

major disturbance occurs, the functional trait composition of communities changes from 

shade-tolerant species towards light demanding (shade-intolerant) species, which may 

enhance primary productivity and decomposition rates in the short term, which may 

influence forest composition over a longer time span (Carreño‐Rocabado et al. 2012). 

Each functional trait responds to different combinations of environmental factors 

suggesting that resource limitations for a given trait, or trait combination, are different 

(Kühner and Kleyer 2008).   

Predicting the impact of climate change on ecosystem structure is one of the most 

important challenges in ecology (Soudzilovskaia et al. 2013). Considering forest 

communities as sets of functional traits significantly increases possibilities to analyze 

ecosystem function (Lavorel and Garnier 2002). Species functional traits, like desiccation 

and cold resistance, have significant associations with climate variables (Kellermann et al. 
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2012). Many species have experienced environment shifts, like lack of water availability 

and temperature extremes, because of global climate change (Wiens et al., 2009). The 

combination of existing tolerance capacities determine how these changes influence 

species distribution locally and regionally (Kellermann et al. 2012).  

In this study we propose to use a basal area weighted average tolerance of species 

present on a location as a composite measure of average stand tolerance, which we refer 

to as “tolerance”. Changes in average tolerance should better reflect changes in species 

performance because the average tolerance incorporates both presence/absence, 

abundance, change in abundance, tree size, and change in tree size (Zhang et al. 2018). 

Changes in shade tolerance and drought tolerance will be examined. We characterize the 

distribution in changes in average shade and drought tolerances, and explore the role of 1) 

initial forest structure, 2) human and natural disturbance, and 3) climate on changes in 

plot-level average shade and drought tolerances. Our primary hypothesis in this study is 

that over a short period of time, disturbance and initial stage of stand development (i.e. 

Initial stand conditions) will be large drivers of change in tolerances rather than climatic 

conditions and climate change. Climate change will have a greater influence following 

major disturbance, than in stands where no disturbance occurs. To test these hypotheses, 

we examined three predictions: 

1) In the absence of exogenous disturbance (human or natural), changes in tolerance 

will be small over a short time period (20 years).  

2) Initial stand conditions and disturbances (both human and natural) will be 

stronger drivers of tolerance change than climatic normals and their associated 

changes over a short time period (20 years).  
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3) Any changes in tolerances due to climatic changes will be more apparent on 

disturbed sites than on undisturbed sites.  

 To test these predictions, we developed models to explore changes in shade and 

drought tolerance as a function of stand structure, disturbance, climate, and climate 

change to identify key biotic and abiotic factors that are driving changes in functional 

trait distributions in eastern North America.  
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2 Methods 

2.1 Data Sources 

Several studies have examined changes using the US Forest Inventory and 

Analysis (FIA) plot data (e.g., Lines et al., 2010; Zhang et al., 2018; Zhu et al., 2014). To 

develop a complete analysis of eastern North America, permanent sample plot (PSP) data 

from eastern Canada were added to the FIA plot data to provide a complete range-wide 

data set for many of the eastern North American species. Data from Quebec, Ontario, 

Nova Scotia and New Brunswick were acquired. Unfortunately, New Brunswick and 

Ontario PSPs were located in representative stands and subsequently protected from 

human disturbance, and, therefore, do not represent a probabilistic sample of current 

forest conditions, and were dropped from this study. 

The Phase 2 FIA plots for the 31 eastern States (FIA 2012) were used in this study 

(Figure 1). The Phase 2 sample design is a systematic, repeatedly measured sample that 

covers the period from 1995 to 2017. Each State is divided into 5 panels. Each panel 

consists of a systematically dispersed subset of plots across the State and one panel is 

measured each year on a rolling 5-year measurement cycle (FIA 2012). Each FIA plot is 

designed as a cluster of four circular subplots arranged in a fixed triangular pattern. 

Measurements include forest type, site attributes, tree species, tree size, and overall tree 

condition on accessible forest land (FIA 2012).  
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Figure 1 Extent map of the dataset used in this study, including 31 eastern States in USA 

and 2 provinces in Canada. 

Like the FIA protocols, the Canadian (Nova Scotia and Quebec) PSP programs 

measure species, diameter, and height on individual trees over time. The Canadian PSPs 
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were single circular plots, mostly 0.04ha in size, but some variation depending on the 

provincial PSP objectives. In NS, the plots were randomly located, while in Quebec there 

is a combination of systematic  and random location depending upon which PSP program 

the plots belong to. The Canadian PSPs have a variable time span over which plots were 

measured with some plots originating in the 1960s. To match with the FIA Phase 2 plots, 

we only used measurements from 1995 to 2017. We refer to the combined FIA – Canada 

data set as the Eastern North America (ENA) database. 

2.2 Data Compilation  

 The ENA data were summarized by plot and measurement period. The FIA plot 

clusters were compiled into a single plot unit rather than compiling subplots 

independently. A species correction algorithm was developed to “correct” trees that 

changed species over time. The correction algorithm was based on within-plot species 

composition and the composition of plots nearby. If the species record for a tree changed 

over measurement intervals, a weight was calculated for each species that an individual 

tree was called, and the over-time assigned species was the species with maximum 

weight.  

We then counted the number of different species on each plot (𝑁𝑆𝑃𝑃𝑌) and 

calculated the beginning trees per ha (𝐵𝐸𝐺𝐷𝐸𝑁𝑌) and basal area per ha (𝐵𝐸𝐺𝐵𝐴𝑌) for 

each measurement period (Table 1). We used functional trait scores developed by 

Niinemets and Valladares ( 2006), to assign a score to each species tolerances. Shade and 

drought tolerances were assigned to each tree record in the ENA database by species. 

Tolerance scores ranged from 0 (no tolerance) to 5 (maximal tolerance). Only shade 

tolerance and drought tolerance were explored in this analysis. We calculated a basal area 
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weighted average tolerance score (𝑇𝑂𝐿´ ) for both traits (shade and drought) by 

multiplying species tolerance scores by each tree’s basal area. Mean tolerance was then 

obtained by summing across all individual trees and dividing by basal area per ha: 

 𝑇𝑂𝐿𝑌´ =
∑ 𝐵𝐴𝑖,𝑌
𝑛
𝑖=1 ∙𝑇𝑂𝐿𝑆𝑃𝑃

∑ 𝐵𝐴𝑖,𝑌
𝑛
𝑖=1

 (1) 

Where, 𝑇𝑂𝐿𝑆𝑃𝑃= species tolerance score (shade or drought); 𝐵𝐴𝑖,𝑌= the basal area (m2) 

of the ith tree in year Y; and  𝑇𝑂𝐿𝑌= the basal area weighted mean tolerance score for a 

plot in year Y (𝑆ℎ𝑎𝑑𝑒𝑌 or 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌; Table 1). Mean tolerance was calculated for each 

measurement year for each plot, and changes were calculated as both periodic average 

annual differences between measurement periods and cumulative average annual change 

for different length periods (0-5th year, 0-10th year, 0-15th year and 0-20th year). Therefore, 

we had four response variables in this study: periodic shade tolerance change (dShade); 

cumulative shade tolerance change (CumShade); periodic drought tolerance change 

(dDrought); and cumulative drought tolerance change (CumDrought) (Table 1). Change 

was annualized by dividing by the number of years between measurements, because 

measurement intervals differed between the FIA and Canadian data: 

𝑑𝑇𝑂𝐿 =
𝑇𝑜𝑙𝑖+1−𝑇𝑜𝑙𝑖

𝑌𝑖+1−𝑌𝑖
 (2) 

Where dTOL = annualized change in tolerance; Toli is average tolerance score in the ith 

period; and Yi = the year of the ith measurement. For cumulate change, i = 1 for all 

measurement periods, and the “+1” varied by the number of time periods over which the 

plot was measured.  

