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Modeling the distribution of species, especially of invasive species in non-native ranges, 

has multiple challenges. We develop some novel approaches to species distribution 

modeling aimed at reducing the influences of these challenges and improve realism of 

projections. We estimated species-environment relationship with four modeling methods, 

viz.,  random forest (RF), boosted regression trees (BRT), generalized linear models 

(GLM), and generalized additive models (GAM), running each of them with multiple 

scenarios of (1) sources of occurrences and geographically isolated background ranges, 

(2) approaches of drawing background points, (3) alternate sets of predictor variables. 

When a species' distribution is in a non-equilibrium state, as is the case for most invasive 

species, model projections are very sensitive to the choice of training dataset. Contrary to 

previous studies, we found that model accuracy is much improved by using a global 

dataset for model training (both presences and background points from the world), rather 

than restricting data input to the species' native range. Projections outside the training 

region, especially in invaded regions, can be very different depending on the modeling 

method used. Globally projecting, we show that vast stretches of currently uninvaded 

geographic spaces in multiple continents harbor highly suitable habitats for Parthenium. 
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Projections away from the sampled space (i.e. into areas of potential future invasion), can 

be very different with different modeling methods, raising questions about the reliability 

of ensemble projection. Data-driven models that efficiently fit the dominant pattern but 

exclude highly local features in dataset and model interactions as they appear in data 

(e.g., boosted regression trees) improve generalization of the species distribution 

modeling. 

Alpine treelines are responding to current climate change worldwide. To 

understand tree line dynamics and its potential drivers, we studied the primary two 

dominant tree species, Abies spectabilis (AS) and Rhododendron campanulatum (RC), on 

the north facing slope of two mountains in central Nepal. We determined spatial pattern 

of regeneration potential, mortality and abundance for various size/age classes, and we 

identified the most important drivers of such patterns. We also conducted a reciprocal 

transplant experiment on saplings of RC, moving them between species limit and treeline 

that were spaced apart by 150m. Young plants (<2m tall) of RC have higher density 

above treeline than below treeline. Mature plants (>2m tall) of RC, on the contrary, show 

insignificant trend towards higher density below treeline than above. Mortality of RC was 

always lower above treeline than below, independent of size class. AS saplings have 

extremely lower density above treeline than below, with mature plants being virtually 

absent above treeline. Elevation was identified as the only significant predictor of the 

decrease in density of both species above treeline. The saplings are progressively younger 

and shorter with distance above treeline. Both species are regenerating faster above 

treeline than below. These results are consistent with upward shift of the tree line of RC 

as a result of recent amelioration of temperature. Climatic extremes during spring affect 

mortality and leaf size whereas growth is affected by summer climate. Individuals from 

the species limit, if they survive, perform better when moved downhill than they do at 
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home, and also out-perform the locals. Although the upper elevational boundary of RC is 

shifting upward, these results indicate that strong differences still exist between 

individuals across a short elevational gradient, with individuals at the extreme limit of the 

species range being more tolerant to extreme climate conditions but less tolerant of 

competition compared to individuals only 150m lower in elevation.  

 

Keywords: species distribution modeling, boosted regression trees, Parthenium, 

invasive species, non-equilibrium distribution, AUC, biological insight, Himalaya, 

treeline, adaptation, mortality
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CHAPTER 1.  

Introduction 

 

 

This dissertation is comprised of three research projects presented in the next three 

chapters. Chapter 2 presents results of a species distribution modeling study aimed at 

improving the realism of projection. The study also identifies areas of potential invasion 

by a highly successful invasive weed, Parthenium hysterophorus. Next two chapters 

present findings from two field studies conducted in the Himalaya aimed at 

understanding the response of treeline ecotone to climate change. A companion set of two 

studies on snapshot of population across treeline and an attempt to understand 

mechanisms driving growth and survival with a reciprocal transplant experiment present 

was performed. The results show how plant populations are responding to regional 

climate change and what kind of adaptations – local vs. genetic differentiation along 

elevation – are observed in the populations. 
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CHAPTER 2. 

Projecting future expansion of invasive species:  

Comparing and improving methodologies 

 

 

 

 

ABSTRACT 

 

Aim Modeling the distribution of species, especially of invasive species in non-native 

ranges, has multiple challenges: (1) species-environment relationships can be different 

between native and non-native ranges; (2) extrapolation of the models beyond the domain 

of parameters may yield unrealistic species-environment relationship; and (3) unoccupied 

spaces in non-native ranges have a higher risk of being falsely identified as unsuitable, 

particularly for a species with a non-equilibrium distribution. In this paper, we develop 

some novel approaches to species distribution modeling aimed at reducing the influences 

of these challenges and improve realism of projections.  

Location Global. 

Methods We estimated species-environment relationship with four modeling 

methods, viz.,  random forest (RF), boosted regression trees (BRT), generalized linear 

models (GLM), and generalized additive models (GAM), running each of them with 

multiple scenarios of (1) sources of occurrences and geographically isolated background 

ranges, (2) approaches of drawing background points, (3) alternate sets of predictor 

variables. We further tested various quantitative metrics of model evaluation against 
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biological insight.  Our ‘best’ model output was then field tested via a post-hoc census of 

an area (Nepal) for which we had no prior knowledge. 

Results When a species’ distribution is in a non-equilibrium state, as is the case for 

most invasive species, model projections are very sensitive to the choice of training 

dataset. Model accuracy is much improved by using a global dataset for model training 

(both presences and background points from the world), rather than restricting data input 

to the species’ native range. Projections outside the training region, especially in invaded 

regions, can be very different depending on the modeling method used. GLM’s give very 

unrealistic projections far away from the training region but similar results to other 

methods (e.g. GAM) inside the training region, which indicates the sensitivities of the 

models to interaction terms. Of the two decision-tree based methods, RF, being a stronger 

classifier than BRT, achieved a higher AUC score. Conversely, BRT reduced overfitting 

that plagued RF and yielded more realistic projections than RF, indicating that BRT is 

more generalizable and transferable than is RF. We also show that AUC score alone is 

not a useful criterion for assessing model performance and can be an extremely poor 

metric of model evaluation. Globally projecting our ‘best’ model for each region, we 

show that vast stretches of currently uninvaded geographic spaces in multiple continents 

harbor highly suitable habitats for parthenium.  

Main conclusions Biological knowledge of the species and its distribution is 

important in refining choices about the best set of projections, especially when the 

geographic range of the projection is much larger than the training region of models, as is 

the case for most invasive species. Projections away from the sampled space (i.e. into 

areas of potential future invasion), can be very different with different modeling methods, 

raising questions about the reliability of ensemble projection. Data-driven models that 
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efficiently fit the dominant pattern but exclude highly local patterns in dataset and 

capture interactions as they appear in data (e.g. boosted regression trees) improve 

generalization of the species distribution modeling. 

Keywords species distribution modeling, boosted regression trees, random forest, 

generalized linear models, generalized additive models, parthenium, invasive species, 

non-equilibrium distribution, AUC, biological insight 

 

 

INTRODUCTION 

 

Human assisted migration of species beyond their historic ranges has increased 

with trade in more recent times (Levine & D’Antonio, 2003) allowing a rare or weak 

competitor species in their native ranges to turn into highly successful invasive species 

somewhere else. Invasive species pose one of the most serious threats to biodiversity, 

ecosystem function, and environment globally (Millennium Ecosystem Assessment, 

2005, Thuiller et al., 2007). Once established, invasive species are difficult to eradicate 

(Rejmanek et al., 2005). Therefore, preventing introduction or establishment is the best 

method of managing species invasions (Kolar & Lodge, 2001). This requires 

identification of the areas likely to be invaded by the species of interest (Thuiller et al., 

2005).  

A main challenge with the approach of determining the geographic spaces likely 

to provide suitable habitat to an invasive species is the identification of appropriate 

correlates of successful vs unsuccessful invasion (e.g. environmental variables and biotic 

interactions). Long-term establishment of a species in a region requires an intersection of 
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(i) environmental conditions favorable for survivorship and reproduction, (ii) biotic 

interactions that are not sufficiently detrimental to cause local extinction (presence of 

negative biotic interactions including competition, allelopathy, predation, disease, or lack 

of positive biotic interactions including pollination and other mutualistic relationships), 

and (iii) dispersal capacities to the areas with favorable environmental conditions and 

biotic interactions (Kolar & Lodge, 2001, Guisan & Thuiller, 2005,  Soberon & Peterson, 

2005,  Soberon, 2007). Environmental variables, often referred to as “Grinnellian” 

variables, in general have broad spatial structures (Mackey & Lindenmayer, 2001) and so 

tend to be well-correlated with species distribution at a coarse scale (Peterson, 2003, 

Soberon, 2007). Conversely, biotic interactions, sometimes referred to as “Eltonian” 

variables, have fine-grained spatial structures (Mackey & Lindenmayer, 2001, Soberon, 

2007); they determine variation in species distributions at a much finer scale than do 

environmental variables. Taken together, this implies that predicting species distributions 

at coarser geographic resolutions can safely be done with environmental variables alone, 

whereas fine-scale variation in distribution within a suitable habitat is due to both biotic 

interactions and abiotic variables (Fridley et al., 2007).   