 We classified plot measurements into 4 measurement period based on the 5-year 

range of measurements: 1995 = measurements between 1995 – 1999; 2000 = 
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measurements between 2000 – 2004; 2005 = measurements between 2005 – 2009; 2010 

= measurements between 2010 – 2014; and 2015 = measurements between 2015– 2017. 

 

 

Table 1 Definitions of response and explanatory variables used in this study. 

Variable 

Type 

Acronym Definition 

Response dShade Periodic change in basal area weighted shade tolerance 

by plot and measurement period 

 CumShade Cumulative change in basal area weighted shade 

tolerance by plot and measurement period 

 dDrought Periodic change in basal area weighted drought 

tolerance by plot and measurement period 

 CumDrought Cumulative change in basal area weighted drought 

tolerance by plot and measurement period 
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Table 1. (Continued) 

Variable 

Type 

Acronym Definition 

Independent Spatial/Temporal Factors 

 LON Longitude of the plot 

 LAT Latitude of the plot 

 Period Measurement period (first year in the five-year 

period)  

 Initial Plot Conditions 

 𝑁𝑆𝑃𝑃𝑌 Number of species present at beginning of each 

measurement period 

 𝐵𝐸𝐺𝐷𝐸𝑁𝑌 Density of trees present at beginning of 

measurement period 

 𝐵𝐸𝐺𝐵𝐴𝑌 Total basal area at the beginning of each 

measurement period 

 𝑆ℎ𝑎𝑑𝑒𝑌 Basal area weighted average shade tolerance 

present at the beginning of each measurement 

period 

 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌 Basal area weighted average drought tolerance 

present at beginning of each measurement period 

 Disturbance 

 Human Human disturbance level based on proportion of 

basal area harvested in each period 

 Natural Natural disturbance level based on proportion of 

basal area that died in each period 

 Beginning Climate Normals 

 MAT Initial1 Mean Annual Temperature (℃)  

 MAP Initial1 Mean Annual Precipitation (mm)  

 CMI Initial1 Climate Moisture Index (Canada 2015)  

 FFP Initial1 Frost Free Period (days)  

 MaxST Initial1 Maximum Summer Temperature (℃)  

 MinWT Initial1 Minimum Winter Temperature (℃)  

 Climate Differentials 

 ΔMAT Change2 in mean annual temperature (℃) 

 ΔMAP Change2 in mean annual precipitation between end 

of study (2015) and beginning (1995) 

 ΔCMI Change2 in climate moisture index between end of 

study (2015) and beginning (1995) 

 ΔFFP Change2 in frost free period between end of study 

(2015) and beginning (1995) 

 ΔMaxST Change2 in maximum summer temperature 

 ΔMinWT Change2 in minimum winter temperature 
1Intial climate values were based on first year of plot measurement (1995 – 1999) 
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2Change was calculated as the difference in climatic variables at the end of the study 

period (2013 – 2017) and the beginning period (1995 – 1999)  

2.2.1 Disturbance Scores 

One of the goals of this study was to determine the influence of disturbance on 

change in tolerance. We separated and categorized disturbance based on source, natural 

versus human, and intensity, based on the percent of basal area impacted by each 

disturbance source. Disturbance source was determined by using the tree status codes in 

each data source. Codes associated with human activity (i.e., cut or thinned) were 

classified as “Human” disturbance, and those associated with natural causes (i.e., dead, 

blowdown, and insect killed) were classified as “Natural” disturbance. For each 

disturbance source we developed four disturbance levels. Each plot was classified into a 

disturbance level based on the intensity of disturbance experienced during a measurement 

period. For human disturbance, we used the following categories: None (%Cut BA = 0); 

Select Harvest (0 < %Cut BA ≤ 30); Partial Harvest (30 < %Cut BA ≤ 70); Clearcut 

(%Cut BA > 70). For Natural disturbance, we used: None (%Mortality BA = 0); Low (0 

< %Mortality BA ≤ 20); Moderate (20 < %Mortality BA ≤ 60); Severe (%Mortality BA > 

60). These classes were based on percent basal area definitions typically used for 

classifying silvicultural treatments (Smith et al. 1997) and natural disturbance intensities 

(Oliver and Larson 1996). 

2.2.2 Climate Data 

 In addition to disturbance impacts, we also were interested in examining potential 

climate change impacts. We incorporated climate normals (averages) into our models to 

examine if climate was impacting the rates of change in tolerance. The climate normals 
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were extracted from the database obtained from Natural Resources Canada and 

developed by Canadian Forest Service (Price et al., 2011.) and US Forest Service (Joyce 

et al. 2011). Six climate variables were identified as potentially impacting change in 

tolerance (Table 1). Because of the short census period of plot measurements, we only 

examined climate at the bounds of plot measurements (1995 to 2017) obtaining climate 

data at the time of beginning of plot measurements and at the time of last plot 

measurement. For each variable, the normal and the difference (change) between the final 

value and initial value were calculated (ΔMAT, ΔMAP, ΔFFP, ΔCMI, ΔMaxST, and 

ΔMinWT; Table 1). These climate variables, along with the initial plot conditions 

(𝑁𝑆𝑃𝑃𝑌, 𝐵𝐸𝐺𝐷𝐸𝑁𝑌, 𝐵𝐸𝐺𝐵𝐴𝑌) and the disturbance intensities described above were used 

to assess factors impacting tolerance change in eastern North America.  

2.3 Data Analyses 

2.3.1 Initial Assessment of Overall Changes  

 Our first objective was to characterize changes in tolerance. Histograms for each 

of the four change response variables (dShade, dDrought, CumShade, and CumDrought; 

Table 1) were developed. Histograms by time period were then developed to explore 

temporal changes. Because we expected disturbance to be a major driver of functional 

trait score change, we also examined the distributions of tolerance changes by 

disturbance level (see above). Matrices of histograms by level of human disturbance and 

natural disturbance were developed for each response variable over all jurisdictions 

(States and Provinces) and time periods.  
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2.3.2 Identification of Factors Driving Tolerance Changes 

 We used general linear models and general linear mixed effects models to identify 

variables that significantly influenced change in tolerance. As shown in Table 1, our 

independent variables included measures of location, time, stand structure, disturbance, 

and climate. Both periodic change and cumulative change in basal area weighted average 

tolerance scores were modeled. For all linear mixed effects models, measurement period 

(2000, 2005, 2010, and 2015) was treated as a random factor to account for 

measurements of the same trees/locations over time. 

Initially we fitted simple linear regressions using each independent variable to the 

four response variables and ranked independent variables by their associated r2 values. 

We then used linear mixed effects models to build increasingly more complicated linear 

models adding independent variables one at a time using an exhaustive search approach. 

The final model for each response variable was the largest model where all parameter 

estimates for the included independent variables were significantly different from 0 (p ≤ 

0.05). To ensure that multicollinearity was not influencing these models, we calculated 

variance inflation factors (Kutner et al. 2004), and used a value of VIF = 10 as the 

maximum before multicollinearity was considered important. We then used generalized 

boosted machine learning (Ridgeway 2019), to independently verify that our linear 

models included all potential independent variables that influence tolerance change. The 

linear mixed effects models were fitted to the entire ENA dataset using the R statistical 

language (R Development Core Team 2016) and the lm() function (Quick 2009), and 

lme() function in the NLME package (Pinheiro et al. 2013).   
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2.3.3 Disturbance × Climate Change Interactions 

 To explore interactions between disturbance and climate change , we developed 

additional models that tested explicitly for interactions between disturbance and climate 

differentials. The following model form was derived from the initial linear models 

developed above:  

 Response ~ NSPP + BEGBA + Shade/Drought + (Human + Nature) * (dClimate1 

+ dClimate2 + … + dClimaten) 

 As above, this model was fitted to the entire ENA database using each of the six 

climate differentials (Table 1). The final model for each response variable was the largest 

model where all parameter estimates associated with the interactions between disturbance 

and climate differentials were all significantly different from 0 (p ≤ 0.05). To ensure that 

multicollinearity was not influencing these models we calculated variance inflation 

factors as well.   
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3 Results 

The observed patterns and resulting models for cumulative change were almost 

identical to those observed for periodic change. Therefore, we only present the periodic 

changes here and the summary tables and figures for cumulative change are presented in 

Appendix A. 

3.1 Change detection 

 Based on the histograms over all jurisdictions and all time periods (Fig. 2), as 

expected, most changes in plot × period average tolerance scores were clustered in the 

smaller values between -0.25 and 0.25. For both dShade and dDrought, overall average 

change was very close to zero: -0.042 for dShade and -0.072 for dDrought; however, the 

range of observed changes nearly spanned the entire range possible (i.e., -5 to 5). For the 

plot × period observations with larger tolerance changes, those changes tended to be in 

the negative direction (i.e., lower average tolerances). Little or no differences were 

visually apparent across periods except for the 2015 period. The 2015 period was the 

current FIA cycle at the time of data extraction (not all panels were remeasured) and the 

changes in frequency most likely represented changes in sample size rather than changes 

over time.  
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Figure 2 Distributions of periodic average tolerance score change by tolerance factor (1 

= shade tolerance and 2 = drought tolerance) and measurement period: A) all periods;  B) 

2000 (2000 - 2004); C) 2005 (2005 – 2009); D) 2010 (2010 – 2014); and E) 2015 (2015 – 
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2017). (The 2015 period remeasurements are incomplete because the data were extracted 

in 2017). 

 While overall changes were very small, different trends emerged when tolerance 

score changes were examined against disturbance intensity (Figs. 3 & 4).  In terms of 

shade tolerance change (dShade), for plots with neither Human nor Natural disturbance, 

changes were generally small; however, plots that did have changes tended to have 

changes that were positive (i.e., increasing tolerance score; Fig 3A). A similar pattern 

was observed for dDrought (Fig. 4A).  

As either human or natural disturbance increased, the shifts in average tolerance 

scores were strongly negative (compare Fig. 3A to Fig. 3D or 3M). Likewise, drought 

(dDrought) responded to disturbance similarly (Fig. 4). Increased levels of human 

disturbance tended to create distinctly bimodal distributions while increases in natural 

disturbance levels tended to create more continuous, skewed distributions (compare 

panels D to M in Figs. 3 & 4). 
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Figure 3 Distribution of change in average shade tolerance score (dShade) over all 

jurisdictions (State/Province) and all time periods by level of human and natural 

disturbance. 
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Figure 4 Distribution of change in average drought tolerance score (dDrought) over all 

jurisdictions (State/Province) and all time periods by level of human and natural 

disturbance. 
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3.2 Factors influencing functional trait score change 

 

3.2.1 Single Variable Simple Linear Models  

 

Table 2 shows the r2 values and associated signs of the slope estimates for simple 

linear regressions fitted to each independent variable by response variable (see Table 1 

for a list of variables and their definitions). While r2 values were very low because of the 

large dataset assembled and the large amounts of variation present in the data, the trends 

observed were informative and the statistics similar to results reported by others (Fei et al. 

2017; Zhang et al. 2018).  

All response variables were more highly correlated with the disturbance factors 

(human andn) than either the initial stand condition variables or the climatic variables 

(Table 2). Increasing levels of disturbance generally resulted in decreased average Shade 

and Drought tolerance scores (Table 2; Figs. 3 & 4). Change in drought tolerance 

(dDrought) had greater correlation with human disturbance, while change in shade 

tolerance (dShade) had greater correlation with natural disturbance (Table 2).  

 After disturbance, tolerance change had greater correlation with initial stand 

conditions (𝑁𝑆𝑃𝑃𝑌, 𝐵𝐸𝐺𝐷𝐸𝑁𝑌, 𝐵𝐸𝐺𝐵𝐴𝑌, 𝑆ℎ𝑎𝑑𝑒𝑌, and 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) than with climatic or 

location variables (Table 2). The initial average tolerance scores ( 𝑆ℎ𝑎𝑑𝑒𝑌, or 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) 

were much more important than the other initial stand level characteristics.  𝐵𝐸𝐺𝐵𝐴𝑌, 

was next most important, but mostly for dShade (Table 2). 

For dShade most climatic variables were negatively correlated, while the 

correlations with dDrought were more variable: initial climatic conditions (MAT, MAP, 

FFP, CMI, MaxST, and MinWT) had negative influences while their associated changes 
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over the study period (ΔMAT, ΔMAP, ΔFFP, ΔCMI, ΔMaxST, and ΔMinWT) had 

positive influences (Table 2) – though many were not significantly different from 0 (p > 

0.05).  The climate normals at the beginning of the study period were more highly 

correlated with all four response variables than the climate differentials (Table 2). 

Temperature related climate variables (Minimum Winter Temperature and Mean Annual 

Temperature) were generally more highly correlated than any other climate variables 

(Table 2) for dShade. For dDrought, MAT was again the most highly correlated climate 

variable but FFP, MaxST, and MAP were also more highly correlated than the other 

climatic variables (Table 2). 