Although modeling a species’ distribution is always challenging (Araújo & Guisan, 

2006), an additional  major challenge when modeling invasive species is that the model is 

often required to extrapolate from the known environmental space (which contains 

species occurrence records) to an unknown environmental space (e.g. non-native 

geographic regions that are potential areas of future invasion. Specifically, this challenge 

has three components:  
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(1) Altered species-environment relationship.  Predictions made within the range of 

geographic space sampled for model building (the training region) are reliable 

enough because correlations between the explanatory variables tend to remain 

constant across that range (Elith & Leathwick, 2009) and so interpolation in the  

environmental space encompassed by the training data is likely to capture the 

underlying relationships. Models can be used to project into unsampled geographic 

spaces if the species-environment relationship, the biotic interactions, and the genetic 

makeup of the populations (genetic variability as well as phenotypic plasticity) are 

not different between sampled and unsampled areas (Austin, 2002). Contrary to these 

expectations, invasive ranges can have altered biotic interactions (e.g. removal from 

competition, parasites or predators), differences in relative importance of 

environmental variables, or evolutionary changes (from either genetic drift or 

different selection pressures in the invaded range) (Ackerly, 2003; Lavergne & 

Molofsky, 2007; Pearman et al., 2008. Duncan et al., 2009). 

 

(2) Extrapolation of the models beyond the domain of parameters. Predicting in 

the ranges beyond the domain of parameters can be risky because of lack of species 

observations in the range for model evaluation (Elith & Leathwick, 2009). 

Unfortunately, many studies have found that the climatic space occupied by invasive 

species in their introduced ranges is often broader than in their native ranges 

(Kearney et al., 2008, Fitzpatrick et al., 2007, Loo et al., 2007). Such a discrepancy in 

climatic space can result from, as above, differences in species-environment 

relationship, the biotic interactions and genetic makeup. The discrepancy can also 

result from the fundamental niche not being fully realized in native ranges because of 
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(a) dispersal constraint and biotic interaction preventing growth in some of the 

habitable areas (Araújo and Peterson, 2012), and (b) lack of adequate geographic 

space to cover the entire domain of multivariate climatic space that could support 

population with indefinite positive growth. Therefore, species distribution models 

generated within native ranges can potentially express only part of fundamental niche. 

 

(3) Non-equilibrium distribution in invasive ranges.  When occurrence records are 

available from invaded ranges, pairing these occurrences with background samples is 

challenging because invaded ranges in which the species is still expanding in extent 

or abundance represent a case of non-equilibrium distribution  (Thuiller et al., 2005, 

Rodda, Jarnevich, & Reed, 2011). Unoccupied spaces in such ranges have higher 

chances of harboring environmentally suitable habitat than in native ranges. 

Background points obtained from invaded ranges, therefore, have a potential to yield 

sub-optimal models.  

 

Studies have attempted to address the first two challenges by including occurrence 

records from both native and invaded ranges which improved projection in invaded 

ranges (Mau-Crimmins et al., 2006, Broennimann and Guisan, 2008, Beaumont et al., 

2009). Observed climatic niche between native and non-native ranges can be different 

(Broennimann et al., 2007). Consequently, models calibrated in a geographic region 

underperform in new geographic spaces (Fitzpatrick et al., 2007, Beaumont et al., 2009). 

This challenge of limited model transferability across space can be dealt with inclusion of 

both native and non-native ranges in model training.  
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The third challenge of non-equilibrium distribution is a bigger problem of invaded 

ranges although the native populations are not necessarily in equilibrium. Monahan 

(2009), with mechanistic niche model, revealed that the realized niche can be smaller 

than fundamental niche due to dispersal constraint, biotic interactions and other reasons. 

Invasive species are not free from these conditions although biotic interactions can be 

less negative in invaded ranges because of loss of enemies, competitors or pathogens 

(Mack et al., 2000). These conditions, as well as invasive species likely being in the state 

of expansion in spatial coverage, makes invasive ranges far from equilibrium. Whereas 

the challenges of non-equilibrium distribution cannot be eliminated, different stages of 

invasion can be used to model potential distribution for inferring the extent of non-

equilibrium in distribution (Václavík & Meentemeyer, 2012) and expert opinion while 

choosing background ranges can be useful for improving model reliability (Murray et al., 

2009).  

 

Here, we use a globally significant invasive weed, Parthenium hysterophorus, that 

has invaded >40 countries in Asia, Africa and Australia as a case study to develop some 

novel approaches to SDM aimed at reducing the influences of these challenges and 

improving the realism of projections. First, we propose a new approach designed to (1) 

improve model transferability across space (i.e., from training region into new geographic 

spaces), and (2) reduce the chances of sampling false absences of species in a non-

equilibrium state of distribution. This approach uses occurrences from all regions but 

obtains background points only from native ranges. We present approaches for modeling 

the invasive species at a global scale; specifically, we quantitatively compare the effect of 

the following in predicting the species distribution in native ranges, invaded ranges and 
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potential areas for future spread: (1) sources of occurrences and background ranges, (2) 

approaches of drawing background points, (3) alternate sets of predictor variables. We 

also compare the accuracy of different modeling methods in projecting occurrences far 

away from the training region, and relate these results to AUC scores within the training 

region. 

 

 

METHODS 

 

Distribution, invasion history and biology 

Parthenium (Parthenium hysterophorus L., Asteraceae), a native of Central 

America, Mexico and southeastern USA, is a weed of global significance (Navie et al., 

1996).  The plant was first identified in non-native ranges as a weed in Queensland, 

Australia in 1955 (Auld et al., 1982–1983) and then India in 1956 (Rao, 1956). Since the 

1950s, parthenium has spread to most humid/sub-humid tropical and sub-tropical areas of 

the world, from the sea level to 2,700m (Dhileepan and McFadyen 2012).  Now 

parthenium weed occurs in several countries in Asia (Bangladesh, Bhutan, Israel, Korea, 

Japan, Oman, Malaysia, Nepal, Pakistan, southern China, Sri Lanka, Taiwan, Vietnam 

and Yemen) Africa (Egypt, Ethiopia, Kenya, Madagascar, Mozambique, South Africa, 

Somalia, Swaziland, Tanzania, Uganda and Zimbabwe), and Island countries in the 

Indian ocean (Bourbon, Mascarenes, Mauritius, Rodriguez and Seychelles) and the 

Pacific (Hawaii, New Caledonia, Papua New Guinea, Seychelles, Vanuatu) (e.g. Navie et 

al., 1996; Dhileepan and Strathie, 2009; Dhileepan and Wilmot Seneratne, 2009; 

McConnachie et al., 2011). The plant has spread via various means. Initial trans-
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continental spread occurred via food aid contaminated with parthenium seed, delivered 

from the USA; subsequent intra-country and intra-region spread took place via 

agricultural machinery and vehicles (Dhileepan and McFadyen 2012). In Australia and 

India, introductions of parthenium weed were through contaminated seed imports from 

USA (Auld et al., 1982–1983, Rao, 1956). Genetic analysis suggests that parthenium 

genotypes found in Australia, India and Africa possibly originated from southern Texas, 

USA (Graham and Lang 1998).  

Parthenium weed is an annual herb with a deeply penetrating taproot and an erect 

shoot. Young plants form a rosette of leaves close to the soil surface. As it matures, the 

plant develops many branches on its upper half, and may eventually reach a height of up 

to two meters (McFadyen 1992). With good rainfall and warm temperature, parthenium 

weed has the ability to germinate and establishes at any time of the year. Flowering 

usually commences 6–8 weeks after germination and soil moisture seems to be the major 

contributing factor to the duration of flowering (Navie et al., 1996). Parthenium is a 

prolific seed producer and a fully-grown plant can produce more than 150,000 seeds in its 

lifetime (Dhileepan, 2012). The seed is spread by animals, wind, water, vehicles, farm 

machinery, fodder and seed lots (Auld et al., 1982–83; Navie et al., 1996), as well as 

other human activities (e.g. parthenium weed flowers in bouquet, green parthenium weed 

plants as packing materials and parthenium weed as green manure). The seeds persist and 

remain viable in soil for reasonably long periods, with nearly 50% of the seed bank viable 

up to 6 years (Navie et al., 1998). In the invaded ranges, parthenium affects crop (e.g. 

Khosla and Sobti 1979; Njoroge 1986; Tamado et al., 2002; Firehun and Tamado 2006), 

rangeland productivity (e.g. Nath 1988; Chippendale and Panetta 1994), native 

community biodiversity (e.g. Sridhara et al., 2005; Shabbir and Bajwa 2006) and the 
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health of humans (e.g. Subba Rao et al., 1977; McFadyen 1995; Kololgi et al., 1997; 

Sharma et al., 2005) and animals (e.g. Tudor et al., 1982; Kadhane et al., 1992; 

Narasimhan et al., 1980). 

  

Resolution and extent of study areas 

Because of its unusual success in spreading to all continents except Europe, our 

study modeled its future distribution on a global scale. We performed the modeling at 2.5 

arc minute resolution. We took advantage of already processed data at that resolution 

(WorldClim version 1.4, www.worldclim.org). We excluded Antarctica from analyses, as 

very little of that continent is suitable for plant life. 

 

Occurrence records 

We obtained occurrence records from the following sources: freely available 

databases, published personal records, and primary data collected for this study (see 

Table A1). We eliminated points with a spatial resolution of coarser than 1 minute, 

yielding 3989 points. We further eliminated all but one point per grid cell, yielding 2322 

points used in our analyses. 

 

Assessing the role of roads 

Roads have been shown to be associated with spread of invasive plants (Tyser & 

Worley, 1992, Parendes & Jones, 2000).  In invaded areas, the parthenium weed records 

also tend to occur near roads. This weed-road association can result from the following 

mutually non-exclusive situations: (1) roads provide environments that help the plant 

establish and grow including soil disturbance and additional water from run-off (e.g. 
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Lake & Leishman, 2004); (2) propagules reach other locations through human travel 

along roads, and so even when suitable habitat is common across the landscape, 

individual plants are seen first near roads (e.g. Gelbard & Belnap, 2003); (3) biologists 

observe more occurrences near roads because collection efforts are biased towards areas 

accessible by road.  These last two conditions cause an artificial correlation between the 

presence records and roads, which violates assumptions that observed records represent a 

random sample of suitable environments for that species. This effect can be minimized by 

conducting a weighted sampling scheme that draws more background points near roads 

and fewer far from roads.  We also tested the effects of roads more directly by comparing 

models built on two sets of environmental predictors – one without proximity to roads 

and the other with roads included as a predictor.  

 

Choice of background points 

Eight minimum area convex polygons were created around concentrated regions 

of occurrences excluding isolated points far from these areas of concentration (Fig 2.1). 

Background points were not drawn from the space within 10km radius around the 

presences. To keep prevalence (the proportion of sites with presences) constant between 

regions, we matched the number of background points to the presences within each 

region. A random draw of background points assumes that the grid cells are of equal size 

because each grid cell has equal chance of being selected. In reality the grid cells further 

away from the equator are progressively smaller because of the Earth’s curvature. 

Background samples need to be drawn taking into account cell sizes if the latitudinal 

gradient in the range is non-trivial (>200m) (Elith et al., 2011), which is the case in this 

study. We therefore did weighted sampling such that grid cells were sampled in 
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proportion to their geographic area. To estimate the effect of roads on sampling bias, we 

drew one set of background points using only cell area as the weight/bias (AreaBias) and 

a second set weighted using both cell area and linear distance to roads (AreaRoadBias). 

 

Predictor variables 

We obtained raster layers for 19 climatic variables and altitude at 2.5 arc-minute 

resolution from WorldClim version 1.4 (Hijmans et al., 2005, www.worldclim.org). This 

set (Table A2) of climatic variables (measured, interpolated, derived) is widely used in 

SDM; they capture the central tendency and variability of the two most important 

environmental variables (temperature and precipitation). However, WorldClim variables 

can be supplemented with other climatic and non-climatic variables to improve model 

predictions (Peterson & Nakazawa, 2008) if the species being modeled has strong 

dependence to supplemented set of variables. Because precipitation is not the best 

measure of moisture availability to plants, we added a layer representing soil moisture. 

Monthly values of soil moisture for the period of 1948-2011 were obtained in grid format 

(0.5 degrees resolution) from NOAA 

(http://www.esrl.noaa.gov/psd/data/gridded/data.cpcsoil.html; van den Dool et al., 2003). 

Percent canopy cover per 500 m MODIS pixel was obtained for the years 2001–2005 

from Global Land Cover Facility (Collection 4, Version 3, accessed in Dec 2011, 

http://www.glcf.umd.edu/data/vcf/, Hansen et al., 2003). We averaged the six years’ data. 

For both soil moisture and percent canopy cover, the raster data was resampled to match 

the resolution and extent of WorldClim predictors. 

Except in Australia, the plant seems to be more abundant in localities with higher 

population density. Dense vegetation of the plant is often seen growing in areas that 
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receive frequent human disturbance and domestic waste. To use human population 

density as a potential predictor of the weed, we obtained gridded population density (2.5 

arc minute resolution, adjusted to match UN totals) in 2000 from NASA Socioeconomic 

Data and Application Center (Gridded Population of the World v3, 

http://sedac.ciesin.columbia.edu/data/collection/gpw-v3).  

A shapefile of roads of the world was used to generate two types of raster layers: 

one with linear distance and the other with square root of linear distance (Fig A1).  

 

Species distribution models 

We used two regression based models, i.e., generalized linear models (GLM) and 

generalized additive models (GAM) and two decision tree based methods, i.e., random 

forest (RF) and boosted regression tree (BRT). These four modeling methods have been, 

in general, shown to perform well in SDMs (Araújo et al., 2005; Elith et al., 2006; 

Pearson et al., 2006; Elith and Graham, 2009) but each has their own strengths, biases 

and weaknesses. Modeling distribution of invasive species has been performed with high 

accuracy using BRT, RF and GAM (Cutler et al., 2007, Broennimann and Guisan, 2008, 

Elith et. al., 2010). 

 

Over-fitting and predictive performance 

An excessively complex model has very high fit to the training data because its 

excess parameters (relative to the number of observations) explain random error in data. 

This cloaks the true underlying relationship between variables and therefore yields a 

model with poor predictive performance. We used two approaches to control overfitting. 

Akaike Information Criterion (AIC) was used for GLMs and cross validation for GAMs, 
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RF and BRTs. Cross validation required special treatment of data. Since the modeling 

software could not draw background points using the bias rules that we wanted, we 

manually prepared separate background samples for each run.  

 

Various novel combinations of background sampling method, pairing of presences 

to background points, and choices of predictor variables 

We plotted occurrences in an ordination (NMDS) plot of 23 environmental 

variables (all predictors except road, Table A2). We developed three methods for 

selecting data points to train models: (1) presence points from the world and background 

points from various polygons in the world (PWBW), (2) both presence and background 

points from native ranges (PNBN) and, (3) presence points from the world and 

background points from the native range (PWBN) (Fig 2.2).  

The background points in each of the three sources were drawn using two biases: 

(1) cell area (AreaBias) such that bigger cells were more likely to be selected than 

smaller, and (2) both cell area and proximity to road (AreaRoadBias) such that, on the top 

of size, cells nearer to roads are more likely to be selected than further. We created two 

sets of explanatory variables: (1) WorldClim, soil moisture, percent canopy cover, human 

population density, (2) all variables in the first set plus proximity to road (both linear and 

square root) (Table A2). We performed the study with a fully crossed design of these 

three factors; the design gives us a set of 12 combinations (called hereafter “scenarios”) 

of point source, bias in drawing background and sets of explanatory variables (Table 2.1). 
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Evaluation indices 

We evaluated models with the following indices: area under the receiver 

operating characteristic curve (AUC), sensitivity, specificity, Cohen’s Kappa, and the 

True Skill Statistic (TSS). AUC scores are easy to interpret and have been used in 

comparing species distribution models, but have recently been criticized for several 

reasons (Lobo et al., , 2008, Allouche et al., 2006). We attempted to deal with several of 

the criticisms: (1) An ROC plot, and therefore the AUC score, does not provide 

information about the distribution of model errors in geographic space. We deal with the 

criticism by computing AUC scores for each continent separately, as well as for the entire 

sampling extent and world; (2) AUC scores can easily be inflated by increasing 

geographic extent for drawing background points. To deal with this criticism, we set 

geographic backgrounds in eight convex polygons enclosing dense mass of occurrences 

leaving out isolated points. We then used exactly the same set of points for all the models 

within each of the three levels of the factor “point source” (Table 2.1). The three levels of 

“point source” are intended to be different in their geographic extent of sampling ranges, 

such that we can test the effect of point sources in models; (3) Obtaining random 

background points from the regions without presences inflates false absences. We do not 

have such a situation. Finally, the potential effect of prevalence was avoided by using the 

same number of present and background points.  

Contrary to AUC, the benefit of using Cohen’s Kappa is that it corrects for the 

model fit expected by chance (Allouche et al., 2006). However, Cohen’s Kappa is 

sensitive to prevalence.  Allouche et al., (2006) therefore recommend using TSS for 

model evaluation.  
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Two approaches for computation of evaluation statistics 

AUC and other evaluation indices computed on independent data provide 

estimates of model generalization and predictive power, but only within the range of 

sampling. The ability of a model to predict outside the training region cannot be 

estimated with conventional approach of computing AUC on independent data held out 

from model. To deal with this problem, we computed AUC and other evaluation scores 

for every model using presences and background points from each continent separately 

with the exception of Europe, for which there were no occurrence records. All AUC 

values reported in this study were computed this way. We compare this AUC with the 

traditional AUC (computed on independent data from the training region) in Fig 2.6. Our 

approach of computing AUC not only provides an index for comparing models’ 

predictability outside its range (i.e., transferability), but also allows us to determine the 

best model for each continent. Given the fact that continents have very different 

environmental spaces (Fig 2.3), it is likely there is not a single best model for predicting 

every continent. 