3.2.2 Additive Linear Models  

 

 For all response variables, the final additive linear models included initial stand 

structure conditions (𝑁𝑆𝑃𝑃𝑌, 𝐵𝐸𝐺𝐵𝐴𝑌, and 𝑆ℎ𝑎𝑑𝑒𝑌, or 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) , human disturbance 

and natural disturbance (Table 3). Minimum winter temperature (MinWT) was included 

in the dShade model (Table 3); however, no significant climate factors were identified in 

the final model for dDrought ((p > 0.05; Table 3). Again, overall goodness-of-fit criteria 

were poor (Table 3); however, this was not unexpected given the large dataset, high 

variability, and the nature of the functional trait scores. Multicollinearity was not an issue 

for any of the final linear models based on the variance inflation factors (VIF; Table 3).   
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Table 2 The sign of the parameter estimates and the associated r square for the simple 

linear regressions by response variable and independent variable. See Table 1 for 

definitions of variables; NS indicates relationships that are not significantly different 

from 0 (p > 0.05).  

Independent  Response Variable 

Variable dShade CumShade dDrought CumDrought 

 Sign r2 Sign r2 Sign r2 Sign r2 

Spatial/Temporal Factors 

     Period + 0.0015 + 0.0016 + 0.0019 + 0.0012 

     LON – 0.0001 – 0.0006 + 0.0000 + 0.0000 

     LAT + 0.0002 + 0.0006 + 0.0009 + 0.0042 

Initial Plot Conditions 

     NSPPY + 0.0075 + 0.0142 + 0.0073 + 0.0101 

     BEGDENY + 0.0019 + 0.0061 + 0.0007 + 0.0037 

     BEGBAY + 0.0039 + 0.0125 + 0.0004 + 0.0078 

     ShadeY – 0.0317 – 0.0013     

     DroughtY     – 0.0552 – 0.0129 

Disturbance         

     Human1  0.0291  0.0265 – 0.0661  0.0688 

     Natural1  0.0494  0.0470  0.0309 – 0.0343 

Beginning Climate Normals 

     MAT – 0.0003 – 0.0007 – 0.0009 – 0.0042 

     MAP – 0.0001 – 0.0006 – 0.0002 – 0.0017 

     CMI + 0.0000 NS2 – 0.0001 + 0.0002 + 0.0006 

     FFP – 0.0003 – 0.0008 – 0.0009 – 0.0037 

     MaxST – 0.0001 – 0.0002 – 0.0008 – 0.0035 

     MinWT – 0.0004 – 0.0011 – 0.0009 – 0.0043 

Climate Differentials 

     ΔMAT + 0.0001 – 0.0000 + 0.0001 + 0.0001 

     ΔMAP – 0.0000 NS2 – 0.0000 NS2 + 0.0001 + 0.0007 

     ΔCMI – 0.0000 NS2 – 0.0000 + 0.0001 + 0.0006 

     ΔFFP – 0.0000 NS2 – 0.0002 + 0.0000 + 0.0000 NS2 

     ΔMaxST – 0.0000 NS2 – 0.0001 + 0.0000 NS2 + 0.0002 

     ΔMinWT + 0.0003 + 0.0000 + 0.0002 + 0.0012 
1sign indicates the general trend in indicator variables as disturbance intensity increases 
2NS indicates that the relationship is not significantly different from 0 (p > 0.05). 

 

 

 



 

26 

Table 3 Parameter estimates, standard errors and associated regression statistics for the 

final linear models for periodic shade (dShade) and drought (dDrought) tolerance change. 

Variable names are defined in Table 1. 

Independent Dependent Variable 

Variables 
dShade dDrought 

Estimate Std Error VIF2 Estimate Std Error VIF2 

b0 0.2773 0.0055   0.4987  0.0065   

Natural Disturbance –1   –1 

     Severe -0.5023  0.0056   -0.5010  0.0062   

     Moderate -0.0384  0.0045   -0.0808  0.0050   

     Low -0.0440  0.0034   -0.0510  0.0038   

Human Disturbance –1   –1 

     Clearcut -0.3817  0.0052   -0.6114  0.0058   

     Partial -0.0259  0.0071   -0.0169  0.0079   

     Select 0.0034 NS3  0.0076  0.0504  0.0085   

Initial TOL4       

    ShadeY    -0.1762  0.0018  1.29    

    DroughtY    -0.1917  0.0018  1.08 

NSPPY      0.0150  0.0005  1.27 0.0204  0.0005  1.23 

BEGBAY 0.0040  0.0001  1.37 -0.0017  0.0002  1.32 

MinWT -0.0128  0.0002  1.34  -  -   

R2 0.1394 0.1651 

root MSE 0.5227 0.5822 
1 -- VIF not defined for categorical variables. 
2VIF = variance inflation factor 
3NS indicates that the relationship is not significantly different from 0 (p > 0.05) 
4Initial TOL is the initial average tolerance score ( 𝑆ℎ𝑎𝑑𝑒𝑌 or 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) 

 

 As with the single variable linear models (Table 2), disturbances were the most 

important factors in the additive models (Table 3). Increased disturbance intensities 

generally resulted in larger negative changes in average tolerance scores (Tables 3). Low 

levels of disturbance (select and partial cuts within the human disturbance classes and 

low and moderate natural disturbances) had minor impacts on average tolerance. Both 

clearcutting and severe natural disturbances produced large negative impacts on average 

tolerance for both dShade and dDrought (Table 3). Severe natural disturbances had a 
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greater impact on dShade than did Clearcuts (Table 3); while for dDrought, clearcuts had 

greater impacts than severe natural disturbances (Table 3). 

 Among the stand structure variables, initial average tolerance score (𝑆ℎ𝑎𝑑𝑒𝑌, or 

𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) had the largest impacts on the changes in average tolerance based on the 

magnitude of the parameter estimates (Table 3). Plots with larger initial average tolerance 

tended to have more negative changes in average tolerance. The other initial conditions 

had significant, but minor impacts on change in average tolerance (Table 3). As the 

number of species (NSPPY) per plot increased, there tended to be a small positive change 

in average shade tolerance (Table 3). Similarly, as initial basal area (BEGBAY) increased 

there was an associated small positive increase in average shade tolerance (Table 3). A 

similar positive relationship was observed between drought tolerance change and NSPP 

while a negative relationship was observed for drought tolerance change and BEGBA 

(Table 3). 

 Climatic factors had very little impact on average tolerance scores (Table 3). 

Minimum winter temperature (MinWT) had a small negative impact on dShade (Table 3). 

No climatic factors were found to significantly impact dDrought. 

Based on the influence values from the generalized boosted machine learning 

(GBM) analysis, the exhaustive search method used to build the additive linear models 

did not miss any potential important explanatory variables (Appendix B, Table B-1). 

However, the rankings of independent variables differed between the GBMs and the 

additive linear models based on influence values from GBMs and percent variance 

explained in the linear additive models (Table B-1). 
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3.3 Interactions between disturbance and climate change  

 The alternative linear models incorporating interactions between disturbance and 

climate differentials are shown in Tables 4 & 5. The model performances for these 

models were comparable to the performances of the additive models (compare Tables 4 

& 5 versus Table 3); however, some important interactions between disturbance and 

climate change were observed.  

For change in shade tolerance (dShade), significant interactions with disturbance 

and ΔMAT and ΔMinWT were observed (p < 0.05). At low levels of human disturbance 

(select and partial cuts) increases in ΔMAT-moderated changes in dShade; however, 

parameter estimates were not significantly different from 0 (p > 0.05; Table 4). 

Conversely, the interaction between Clearcut × ΔMAT strongly intensified the negative 

impact clearcutting had on average shade tolerance score change as ΔMAT increased. 

Opposite effects were observed for the interactions between human disturbance and 

ΔMinWT: effects of low levels of human disturbance were exacerbated with increased 

ΔMinWT, though, like ΔMAT, the parameter estimates were not significantly different 

from 0 (p > 0.05).  The effects of clearcutting were moderated by increases in ΔMinWT 

(Table 5). For natural disturbance, increases in ΔMAT produced increased negative 

changes in average shade tolerance across all intensities of natural disturbance, while 

increases in ΔMinWT moderated these changes (Table 5). A unit increase in ΔMAT more 

than doubled the negative change in dShade following severe natural disturbances. 

For drought tolerance, both ΔMAT and ΔCMI had significant interactions with 

disturbance (p < 0.05; Table 5). However, unlike shade tolerance, effects of lower levels 

of human disturbance were increased with increasing ΔMAT while changes due to 
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clearcutting were decreased (Table 5). Similar patterns were observed for increases in 

ΔCMI, though the parameter estimates were only significantly different from 0 for the 

interaction with the clearcut disturbance level (p ≤ 0.05; Table 5). For natural disturbance, 

the interaction with increasing ΔMAT resulted in significant (p ≤ .05) decreases in 

average drought tolerance for all levels of natural disturbance, while increases in ΔCMI 

resulted in very small changes (Table 5). 
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Table 4 Parameter estimates and standard errors from the statistical result of interaction 

model for dShade. NS indicates parameter estimates that are not significantly different 

from 0 (p > 0.05). 

Independent Variable dShade 

 Estimate Std. Error 

(Intercept) 0.2629 0.0060 

Human Disturbance   

     Clearcut -0.3597 0.0074 

           × ΔMAT -0.1811 0.0164 

           × ΔMinWT 0.1342 0.0069 

     Partial Harvesting -0.0898 0.0098 

           × ΔMAT 0.0245 NS 0.0221 

           × ΔMinWT -0.0103 NS 0.0083 

     Select Harvesting -0.0511 0.0108 

           × ΔMAT 0.0151 NS 0.0230 

           × ΔMinWT -0.0086 NS 0.0089 

Natural Disturbance   

     Severe -0.3176 0.0077 

           × ΔMAT -0.4702 0.0171 

           × ΔMinWT 0.1067 0.0074 

     Moderate -0.0133 0.0061 

           × ΔMAT -0.0194 NS 0.0130 

           × ΔMinWT 0.0107 0.0057 

     Low -0.0271 0.0046 

           × ΔMAT -0.0416 0.0095 

           × ΔMinWT 0.0087 0.0040 

Initial Conditions   

     NSPPY 0.0102  0.0005 

     BEGBAY 0.0043 0.0001 

     ShadeY -0.1446 0.0018 

Climate Differentials   

     ΔMAT 0.0949 0.0080 

     ΔMinWT 0.0092 0.0033 

R2 0.1289 

root MSE 0.5259 
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Table 5 Parameter estimates and standard errors from the statistical result of interaction 

model for dDrought. NS indicates parameter estimates that are not significantly different 

from 0 (p > 0.05). 

Independent Variable dDrought 

  Estimate Std. Error 

(Intercept) 0.5305 0.0072 

Human Disturbance   

     Clearcut -0.6653 0.0082 

           × ΔMAT 0.1786 0.0135 

           × ΔCMI 0.0211 0.0006 

     Partial Harvesting -0.0263 0.0113 

           × ΔMAT -0.0176 NS 0.0199 NS 

           × ΔCMI -0.0001 NS 0.0007 NS 

     Select Harvesting 0.0625 0.0120 

           × ΔMAT -0.0586 0.0199 

           × ΔCMI -0.0004 0.0008 

Natural Disturbance   

     Severe -0.0361 0.0050 

           × ΔMAT -0.0245 0.0079 

           × ΔCMI 0.0026 0.0004 

     Moderate -0.0653 0.0067 

           × ΔMAT -0.0275 0.0098 

           × ΔCMI 0.0048 0.0005 

     Low -0.0361 0.0050 

           × ΔMAT -0.0245 0.0079 

           × ΔCMI 0.0026 0.0004 

Initial Conditions   

     𝑁𝑆𝑃𝑃𝑌 0.0200 0.0005 

     𝐵𝐸𝐺𝐵𝐴𝑌 -0.0014 0.0002 

     𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌 -0.1987 0.0018 

Climate Differentials   

     ΔMAT -0.0473 0.0068 

     ΔCMI -0.0057 0.0003 

R2 0.1783 

root MSE 0.5776 
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4 Discussion 

 Species composition change is a function of how individuals currently on a site 

perform (i.e., grow, reproduce, and survive) and how new individuals get recruited onto 

the site in response to current and future environmental conditions (Drury and Nisbet 

1973; White 1979; Taylor et al. 2020). As expected, given the relatively short time span 

of the data used in this study, the observed changes in average tolerance (dShade and 

dDrought), on average, were quite small (Fig. 2). Small changes were especially apparent 

on plots with little or no disturbance (Figs. 3 & 4).  

 We assessed the drivers of the observed changes. Results show that the short-term 

changes were mainly driven by disturbance, initial stand conditions were the next most 

important, and finally climatic factors. While climatic factors overall had little effect on 

changes in tolerance, there were some significant and interesting interactions between 

disturbance, especially associated with severe levels of disturbance, and climatic 

differentials over the time span. 

4.1 Disturbance Mainly Drives Short-Term Changes in Average Tolerance Scores 

We found that disturbances, both human and natural, were the biggest drivers of 

change in average tolerance scores (Figs. 3 & 4; Tables 2 – 5). The roles of disturbances 

in shaping stand structures and species compositions of forests are well documented in 

many classic works (Oliver 1980; Oliver and Larson 1996; Pickett and White 2013). 

Several recent studies examined the influence of disturbances on functional trait scores 

similar to those we used in this study (Herben et al. 2018; Wilfahrt 2018). Our results 

indicate that human disturbance explains more variation and has greater Influence on 

changes in drought tolerance, while natural disturbance explains more variation and has 
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greater influence on changes in shade tolerance (Tables 3 and B-1). Less severe 

disturbances (both human and natural) have very minor (often insignificant) effects on 

changes in tolerance (Table 3), while severe disturbances resulted in larger negative 

changes (Table 3). Wilfahrt ( 2018) found similar response patterns for tree seedlings in 

the eastern United States. Herben et al.( 2018) concluded that disturbance severity and 

site productivity were key factors differentiating functional traits in herbaceous species in 

temperate forests.  