 

Analysis and computation 

The main work of species distribution modeling was performed with the package 

BIOMOD 1.1-7.02 (Thuiller et al., 2009) installed in R 2.14.0 (The R Project for 

Statistical Computing) on Lonestar supercomputer at the Texas Advanced Computing 

Center. For each of the 12 scenarios (Table 2.1), we performed 2500 iterations of 

modeling. With four SDM models for every iteration, we created 12 scenarios * 4 SDM 

models * 2500 iterations = 120,000 projections. Analysis of BIOMOD output and 
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plotting was performed in the following packages installed to R 2.15.1: gridExtra, 

matrixStats, plyr, PresenceAbsence, R.methodsS3, Sciplot, sperrorest, TeachingDemos. 

 

 

RESULTS 

 

Continental differences in multivariate environmental space of presence points 

In the first two axes of a non-metric multidimensional scaling (NMDS) plot of 23 

predictor variables, clusters of occurrence records from various continents have a 

markedly different extent, central tendency and dispersion (Fig 2.3). This indicates that 

environmental space of presence points in various invaded regions are different from 

each other and also are different from that of native range. 

 

Factorial design 

The full factorial design of our study allows us to tease apart the effects of 

variations of each of the four factors on modeling performance when the effects of the 

other factors are held constant (Table 2.1). We calculated AUC, sensitivity, specificity, 

Kappa and TSS as a performance measure of modeling methods. A four-way analysis of 

variance shows that all of the four factors listed in Table 2.1 have a significant effect on 

all measures of model performance (P < 0.0001, Table A3).  

 

Spatial structure in occurrence points and road as a predictor 

Even though bias (comprised of two levels: AreaBias and AreaRoadBias) has an 

overall significant effect on AUC, pair-wise comparisons of various scenario 
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combinations shows that the difference in model performance (AUC) of the two types 

of bias is very small (<0.003) and often statistically not significant (Fig 2.4). This 

suggests that the suspected road–weed association was not strong.  

A different approach to determining whether or not such association exists is to 

see if the two types of bias demonstrate a statistical interaction with the ROAD factor: i.e. 

the predictor sets with road (Road) and without road (NoRoad). An association between 

roads and presences would lead to a significant interaction between the BIAS factor and 

the ROAD. However, having road as a predictor should make models better able to 

classify presences and background points in the AreaBias set than in the AreaRoadBias 

set because the background points are more likely to be drawn far from roads in AreaBias 

than in AreaRoadBias. The interaction term between the ROAD factor and the BIAS 

factor was not significant (P=0.80).  

Taken together, these two results (and extremely small main effect of BIAS and 

the lack of statistical interaction between BIAS and ROAD), suggest that proximity to 

road did not cause a spatial dependence among presences (but see “Discussion” for 

alternate interpretation). Including Road as an explanatory variable makes a larger 

difference in AUC than does including Road as bias. (Fig 2.4). Adding road in the set of 

explanatory variables increased AUC by 0.026–0.042. This, however, makes the models 

too restricted to roads (Fig A2), which counters what has been seen in areas under 

observation by local experts; three coauthors of this study (KD, AM and LS) conclude an 

overly dominant effect of road with distribution restricted to road (see Discussion). 

Therefore, for the rest of the analyses, except Fig 2.9, we dropped AreaRoadBias and 

road as a predictor because (1) road as a bias did not make a difference to the 

performance of background points (no difference between two types of biases in AUC 
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score), and (2) when road was included as an explanatory variable the model yielded a 

biologically unrealistic projection map which contradicted ground surveys.  

 

Continent-wise prediction and predictability inside vs. outside the training region 

This leaves only two factors: choice of training regions from which to draw point 

sources and choice of SDM model. Models built with the three point sources (PWBW, 

PWBN, PNBN) have dramatic differences in predictability among continents. Obtaining 

both presences and background points from all regions of the world (PWBW) gave 

models with substantially higher predictive power on a global scale than models that 

were built with other combinations of points (PWBN, PNBN) (Fig 2.5a). Predictive 

power of the models in non-native ranges worsened with use of points from only the 

native range (either only background points or both background and presences).  For 

Asia, Africa and Australia, AUC for PWBW was 11.5–25.5% higher than for other 

models, and for South America 3.5–7.1% higher.  However, prediction accuracy within 

the native range (North America) is maximized by having both presence and background 

points from only native areas (PNBN), the difference with the other point sources being 

only 1.4–1.8%. For the whole world, PWBW had an AUC that was 0.11 higher than the 

second best model (PNBN) (Fig 2.5a, column “World”). We, therefore, chose PWBW as 

the best combination of points. 

The AUC scores reported so far are the ones computed by predicting points from 

various continents irrespective of whether or not the continent contributed points to 

model construction. This AUC (e.g. AUCworld for all continents together) is not the same 

as AUC computed by predicting an independent dataset from training region (AUCtraining 

region). The green box in Fig 2.5a shows that AUCtraining region (column “Range”) is much 
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higher than AUCworld (column “World”) for PWBN (0.928–0.654=0.274) and PNBN 

(0.841–0.712=0.129). Not surprisingly, for PWBW, the two AUCs are identical because 

the range of background sampling and presences fall in all continents. 

 

Comparing models 

The scenario chosen as ‘best’ performing (PWBW with AreaBias, NoRoad) 

contains results from four models: GLM, GAM, RF, BRT (Fig 2.5b). RF scored the 

highest AUC on every continent, with BRT second. Kappa and TSS indices follow 

similar pattern as AUC (Fig A3). In global comparisons, the AUC scores are as follows: 

RF (AUC=0.87), BRT (AUC=0.835), GAM (AUC=0.794) and GLM (AUC=0.787) 

(Table A4).  Based both on evaluation metric and biological insight about distribution 

and physiology of the plant (see “Discussion”), we chose GAM for projecting in Africa, 

Australia and New Zealand, and BRT for the rest of the world (Fig 2.6, Fig A4). 

 

Incongruence among levels of factors 

For each random set of points (all presences, randomly drawn background points), 

we performed five-fold cross validation of the models, using four groups as training set 

and the fifth as testing set. Since the groups are not truly independent, the resulting 25 

projections (5 sets of training and testing points for presences crossed with 5 such sets of 

background points) were averaged to obtain one independent projection.  The total 

variance of 4,800 independent projections for each grid cell shows a decreasing trend 

with increase in habitat suitability (Fig 2.7a). Worldwide, most of the grid cells are 

unsuitable for the plant. We partitioned the total variance into the percentage of variance 

contributed by each factor. When all the grid cells are considered together, >99% of 
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variance in suitability predictions was contributed by SDM models modeling method, 

point source, and alternate sets of choice of explanatory variables. Choice of bias and 

replicates of presence and background points in total account for <1% of the total 

variance (Fig 2.7a, pie chart). The partitioned variances plotted against habitat suitability 

(Fig 2.7b) exhibited a number of trends: the variation contributed by point sources 

decreases and the one by SDM model increases with habitat suitability. Below habitat 

suitability of 0.68, more variation is caused by point sources than SDM model. For higher 

habitat suitability scores, differences among SDM models are responsible for much more 

of the variance among outputs than are differences among point sources. Explanatory 

variables sets, bias and background point replicates all exhibited a unimodal relationship 

of variation against habitat suitability.  

 

Evaluation indices  

We report commonly used (AUC, sensitivity, specificity) and less commonly used 

(Kappa, TSS) model evaluation indices. Because we developed approaches to counter 

previously reported criticisms, our AUC scores had a very tight and linear relationship 

with both Kappa and TSS (r=0.85–0.89 for four SDM models, Fig A5). SDM Models 

were given the same set of presence and background points keeping the prevalence at 0.5; 

this resulted in Kappa and TSS scores being identical (Fig A5) because in estimating the 

predictive accuracy of models, the dependence of Kappa statistic on prevalence is 

corrected by TSS (Allouche et al., 2006). 
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DISCUSSION  

 

“Essentially, all models are wrong, but some are useful” (Box and Draper 1987). 

Models in practice violate the key assumptions of SDM (Pearson & Dawson, 2003, 

Jeschke & Strayer, 2008) that: (a) distribution is not affected by biotic interaction or is 

affected in the same way across the entire distribution, (b) genetics and plasticity remain 

constant across the entire range of distribution, and (c) there is no dispersal constraint, 

allowing species to occupy all spaces with suitable climate and be absent elsewhere. 

Various remedies to improve the realism of SDM have been proposed by previous 

authors including use of both native and invasive ranges in model training, as we did 

(Broennimann & Guisan, 2008, Jiménez-Valverde et. al., 2011, Rodda et al., 2011). We 

demonstrate here that it is important to use model evaluation metrics computed with 

independent points drawn from the projected ranges, rather than from training regions. 

This is, as of yet, a rare practice in SDM. To the best of our knowledge, this study is the 

first one to quantitatively compare the effect of decoupling presences from background 

ranges, a practice that would theoretically minimize false negatives in data.  

However, our results demonstrate that a decoupling approach does not necessarily 

lead to a better model. A frequently reported challenge of SDMs is that background 

ranges are much larger than the range of presences, a situation that artificially inflates 

AUC score. One of our choices for points, PWBN, was opposite to most other studies in 

that our background range was much smaller than our range for presences.  But still we 

found gross errors in the projections: models trained with PWBN were completely 

unreliable, predicting suitable habitats at Greenland and northern Canada. In spite of this 

lack of realism, these same models secured highest AUC score when evaluated with 
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independent data from training region (Fig 2.5a, green box). This does not represent a 

case of model overfitting to training data (e.g. Jiménez-Valverde, et. al., 2011), it is a 

case of limited model transferability.  

By approaching the global modeling of parthenium via 12 scenarios that explore 

the effects of geographic training region (sources of points), possible sources of sampling 

bias, and possible effects of roads on model outputs,  we found that no single evaluation 

criteria was adequate for choosing the “best” set of approaches. Specifically, we 

conclude:  

(1) AUC score alone is not a useful criterion for assessing model performance 

(Lobo et al., 2008, Allouche et al., 2006). Biological knowledge of the species 

and its distribution is important in refining choices about the best set of 

predictions (Murray et al., 2009), especially when geographic range of prediction 

is much broader than training region of models. 

(2) For non-equilibrium distributions that characterize many invasive species, 

model results are very sensitive to the choice of training dataset. We found that 

prediction accuracy was much improved by using the global dataset for training 

the models (PWBW = presences from the world and background points from the 

world), rather than restricting training to the native range (PNBN = presences 

from native range and background points from native range), as also found by 

prior studies (Mau-Crimmins et al., 2006; Broennimann & Guisan, 2008, 

Jiménez-Valverde, et. al., 2011, Rodda et al., 2011).   

(3) The traditional approach of computing AUC score (using an independent 

dataset from the training region) can be very misleading when modeling invasive 

species. When the models built with PWBN (presences from the world and 
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background points from native ranges) dataset were evaluated with independent 

data from training region, the AUC score was 0.93; when evaluated with 

independent data from across the world, the AUC score was 0.65. This model 

yielded completely unrealistic projections for non-native ranges. The lack of 

background points from non-native ranges resulted in dramatic over-prediction in 

non-native ranges (a situation that tends to increase AUC). Only a handful of 

studies quantitatively estimate model transferability (e.g. Mau-Crummins et al., 

2006; Duncan et al., 2009,). 

(4) Generalization and transferability of models (e.g. projecting invasive ranges 

outside of the training region) is best estimated quantitatively with AUC 

computed on distributional data from projected spaces (e.g. for each continent), 

and not from the more standard method using withheld data from the training 

region. Contrary to conventional approaches, this approach also gave an estimate 

of the global geographic distribution of prediction error.  

(5) When projecting outside the training region, interaction terms among model 

parameters (e.g. in GLMs) can be a serious problem, particularly when 

correlations between predictor variables are not stable across space, yielding very 

unrealistic projections. Yet, GLMs were commonly used in early analyses (Elith 

and Leathwick, 2009) and still are one of the widely used modeling methods 

(Austin, 2002). 

(6) Smoothing functions in model parameters improve generalization and 

transferability of the resulting model. Random Forest, being a stronger classifier 

than Boosted Regression Trees, can achieve a higher AUC score but we found 

that RF had a compromised generalization compared to BRT.  BRT, despite 
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having a lower AUC score than RF, reduced potential overfitting and yielded 

more realistic projections when applied to a novel geographic region (that was not 

included in building the initial model). 

(7) Based on AUC scores, our biological understanding of the plant and drawing 

on three co-authors’ (KD, AM, LS) decades long involvement in the management 

of the plant in three continents (Asia, Africa and Australia), we chose the 

following SDM models for prediction of habitat suitability: GAM for Africa, 

Australia and New Zealand, and BRT for the rest of the world. Expert opinion has 

been found to be useful in SDM (Murray et al., 2009).  

(8) An approach to improve model reliability, as suggested by recent studies, is to 

focus on efficient prediction of presences rather than absences (Philips & Elith, 

2010, Jiménez-Valverde et. al., 2011, Araújo & Peterson, 2012). However, we 

found that this approach can yield unreliable models. Our PWBN models, with 

the highest AUC score on independent data from training range (Fig 2.5a, green 

box) and close to 100% accuracy in predicting presences (Fig 2.8a), make very 

unrealistic projection  at higher latitude most likely because the climatic niche of 

presences outside of native range was not efficiently contrasted by climatic niche 

of pseudoabsences (see below for details). 

(9) Using our ‘best’ set of models, we identified vast stretches of currently 

uninvaded geographic spaces that are likely to harbor highly suitable habitats for 

parthenium in multiple continents. 

 

Each of these findings is discussed in detail below. 
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Use of points from multiple geographic ranges 

We found that presences from different continents occupy different environmental 

space, as has been found in other studies of invasive species (Broennimann et al., 2007, 

Beaumont et al., 2009). Therefore, in order to encompass the set of environments that are 

suitable for the species, we need to take presence points from the global distribution of 

the species. This result supports prior studies that have demonstrated that introduced 

ranges included in model training improves prediction in invaded ranges (Mau-Crimmins 

et al., 2006; Broennimann & Guisan, 2008, Jiménez-Valverde et. al., 2011, Rodda et al., 

2011). In order to make comparisons among SDM models more reliable and also provide 

indices that we could safely rely on to determine the best SMD model for predicting 

invasion in different continents, we tested all SDM models using the same training 

dataset - i.e. set of occurrences and background points from five continents.  

 

Use of roads in model building 

We began by assuming roads would be an important addition to improve 

projection, because we observed in our data that occurrences often were seen near roads, 

and other studies have documented a tendency for exotic species to spread along roads 

(Tyser & Worley, 1992, Parendes & Jones, 2000, Gelbard & Belnap, 2003, Lake & 

Leishman, 2004).  But systematic analyses of our dataset revealed only a small “road 

effect”, and we concluded that ultimately overall model performance was compromised 

by including roads. 

Roads improved AUC by 0.03–0.04 but yielded a projection map, which 

according to expert opinion (see Results), exhibits an overly dominant effect of road; grid 

cells overlapping roads have higher habitat suitability whereas the stretch of landscape on 
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either side of road has homogeneously lower habitat suitability (Fig A2). Such a 

projection map with models overly restricted to roads is biologically unrealistic. If such a 

strong correlation between habitat suitability and distance to road is real, then the ‘road’ 

model would have limited application in global modeling of potential invasive spread. On 

the other hand, the model output with roads included could also result from a simple 

sampling bias in which occurrences are more likely to be detected alongside roads due to 

a bias in recorder movements. We minimized this possible source of sampling bias by 

drawing more background points near roads. However, this approach did not yield 

significantly different AUC scores, suggesting that the suspected road-weed association 

does not exist. We therefore dropped road both as an explanatory variable and as a bias in 

drawing background points. This leaves us with outputs from three point sources and four 

SDM models.  

 

AUC scores can be misleading 

We hypothesized that PWBN would give the best model because it would have 

two advantages over other point sources: (1) occurrence points outside of native ranges 

were expected to either expand the niche or more completely characterize the historic 

niche, (2) background points taken only from within the native range would be less likely 

to fall on suitable habitats. AUC computed on the withheld data from sampling ranges 

(from the same range that provides model building points) was very high with the 

average AUC of four SDMs at 0.928 (see column “training region” in green box in Fig 

2.5a). PWBN projections for non-native ranges are, however, unrealistic biologically 

because a good portion of northern Canada, Greenland, Europe, and some parts of the 

Russian boreal forest are predicted to be suitable (Fig A6); parthenium is from tropical 
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and subtropical areas and therefore highly unlikely to be able to establish in boreal 

conditions, and our extensive search has not yielded a single record of the plant from 

these regions. This strong mismatch between a very high AUC score (computed in a 

traditional way on data withheld from the training region) and unrealistic projection maps 

indicates that there are severe problems with this approach. When the model built from 

PWBN is evaluated under different conditions (with both the background and presence 

points from the invaded ranges), the AUC scores substantially dropped, making PWBN 

the worst set of points for making models on global prediction. In fact, PWBN yielded 

the worst models for three of the five continents (Fig 2.5a).  