Wilfahrt (2018) found that disturbance response was independent of climate. The 

results from our additive models support this (Tables 3 & B-1). Minimum winter 

temperature (MinWT) was the only climatic variable that we found significant in our 

additive models, and then only for shade tolerance (Table 3). The overall response was 

very small (Table 3); however, MinWT did account for about 2.3% of the total variation 

in change in shade tolerance but was not significant for drought tolerance (Tables 3 & B-

1). Plants living in a changing light environment exhibit an ability to adjust their 

morphology and physiology to a particular light environment (Sultan 2000; Delagrange et 

al. 2004; Valladares and Niinemets 2008); however, this plasticity in shade tolerance 

strongly depends on the availability of other resources like nutrients and water (Sánchez-

Gómez et al. 2006; Portsmuth and Niinemets 2007). So, while short term changes in 

average tolerance may be independent of climate (Wilfahrt 2018), longer term changes, 

especially following major disturbance, may be impacted (Lucash et al. 2018). 

4.2 Initial stand conditions have minor impacts on average tolerance changes 

 Initial stand conditions were the next most important factors that significantly 

impacted observed changes in average tolerance (Tables 3 – 5). In both the additive linear 
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models (Table 3) and the interaction models (Tables 4 & 5) as the number of species on a 

plot (𝑁𝑆𝑃𝑃𝑌) increased there was a positive increase in the change of both average shade 

and average drought tolerances, though, overall, the effect was small (0.01- 0.02 increase 

in average tolerance change per species added). Echeverría-Londoño et al.( 2018) 

speculate that the volume of functional trait space increases with taxonomic diversity. 

That idea is consistent with our results and is a logical extension of the niche separation 

theory (Putman and Wratten 1984). When there are few species on a given plot, there is 

likely little diversity in tolerances, thus there is little opportunity for changes in average 

tolerance unless new species arrive on the plot. As the number of species increase, it is 

more likely that the variation in tolerance increases, thus there is an increased likelihood 

of changes in average tolerance scores as individuals compete within the plot. Given that 

we calculated average tolerance weighted by basal area, species performances (growth 

relative to other species), as well as their survival and regeneration, play a role in driving 

change in average tolerance, consistent with the “Forest Succession Triangle” hypothesis 

(Taylor et al. 2020). 

 Similarly, beginning basal area also significantly impacted average tolerance 

changes (Tables 2 – 6). In this case, increasing 𝐵𝐸𝐺𝐵𝐴𝑌 resulted in increasing shade 

tolerance but decreasing drought tolerance. Again, the effects were quite small (Tables 3, 

5 & 6). This is consistent with stand dynamics theory (Oliver and Larson 1996), and 

traditional successional pathways (Drury and Nisbet 1973). As basal area increases, 

competition increases, and the stand will experience competition-induced mortality 

(Oliver and Larson 1996). The mortality trees are likely to be the less shade tolerant 

species, thus self-thinning favours more shade tolerant species (Drury and Nisbet 1973; 
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Oliver and Larson 1996; Pickett et al. 2009) and shade tolerant species also tend to be 

less drought tolerant (Niinemets and Valladares 2006), though much variability exists. 

 For both shade tolerance and drought tolerance, increases in the initial average 

values resulted in negative changes in average tolerance score (Tables 2 – 5), and the 

effects were substantially larger than the effects observed for NSPPY and BEGBAY (Table 

3). At first this may seem counterintuitive to the whole idea of forest succession for shade 

tolerance: shade tolerance should increase over time; therefore, more shade tolerant 

stands should produce changes that lead to even higher shade tolerance. While in general 

this is true, it ignores the fact that shade tolerance is a bounded score between 0 and 5. As 

the initial tolerance value increases, the potential change pathways increasingly favour 

observed negative changes because the options for positive changes become limited. 

4.3 Interactions Between Severe Disturbance Levels and Climate Change Drive 

Additional Changes in Tolerance Scores 

  Climate normals and climate differentials had little or no additive effect on 

changes in tolerance scores (Table 2 & 3). There are two possible explanations for the 

low influence of climate normals on change in tolerance scores. First, local populations 

are likely to be adapted to the local climatic conditions (Matyas 1994; Carter 1996; Li et 

al. 2020).  Second, similar frequencies and intensities of disturbances occur across a wide 

range of climatic conditions, therefore, plant communities require a variety of similar 

responses to disturbance in order to persist, leading to a decoupling of climate and many 

functional traits such as shade and drought tolerances (Wilfahrt 2018). Phenotypic 

plasticity, the ability of plants to alter their physiology in response to fluctuating 
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environments (Schlichting 1986; Jump and Peñuelas 2005), is an essential component for 

forest communities  to adapt to short-term fluctuations in environmental conditions 

(Jump and Peñuelas 2005). This plasticity further contributes to the decoupling of 

functional trait scores and local climate. 

 While no climate differential variables were significant in the additive models, 

when allowed to interact with disturbance, we observed several significant interactions 

(Tables 4 & 5). For dShade, both ∆MAT and ∆MinWT had significant interactions with 

both human and natural disturbance (Table 5). The interactions were weak and mostly 

nonsignificant for the lower levels of disturbances (p > 0.05); however, for the most 

extreme levels of disturbance (‘Clearcut’ for human and ‘Severe’ for natural) the impacts 

were substantial (Table 5). Increases in ∆MAT (hotter annual temperatures) resulted in 

additional negative shade tolerance changes due to disturbance (Table 5) and increases in 

drought tolerance changes (Table 6). This is consistent with other studies that have found 

increasing temperatures favour drought tolerant species (Allen et al. 2010; Peters et al. 

2015; Clark et al. 2016; Zhang et al. 2018) which tend to also be the more shade 

intolerant, light demanding species (Niinemets and Valladares 2006). For example, 

Zhang et al. (2018), using the same FIA data as used here, demonstrated an increase in 

average drought tolerances associated with decadal changes in water deficits. The 

interactions we have observed between extreme levels of disturbance and hotter, drier, 

climatic conditions underscore the complex drivers that climate change and disturbance 

will have on species composition and stand dynamics into the future. Existing forest 

overstories might be able to withstand short-term changes in climate with very little 

change in composition and structure; however, when stand replacing disturbances occur, 
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our results indicate that changes in composition maybe more extreme than what has been 

observed historically since the interaction between climate change and disturbance results 

in greater negative changes in shade tolerance (Table 4).  The long-term consequences of 

these shifts in initial species composition could have significant ecological and economic 

implications (Rosenzweig 1995; Dale et al. 2000; Fischer et al. 2006; Fei et al. 2017). 
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5 Conclusions 

Many factors influence species composition (Corney et al. 2006; McEwan et al. 

2011). Given the large geographic area, multiple species that shift across the region, it is 

hard to detect any significant overall changes in species composition directly, so we used 

two functional trait scores instead: basal area weighted average shade tolerance and 

drought tolerance scores.  Even then, variability was large and changes were small. 

Overall, disturbance, both human and natural, were the biggest factors influencing change 

in tolerance scores. Initial stand conditions played a role while climate had less impact 

over the 20-year time span of this study, though climatic differentials did interact 

significantly with disturbance levels indicating an important feedback loop that climate 

change is likely to have on the future forests in eastern North America. 