SDM studies have traditionally used evaluation metrics (e.g. AUC score) 

computed against independent datasets from model training regions. However our results 

indicate that an AUC score computed that way is a very poor choice for assessing model 

reliability when projecting into a new geographic space. Previous studies have improved 

their models by including points from the invaded range, but to out knowledge no other 

study has taken our more complex approach of treating each continent as independent for 

the purposes of model building.  Our approach of evaluating a model with occurrences 

and background points from each continent separately provides a quantitative estimate of 

model transferability. This novel approach provides a unique and robust method for 

improving projections into invaded ranges.  

 

Why AUCtraining region performed poorly 

We found that de-coupling presence and background training regions lowers 

model accuracy.  We expected that adding presence points outside the native range to the 

PNBN set (yielding PWBN set) would improve the predictive power of the model in 
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invaded ranges. Contrary to our expectation, PWBN models were worse than PNBN 

models in predicting three of the four continents outside the native range. These problems 

resulted from differences in the dynamics of sensitivity and specificity in native vs. non-

native ranges of the world. When PWBN models are tested on held-out data from the 

same ranges (presences from the world and background points only from native ranges), 

as the models attempt to maximize AUC scores, they end up over-predicting outside the 

native ranges.  

In fact, predicting the entire world outside native ranges as suitable maximizes the 

AUC score. For example, the Arctic is very unsuitable for parthenium but the PWBN 

models predicted that the Arctic should have suitable habitat precisely because arctic 

regions were not represented as “unsuitable” in models constructed with absence points 

only from the native ranges in temperate and tropical climates. But when these PWBN 

models are tested with background points from outside the native ranges, their AUC 

score decreases because most of the habitats considered suitable by models are unsuitable 

in model testing data. Consequently, sensitivity (correctly predicting known occurrences) 

for PWBN stays close to 1 outside the native ranges but specificity (correctly predicting 

the assumed absences) is between 0.05 and 0.19 (Fig 2.8). 

Such a high error rate (81–95%) of PWBN models in prediction of background 

points resulted as the models attempted to associate the environmental space outside the 

native ranges to presence points only. For PWBN models, the multivariate environmental 

spaces of presence points is dominated by invasive ranges whereas the environmental 

space of background points is exclusively determined by native ranges. With the 

presences and background points mostly coming from different continents, the 

classification of independent points from the sampling ranges (presences from world and 
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background from native range) was an easier job (AUC = 0.93, Fig 2.5a column “training 

region”). On the contrary, PWBW models classified their held-out independent data with 

lower accuracy (AUC = 0.82) indicating that PWBW models were more confused about 

classifying points than PWBN models.  

To explain this result, we propose a hypothesis: in multivariate environmental 

space, global presences are more distant to native range background points than to world 

background points (Fig 2.9a) allowing PWBN models to set a threshold that classifies the 

two types of points with least amount of error (and therefore very high AUC) when tested 

with held-out data from training region. The hypothesized spacing of the clusters of 

points predicts that the big multivariate environmental domain of presences in PWBN 

models engulfs most of the background points from invaded ranges; consequently, 

PWBW models yield a very low specificity rate in the invasive ranges (0.05–0.19, Fig 

2.8). We computed Euclidean distances among the clusters of world presences, world 

background points and native range background points in the multivariate environmental 

spaces of 23 predictors (Fig 2.9b). The distances do support our hypothesis that world 

presences are more distant to native range background points than to world background 

points explaining why PWBN models, in spite of having the highest AUC scores in the 

model training space, have a very unrealistic prediction for non-native ranges. 

Therefore, we dropped PWBN models from further consideration. Between 

PNBN and PWBW models, we chose PWBW for predicting the world; a very small gain 

in AUC (0.02) by PNBN models over PWBW models in native ranges is more than 

counterbalanced by a large gain in AUC (0.035–0.256) by PWBW models over PNBN 

models in non-native ranges.  
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Which SD modeling method to select? 

We observed that the projections of the four SDM methods outside the training 

region were substantially different, with some of them completely unrealistic (details 

below). Therefore, instead of doing what is typically done and building an ensemble 

projection (by averaging across the models), we chose best projection(s) separately for 

each continent that best match(es) biologically realistic expectations drawn from expert 

opinion among our authors. Model underlying that ‘best’ projection is the ‘best’ model. 

The importance of biological insight (details below) in model selection is heightened 

especially in the present study because the eight regions for which we computed AUC 

represent only 7.2% of the total grid cells in the planet for which projections are made, 

with no quantitative indices available for model comparison. 

There are some important differences in predictions made by the four SDM 

methods, the differences being more dramatic away from the training region. For 

example, we observed that GLM’s predictions of highly suitable habitat in most of 

Greenland, part of northern Canada and northern Russia is very unrealistic. These regions 

have harsh freezing winter that parthenium, a plant of tropical origin, cannot survive 

(Dhileepan, K, personal communication, 2014). Given that GLM is the only one of the 

four SDM methods to drastically deviate from expectations in areas that are far away 

from sampling regions, we believe that the parametric approach of extrapolating 

interactions between variables beyond the parameter space of model training is likely the 

cause. In contrast, GAM obtained similar AUC to GLM but yields a much more realistic 

prediction map outside the training region. GAM does not have interaction terms; 

therefore the reasonable projections of GAM across the world suggest that interaction 

terms (of GLM) can seriously hamper accurate projection outside of sampling ranges. 
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Inside the training regions, GAM and GLM make similar predictions, further suggesting 

that (1) parametric interaction terms are not important predictors of distribution inside the 

sampling ranges, or (2) if the terms are important predictors, they can easily be replaced 

by other types of parameters when using a different modeling approach. Taken together, 

this suggests that the parametric approach of formulating interaction terms is unnecessary 

inside the training region and problematic outside of it. 

Based on evaluation metric, RF performed best, with BRT closely following it 

(AUC difference of 0.035 on global predictions). RF is a stronger classifier; compared to 

BRT, it has a tendency to overemphasize differences between grid cells. Its very flexible 

fitting procedure makes RF very effective in modeling complex responses (Berk 2009). 

An unavoidable consequence of this flexibility that allows RF respond to highly local 

features of data is that it can inflate the risk of overfitting (Berk 2009) and compromise 

its generalization, hampering its ability to make projections in a new landscape. BRT, on 

the other hand, reduces overfitting by giving different weight to the observations with 

highly local features, and averaging such fitting attempts. Essentially, this approach, 

called boosting “combines the outputs from many ‘weak’ classifiers to produce a 

powerful ‘committee’” (Hastie et al., 2009). BRT, therefore, is likely to yield predictions 

that are more reliable outside of the training region than RF.  

Our study supports this argument with two lines of observations.  First, we 

zoomed into a generally less suitable landscape with 11 occurrences in India and found 

that RF predicted that 10 of the 11 grid cells with occurrences were suitable (habitat 

suitability > 0.5) even though most of those grid cells were surrounded by vast stretches 

of highly unsuitable grid cells (habitat suitability << 0.5). In the same landscape, BRT 

incorrectly classified 7 of the 11 grid cells with occurrences and resulted in a smoother 
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change in habitat suitability (unlike drastic changes of RF) (Fig A7). Whereas RF has 

higher accuracy in presence prediction than BRT, the occurrences are contrasted by 

stretch of highly unsuitable habitat, suggesting the occurrences sink populations making 

BRT a better model for this system.   

Second, we observed that RF underpredicts Asia and south-eastern Africa, and 

overpredicts South America and northern part of Africa including Sahara. Continent-

wise, BRT gave the best predictions of all the four modeling methods for Asia, North 

America and South America; therefore, BRT not only secured one of the highest AUC 

score but also closely matched our expectation about distribution. For Australia and 

Africa, GAM gave the best predictions. In Australia, all the known or reported 

parthenium infestations occurred within the areas predicted to be suitable under the GAM 

model. This includes south-western Australia which has been predicted to have suitable 

habitat only under GAM model and multiple instances of parthenium eradications have 

been reported from that region (Dhileepan, personal communication 2014). In Africa, 

there is no reason for northern part including Sahara to have suitable and southern part to 

have unsuitable habitats, as predicted by RF. Between GAM and BRT, GAM projects 

more of central Africa as positive habitat, which better matches our observations, in 

particular that parthenium is rapidly expanding in Africa, There is very little of Europe 

predicted suitable, with GAM and BRT being similar in prediction.  Based on these 

results, we chose GAM as the best SD model for Africa, Australia and New Zealand, and 

BRT for the rest of the world.
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Sources of variation in projections 

A small fraction of grid cells have high habitat suitability for parthenium. The 

various levels of the factors yield outcomes with high variance at low suitability and are 

increasingly more consistent at higher suitability causing a systematic decline in total 

variance with suitability scores (Fig 2.7a). When all grid cells are examined together, 

more variation in projection is contributed by the point sources than by the SDM 

methods, indicating the importance of finding the best set of training points (PWBW) 

when making projections far from the current distribution of the invasive species. 