There were several factors that limit the results of this study. The relatively short 

timeframe makes it hard to detect spatial trends and the large levels of variation obscure 

the small changes that were observed. We also observed some strange spatial patterns 

(Appendix C) that may reflect differences in implementation or measurement protocols 

across different jurisdictions. In addition, the minimum tree size measured, 9.0 cm dbh in 

Canada, and 2.5 cm dbh in the FIA data, misses much of the stand dynamics that are 

likely to be impacted initially by climate change: the establishment and survival of 

seedlings. In the short term, climate change is more likely to impact seedlings rather than 

the canopy trees (Hogenbirk and Wein 1992; Lloret et al. 2004; Classen et al. 2010; 

Fisichelli et al. 2014; Canham and Murphy 2016). The long-term changes in seedling 

establishment and survival needs more attention, especially over large landscape scales, 

such as used in this study.  
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However, even with these limitations, our study shows that disturbances are likely to 

continue to be the key drivers of species composition change in eastern North America 

for the next several decades and the climate change is likely to have the most apparent 

impact during the reestablishment phase following major disturbance. Some studies, as 

Zhang et al.( 2018), attempted to control for disturbance in order to focus on climate 

change impacts; our results suggest that disturbed sites are likely to show larger and more 

interesting effects of climate change.  
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Appendix A: Cummulative Tolerance Change 

 

Figure A 1 Distribution of the cumulative tolerance change  (CumShade-1, 

CumDrought-2) over all periods (A) and for each measurement period: B) 2000 (2000 - 

2004); C) 2005 (2005 – 2009); 2010 (2010 – 2014); and 2015 (2015 – 2018). (The 2015 

period is incomplete for FAI panels). 
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Figure A 2 Distribution of cumulative change in shade tolerance (CumShade) over all 

jurisdictions (State/Province) and all time periods by level of human and natural 

disturbance. 
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Figure A 3 Distribution of cumulative change in drought tolerance (CumDrought) over 

all jurisdictions (State/Province) and all time periods by level of human and natural 

disturbance. 
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Table A 1 Parameter estimates, standard errors and associated regression statistics for the 

final linear models for cumulative shade (CumShade) and drought (CumDrought) 

tolerance change. (Variable names are defined in Table 1) 

Independent 

Variable 

Dependent Variable 

  CumShade CumDrought 

  Estimate Std Error VIF2 Estimate Std Error VIF2 

b0 -0.0533 0.0057  0.1249 0.0148  

Natural Disturbance  –1   –1 

     Severe -0.4448 0.0058  -0.4222 0.0060  

     Moderate 
0.0063 NS3 

0.0047 

NS3 

 -0.0074 

NS3 

0.0049 

NS3 

 

     Low 
-0.0010 

NS3 

0.0035 

NS3 

 -0.0025 

NS3 

0.0037 

NS3 

 

Human Disturbance  –1   –1 

     Clearcut -0.3679 0.0054  -0.6158 0.0056  

     Partial 
0.0077 NS3 

0.0073 

NS3 

 
-0.0933 0.0077 

 

     Select 0.0214 0.0079  0.0197 0.0082  

Initial TOL4       

    𝑆ℎ𝑎𝑑𝑒𝑌 -0.0648 0.0019 1.29    

    𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌    -0.0685 0.0021 1.62 

𝑁𝑆𝑃𝑃𝑌 0.0165 0.0005 1.27 0.0140 0.0005 1.27 

𝐵𝐸𝐺𝐵𝐴𝑌 0.0042 0.0001 1.37 0.0030 0.0002 1.33 

MinWT -0.0087 0.0002 1.34 -0.0017 0.0003 2.86 

MAP - -  -0.0001 0.0000 2.04 

R2 0.09703 0.1277 

root MSE 0.5395 0.5609 
1 -- VIF not defined for categorical variables. 
2VIF = variance inflation factor 
3NS indicates that the relationship is not significantly (p > .05) different from 0 
4Initial TOL is the initial average tolerance score ( 𝑆ℎ𝑎𝑑𝑒𝑌 or 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) 
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Table A 2 Influence values from the generalized boosted machine learning model (GBM) 

and the corresponding sum of squares and percent variance explained from the final 

linear models by independent variable for cumulative shade (CumShade) and drought 

(CumDrought) tolerance score change. 

Independent Variable Influence Sum of Squares 

%Variance 

Explained 

CumShade 

𝑁𝑆𝑃𝑃𝑌 6.98 708 1.4 

𝐵𝐸𝐺𝐵𝐴𝑌 33.63 251 0.5 

𝑆ℎ𝑎𝑑𝑒𝑌 3.45 164 0.3 

Human 21.96 1373 2.7 

Natural 29.82 1834 3.7 

MAT 0.19 10 0.02 

MAP 0.29 0 0.0 

MinWT 3.68 518 1.0 

Residuals  45101  

ΔMAT 0   

ΔMAP 0   

CMI 0   

ΔCMI 0   

FFP 0   

ΔFFP 0   

MaxST 0   

ΔMaxST 0   

ΔMinWT 0   

CumDrought 

𝑁𝑆𝑃𝑃𝑌 5.59 563 1.0 

𝐵𝐸𝐺𝐵𝐴𝑌 16.28 157 0.3 

𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌 11.47 729 1.3 

Human 46.04 3863 6.9 

Natural 19.05 1702 3.0 

MAP 0.17 38 0.1 

MinWT 1.39 87 0.2 

Residuals  48761  

MAT 0   

ΔMAT 0   

ΔMAP 0   

CMI 0   

ΔCMI 0   

FFP 0   

ΔFFP 0   

MaxST 0   

ΔMaxST 0   

ΔMinWT 0   
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Table A 3 Parameter estimates and standard errors from the statistical result of 

interaction model for CumShade. (NS indicates parameter estimates that are not 

significantly (p > .05) different from 0) 

Independent Variable CumShade 

 Estimate Std. Error 

(Intercept) -0.0551 0.0061 

Human Disturbance   

     Clearcut -0.3581 0.0076 

           × ΔMAT -0.1704 0.0169 

           × ΔMinWT 0.1388 0.0071 

     Partial Harvesting -0.0494 0.0101 

           × ΔMAT 0.0605 NS 0.0227 NS 

           × ΔMinWT -0.0119 NS 0.0085 NS 

     Select Harvesting -0.0176 0.0110 

           × ΔMAT 0.0224 NS 0.0236 NS 

           × ΔMinWT -0.0102 NS 0.0091 NS 

Natural Disturbance   

     Severe -0.2911 0.0079 

           × ΔMAT -0.4299 0.0176 

           × ΔMinWT 0.1023 0.0076 

     Moderate 0.0073 0.0063 

           × ΔMAT 0.0399 NS 0.0133 NS 

           × ΔMinWT -0.0019 0.0058 

     Low -0.0100 0.0048 

           × ΔMAT 0.0428 0.0098 

           × ΔMinWT -0.0118 0.0041 

Initial Conditions   

     𝑁𝑆𝑃𝑃𝑌 

 
0.0132 0.0005 

     𝐵𝐸𝐺𝐵𝐴𝑌 

 
0.0045 0.0001 

     𝑆ℎ𝑎𝑑𝑒𝑌 

 
-0.0331 0.0018 

Climate Differentials   

     ΔMAT -0.0383 0.0082 

     ΔMinWT 0.0155 0.0034 

R2 0.09545 

root MSE 0.54 
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Table A 4 Parameter estimates and standard errors from the statistical result of 

interaction model for CumDrought. (NS indicates parameter estimates that are not 

significantly (p > .05) different from 0) 