Conversely, all point sources tend to converge in their projection maps for the most 

highly suitable habitats.  The two sets of environmental predictors contribute only 12.5% 

in total variation; the two sets have the same 23 predictors with the second source having 

two additional predictors (road). The sets of environmental predictors have biggest 

impact (up to 20% variation in prediction) in the grid cells with near 0.5 habitat 

suitability. Two types of biases and replications in presences and background points have 

minimal contribution (<1%) on variation; this suggests that there is little to gain from 

doing a large number of replicates in this case.  

This comparison of the relative contribution of factors in prediction variance 

should be useful only to determine the relative influence of factors in prediction 

variability; this comparison does not inform us of actual contribution of the factors in 

variance. For example, the absolute prediction variance in grid cells follows a negative 

trend with habitat suitability (Fig 2.7a, black line), and so even the biggest source of 

variation in highly suitable grid cells – SDM methods – converge in highly suitable grid 

cells. In contrast, the most important source of variance in habitat suitability with scores 

of 0–0.67 is point source. Earlier, we also determined that one of the SDM approaches 
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(e.g. GLMs) deviates dramatically from the other three approaches in projection of 

unsuitable habitats.  In conclusion, although SDM methods emerged as only the second-

most important source of variance, ensemble projections can be plagued by some 

unrealistic projections. Therefore, for parthenium, the most important factors to consider 

in projecting future spread is both the point sources and the choice of SDM approach. 

 

Post-hoc test of the models in the field 

Our post-hoc test among SDMs used novel and independent field data to validate 

projection outputs from models developed with entirely different datasets.  One of the 

authors of the study (BBS) travelled extensively to collect distributional data of 

parthenium in most of Nepal in Sept and Oct 2013, after all of our models were 

completed. The 339 occurrence records he found have a high correspondence with grid 

cells estimated to be suitable with our BRT model for Nepal. In fact, 73% of observations 

of parthenium fall on grid cells predicted by our model to have an occurrence probability 

of 0.5 or more (Fig A8). 

 

The future distribution of the plant 

In Asia, Africa and South America, we identified vast stretches of highly suitable 

habitat for which no occurrences have been recorded. Eastern China, South-East Asia, 

part of Japan and Korea were projected to harbor highly suitable habitat for the weed. In 

its native range, our projection maps suggest that parthenium is in equilibrium: our results 

do not show large areas as suitable that are not already occupied. However, our results do 

indicate that the archipelago that includes Cuba, Jamaica, Haiti, Dominican Republic and 

Puerto Rico have high likelihood of being invaded by this weed as they provide highly 
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suitable habitat, but our exhaustive search could obtain only seven occurrence records 

from that region.  

Interestingly, our models showed that the coastal regions in the south (e.g. New 

South Wales) and west (e.g. Northern Territory) of Australia have some of the best 

habitat for this weed. However, no major parthenium infestations are currently present in 

those areas.  Even though we did not obtain a single occurrence record from that region, 

there have been cases of the weed being carried there by the flood events of 2010 and 

2011. We believe this discrepancy between projected habitat suitability and lack of 

occurrence records is due to very effective invasive control measures, as the parthenium 

weed has been a target for eradication in both states (personal communication, 

Dhileepan). Also strict quarantine measures are enforced across Australia for vehicle and 

grain movement from parthenium infested areas. In addition, effective biological control 

and grazing management strategies have significantly reduced parthenium infestations in 

the core parthenium areas in central Queensland resulting in reduced soil seed bank and 

limited the risk of parthenium seed spread to new areas.  

Africa, where several agencies are working towards management of the weed, is 

likely to face stronger challenges. The entire eastern coastal belt of Africa, eastern half of 

Madagascar, Congo basin, coastal regions of Ghana and surrounding countries are 

projected to harbor highly suitable habitat. 

 

Underprediction likely 

Any SDM has inherent challenges (Araújo & Guisan, 2006, Thuiller et al., 2008). 

There are both commission and omission errors in predictions. In the present study, the 

models are more likely to err on the side of underprediction than overprediction for the 
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following reasons (Pearson & Dawson, 2003, Araújo & Peterson 2012): (1) 

pseudoabsences have some chances of harboring suitable habitat, with the chances being 

higher in invaded ranges than in native, (2) even in native ranges, equilibrium is not 

likely attained because of dispersal constraint and biotic interaction, with invaded ranges 

being far from equilibrium. Therefore, distributions in both native and invaded ranges are 

likely to only represent realized niche, a subset of fundamental niche. A model trained 

inside realized niche will underpredict the distribution potential of a species.  

 

Conclusions 

SDMs can be improved through biological insight guiding careful selection of 

SDM methods, background regions used for building the models, and choice of predictor 

variables. Unfortunately, there is not a single optimal set of rules that applies for all 

species, e.g. invasive and endemic species necessitate very different approaches. On top 

of the many challenges that always accompany SDM, modeling invasive species requires 

dealing with non-equilibrium distributions and often differences in climatic space 

occupied by the species in native and invasive ranges. Therefore, the traditionally used 

model evaluation indices (AUC, Kappa etc) need careful computation and interpretation 

complemented with insight about biology and distribution of the species. Biological 

insight becomes even more important when the projection range is much broader than 

sampled geographic space. Projection away from the sampled space can be very different 

with different modeling methods, raising questions about the reliability of ensemble 

projections that average results from many different outputs. Parametric interactions 

between predictor variables yield an unrealistic projection map outside of the sampled 

space, indicating that correlation between predictors does not stay stable across space. 
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Construction of a highly reliable model requires that (1) all geographic spaces are 

included in model training, (2) flexible, data-defined smoothers are included to model 

nonlinear responses, and (3) interactions are modeled as they are discovered in data. We 

found that data-driven models such as boosted regression trees, that (a) efficiently fit  the 

dominant pattern but exclude highly local patterns in datasets, and (b) capture 

interactions as they appear in data rather than making apriori assumption, led to improved 

generalization of global projections of current distributions, and hence improved 

projections of potential spread. 
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Table 2.1. Complete factorial design of the study. The four factors result into a total of 48 

combinations of levels. Each combination has 2500 iterations of global modeling yielding 

120,000 predictions for the world. 

 

 Factors 

 Point source 

 

Bias used in 
background 
draw 

Explanatory 
variable sets 

Model 

Levels PWBW 

PWBN 

PNBN 

AreaBias 

AreaRoadBias 

All with Road 

All except Road 

GLM 

GAM 

RF 

BRT 
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Fig 2.1. Occurrence records (blue solid circles) and background regions (yellow 

polygons, orange in native range). Numbers displayed next to each of the eight polygons 

represent the number of presences and the number of background points drawn. 
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Fig 2.2. Visual description of the three methods for selecting data points to train models. 

PNBN = both presence and background points from native ranges; PWBN = presence 

points from the world and background points from the native range; PWBW = presence 

points from the world and background points from various polygons in the world. 
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Fig 2.3. Distribution of presences from different continents in the first two axes of a non-

metric multidimensional scaling (NMDS) of 23 environmental predictors (#1-23 in Table 

A2). 
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Fig 2.4. Effect of bias and road as explanatory variable on model performance (AUC ± 1 

SE). Four levels of model (GAM, GLM, BRT and RF) are collapsed. For main effect of 

bias, Tukey’s HSD pair-wise differences: *** = significant at 0.0001 level, NS = not 

significant at 0.05 level. For main effect of road as predictor variable: all pair-wise 

differences are significant at 0.0001 level. Interaction of bias to road is not significant 

(P=0.96). 
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(Fig 2.5)  
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Fig 2.5. AUC (± 1SE) computed for different regions of the world.  

(a) Point sources compared; all models collapsed. Models were trained on the 80% points 

of the entire dataset of each point source and tested on the held-out dataset from the same 

point source. AUC score computed that way is reported on column “training region” 

inside green box. The models were then tested for each continent separately ensuring the 

points used for testing were not used in model training. Weighted average of all 

continents (contingent upon number of points) is given on column “World”. Within each 

of the seven region/continent, all pair-wise differences among three point sources are 

significant at 0.0001 level. Green box shows how AUC score computed on training 

region is much higher than the one computed for the world. This and all the subsequent 

Figures report result for AreaBias and NoRoad. 