Independent Variable CumDrought 

  Estimate Std. Error 

(Intercept) 0.0950 0.0069 

Human Disturbance   

     Clearcut -0.6655 0.0079 

           × ΔMAT 0.1879 0.0130 

           × ΔCMI 0.0222 0.0006 

     Partial Harvesting -0.1317 0.0109 

           × ΔMAT 0.0384 NS 0.0192 NS 

           × ΔCMI -0.0002 NS 0.0007 NS 

     Select Harvesting 0.0023 0.0116 

           × ΔMAT -0.0117 0.0192 

           × ΔCMI -0.0008 0.0007 

Natural Disturbance   

     Severe -0.3584 0.0081 

           × ΔMAT -0.1376 0.0134 

           × ΔCMI 0.0036 0.0007 

     Moderate 0.0047 0.0064 

           × ΔMAT -0.0142 0.0095 

           × ΔCMI 0.0017 0.0005 

     Low 0.0003 0.0049 

           × ΔMAT -0.0014 0.0076 

           × ΔCMI 0.0000 0.0003 

Initial Conditions   

     𝑁𝑆𝑃𝑃𝑌 0.0118 0.0005 

     𝐵𝐸𝐺𝐵𝐴𝑌 0.0033 0.0002 

     𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌 -0.0844 0.0017 

Climate Differentials   

     ΔMAT -0.0383 0.0066 

     ΔCMI -0.0017 0.0003 

R2 0.1384 

root MSE 0.5574 
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Appendix B: General Boosted Machine Learning Models 

Table B 1 Influence values from the generalized boosted machine learning model (GBM) 

and the corresponding sum of squares and percent variance explained from the final 

linear models by independent variable for periodic shade (dShade) and drought 

(dDrought) tolerance score change.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Independent Variable Influence Sum of Squares 

%Variance 

Explained 

dShade 

𝑁𝑆𝑃𝑃𝑌 2.09 366 0.8 

𝐵𝐸𝐺𝐵𝐴𝑌 64.37 47 0.1 

𝑆ℎ𝑎𝑑𝑒𝑌 5.49 1841 3.8 

Human 10.61 1448 3.0 

Natural 16.46 2016 4.1 

MinWT 0.98 1139 2.3 

MAT 0   

ΔMAT 0   

MAP 0   

ΔMAP 0   

CMI 0   

ΔCMI 0   

FFP 0   

ΔFFP 0   

MaxST 0   

ΔMaxST 0   

ΔMinWT 0   

dDrought 

𝑁𝑆𝑃𝑃𝑌 3.35 462 0.7 

𝐵𝐸𝐺𝐵𝐴𝑌 61.49 14 0.02 

𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌 6.93 3709 5.9 

Human 19.54 3914 6.2 

Natural 8.68 2299 3.6 

MAT 0   

ΔMAT 0   

MAP 0   

ΔMAP 0   

CMI 0   

ΔCMI 0   

FFP 0   

ΔFFP 0   

MaxST 0   

ΔMaxST 0   

MinWT 0   

ΔMinWT 0   
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Appendix C: Regional Analysis 

 After analyzing the global linear mixed effects models, we fitted them to each 

State/Province independently. We examined spatial trends using the magnitude of the 

parameter estimate associated with each independent variable. We defined magnitude by 

the relative value of the parameter estimate for each independent variable. We visually 

analyzed trends by creating maps magnitude for each independent variable across the 

four response variables.  

As the level of human disturbance increased, a North – South differentiation was 

observed in the magnitudes of the regional parameters associated with human disturbance 

(Fig. 5). Following select harvesting, Northern jurisdictions had slightly more negative 

changes in average tolerance score than what were observed for the Southern 

jurisdictions; however, most parameter estimates were very close to zero or slightly 

negative.  As intensity of human disturbance increased, the South became more negative 

than the North, especially for drought tolerance. 
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Figure C 1 Map showing the distribution of parameter estimates associated with 

increasing levels of human disturbance for both change in shade tolerance (dShade) and 

change in drought tolerance (dDrought). 

Similar trends were observed for natural disturbance (Fig. 6). At the lowest levels 

of natural disturbance, the Northern jurisdictions have greater negative changes in 

average tolerance scores, and as disturbance level increased, the trend switch to the 
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Southern jurisdictions having greater negative changes (Fig. 6). The N – S trend was 

clear for both shade tolerance and drought tolerance.  

 

Figure C 2 Map showing the distribution of parameter estimates associated with 

increasing levels of natural disturbance for both change in shade tolerance (dShade) and 

change in drought tolerance (dDrought). 
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The exact same N – S division was observed for the initial stand conditions (Fig. 

7); however, no trend was observed with minimum winter temperature (not shown). 

Increasing the number of species on a plot had a positive effect on all States/Provinces 

except in Nova Scotia and Quebec for dShade (Fig. 7). Northern jurisdictions had greater 

positive responses than southern jurisdictions, except that Nova Scotia consistently had 

the largest negative responses of all jurisdictions (Fig. 7). Differences were more 

pronounced for shade tolerance than for drought tolerance. Similar trends were observed 

for BEGBA (Fig. 7); however the responses in the south to increasing BEGBA were 

negative for dDrought. As observed in the overall models (Table 3), increased initial 

average tolerance score (𝑆ℎ𝑎𝑑𝑒𝑌, or 𝐷𝑟𝑜𝑢𝑔ℎ𝑡𝑌) resulted in negative changes in tolerance 

scores (Fig. 7). Again, effects were more pronounced in the South than in the North, 

except for Nova Scotia. 
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Figure C 3 Map showing the distribution of parameter estimates associated with 

increasing levels of NSPP, BEGBA, and Initial Tolerance (𝐒𝐡𝐚𝐝𝐞𝐘, or 𝐃𝐫𝐨𝐮𝐠𝐡𝐭𝐘)  for 

both change in shade tolerance (dShade) and change in drought tolerance (dDrought). 

 

 While these differences are interesting, they correspond too closely to the 

Northern FIA Region – Southern FIA Region boundary. This may be coincidental or it 
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may reflect subtle protocol implementation differences that result in this apparent 

“biological” pattern as Zhang et al.( 2018) concluded. To test whether these differences 

are real or protocol implementation issues would require analyzing the data on a 

classification variable that cross FIA regional boundaries and seeing if these differences 

persist. Perhaps using one of the ecoregion labels would be the place to start. 
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