(b) Models compared for the point source PWBW (AreaBias, NoRoad). All pair-wise 

differences between models within a continent/region are significant at 0.05 level except 

the following: Asia:GAM-GLM, SA:GAM-GLM. 
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Fig 2.6. Prediction of habitat suitability for the world; generalized additive models 

(GAM) used for Africa, Australia and New Zealand, and boosted regression trees (BRT) 

used for the rest of the world. Occurrences and background points in equal number were 

obtained from each of the five continents (PWBW, see Fig 2.1). Background points were 

obtained without considering proximity of grid cells to road; explanatory variables 

included 23 predictors but not road. 
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Fig 2.7. Variance in 4,800 independent predictions. (a) Total variance trend against 

habitat suitability, density plot of habitat suitability, and variance partitioned to the 

factors that contributed to it in the entire projected area (modeling method: 39.2%, point 

source: 47.6%, set of explanatory variables: 12.5%, bias: 0.35%, background point 

replicates: 0.037%, present point replicates: <0.002%; (b) Rescaled variance partitioned 

to predictors. Variance partitioning in both plots included Habitat suitability is the 

prediction of BRT models. The total variance in every grid cell was partitioned to factors 

and expressed as fraction for both plots. Type I analysis of variance performed. (Note: 

The variance partitioned to various factors is not the fraction of the total variation in 

distribution explained by the factor.)  
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Fig 2.8. Sensitivity (fraction of occurrence records predicted positive) and specificity 

(fraction of background points predicted negative) of the models built on three point 

sources. 
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(Fig. 2.9)  
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Fig. 2.9. (a) Cartoon of our hypothesis that occurrences records from the world are more 

closely spaced in environmental space with background points from the world compared 

to background points from native range making models built with PWBN points highly 

inaccurate for prediction. Vertical red line represents the threshold in models built with 

presences from the world and background points from native range (PWBN). Whereas 

the threshold yields a very high AUC scores for PWBN models, it also classifies most of 

the environmental space of background points outside native ranges as positive inflating 

false positive error rate. (b) Pair-wise Euclidean distances within and between groups 

showing how groups are spaced apart in multivariate environmental space (23 predictor 

variables; road excluded). The mean dissimilarity of 3324 between PWBW presences and 

PWBW background points is much smaller than the dissimilarity between PWBW 

presences and PWBN background (3720). (The dendrogram shows the mean dissimilarity 

of PWBN background points with the other two groups together at slightly over 3600). 

Multi-response permutation procedure (MRPP) shows that the groups differ significantly 

in the multivariate environmental space (P value < 0.001, A value = 0.0432, observed 

delta 3294, expected delta 3442). 
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CHAPTER 3. 

Climate change induced upward shift of  

Rhododendron campanulatum D. Don in Eastern Himalaya 

 

 

 

 

ABSTRACT 

 

Background and methods:   Alpine treelines are responding to current climate 

change worldwide. However, the global drivers interact with local drivers to elicit a 

response that is both site and species specific. To understand tree line dynamics and its 

potential drivers, we studied the primary two dominant tree species, Abies spectabilis 

(AS) and Rhododendron campanulatum (RC), on the north facing slope of two mountains 

in central Nepal. We set up 13 elevational transects, each crossing tree line; a transect had 

up to eight plots of 10m×10m size, spaced 50m apart in elevation. We recorded height 

and state (dead or alive) of all individuals, and measured a range of potential covariates at 

each plot: slope, aspect, canopy of adults, number of stump as a proxy for anthropogenic 

and animal disturbance. We determined spatial pattern of regeneration potential, 

mortality and abundance for various size/age classes, and we identified the most 

important drivers of such patterns. A random subset of individuals within plots were 

chosen for tree coring, to determine age and growth patterns using tree-ring analyses. 

Results and conclusion: Plant age strongly and linearly relates to height above 

treeline (r = 0.71 and 0.81 for two mountains). Young plants (<2m tall) of RC have 
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higher density above treeline than below treeline. Mature plants (>2m tall) of RC, on the 

contrary, show insignificant trend towards higher density below treeline than above. 

Mortality of RC was always lower above treeline than below, independent of size class. 

Away from treeline, density of RC decreases with elevational distance both upslope and 

downslope for all size classes. AS saplings have extremely lower density above treeline 

than below, with mature plants being virtually absent above treeline. These stark 

differences between two species – RC luxuriantly growing above treeline, up to ~300m 

above, and AS stuck at treeline, growing up to ~25m above treeline – however, are 

contrasted by the fact that elevation is the only significant predictor of the decrease in 

density of both species above treeline. The saplings are progressively younger and shorter 

with distance above treeline. Age structure analysis shows that the populations above 

treeline of both species are regenerating faster than below. These results from analysis of 

natural (in-situ) mortality and density across elevations, their discrepancies between 

young and mature plants, important predictors of the plant responses, and regeneration 

potential on two sides of treeline are consistent with upward shift of the tree line of RC as 

a result of recent amelioration of temperature. It is projected that as RC growing above 

treeline will start harboring favorable environment with shade for AS saplings to grow 

which eventually grow much taller than RC and largely eliminate the RC population as 

below current treeline of Abies. 
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INTRODUCTION 

 

The position of climatic treelines of the world is determined by temperature 

(Korner and Paulsen 2004). Analysis of the year-round temperature data from many 

treelines shows that the most robust expression of the temperature that determines 

treeline position is growing season mean temperature at root zone which is surprisingly 

similar across bioclimatic regions (e.g., 6.1°C in equatorial tropical treelines and 6.2°C in 

sub-arctic boreal treelines when their growing season length is 338 and 104 days, 

respectively, Korner 2012). Treeline, the upper elevational boundary of trees existing in 

clumps, essentially is a threshold response of reproduction and recruitment to 

temperature. Therefore, climate change is expected to alter the dynamics of forest 

regeneration by altering reproduction or recruitment or both.  

As predicted, the regeneration pattern at treeline is changing across the world. Lv 

and Zhang (2012) found that recruitment of Abies spectabilis in Mt Everest region of 

Nepal is sensitive (positive correlation) to summer (June-Sept) temperature at treeline 

ecotone. At lower elevations, they found that recruitment is primarily controlled by 

episodic disturbances. In the mountains of Northwestern China, establishment of Picea 

schrenkiana was found to be facilitated by several consecutive summers of high 

minimum temperature and spring precipitation (Wang et al. 2006). In South-Eastern 

Australia, future climate (increase in temperature and decrease in precipitation) is 

predicted to bring substantial changes in regeneration potential at landscape level (Mok et 

al. 2012). Given that temperature and precipitation are two most important factors 

determining distribution of plants across the world, it is not a surprise to observe 
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regeneration pattern being affected by changing climate, especially the means and 

extremes of temperature and precipitation.  

Despite the fact that reproduction and recruitment is responding to changing 

climate in various treelines of the world, a general statement about the effect and 

direction of change cannot be made about regeneration pattern because (1) regional 

drivers of climate change are different from global drivers and they vary with location 

(Korner 2012), (2) non-climatic factors, importantly disturbance regimes, are site-specific 

and can dramatically alter the forest response to climate change (e.g., Cullen et al. 2001, 

Brown and Wu 2005). The consequences of climate change are likely to be more extreme 

in the Himalaya which is predicted to be warming faster than surrounding low-land areas 

(IPCC 2007). In the two decades of 1970s and 1980s, the Himalayan region warmed twice 

as fast as the mid-latitudinal northern hemisphere (1C in two decades, Shrestha et al. 

1999).  Rapid change is occurring in the region, yet we know almost nothing about impacts 

on biodiversity and on underlying biological processes in spite of the region being a 

designated biodiversity hotspot containing 3160 endemic plant species (Conservation 

International 2011). Predictions of dramatic climate change at high Himalaya and high 

sensitivity of montane species to such change warrant new studies in mountain regions in 

which good experimental design is possible, in particular in which the influence of 

confounding anthropogenic factors can be minimized. To address these issues, we 

conducted this study in Eastern Himalaya which has been relatively undisturbed for 

centuries. Specifically, this region did not suffer from anthropogenic disturbance as 

European mountains did where treelines were forced down until mid-19th century by forest 

clearing for pastures, grazing, and haymaking (Holtmeier 2003). Hence, it is not a surprise 

that most of the recent upward montane vegetation shift is not a response to climate 
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change; Gehrig-Fasel et al. (2007) identified only 10% of new forest above 1650m as true 

upward-shifting vegetation, while 90% was identified as re-forestation of historically 

forested lands. Himalaya, free of such history, has climatic treeline which is expected to 

respond to climate change as it happens. 

The objectives of the study are to examine population structure of two most 

common tree species of Himalaya in central Nepal and to identify patterns and predictors 

of plant survival and abundance across elevational gradients that include tree line in order 

to (1) determine regeneration potential of the species, and (2) find if there is evidence for 

upward shift of the species. The significant predictors of density and mortality will help 

understand the future of treeline ecotone.   

 

 

METHODS 

 

Study sites 

Our study sites are in Nepal’s Langtang National Park which has been relatively 

undisturbed by humans for several centuries, making it easier to detect independent 

effects of climate change. The park covers 1,710 km2 area with an elevation ranging from 

1000 to 7200 masl (Fox et al. 2006). Situated about 100km north of Kathmandu valley, 

straight distance ~50km, the park provides areas for grazing for nearby villages. 

However, our field sites, located at treeline ecotone (~3850 m) are far from human 

settlements which are not seen above 2000m. , there is little human impact at treeline 

ecotone (~3850 m). One of the two study sites is a couple hours walk from a tourist trail 

whereas the second one is much farther away. The two sites were set on north-facing 
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slopes of two different mountain tops that are 5–10 km apart. In each mountain top, there 

was a wide belt of geographic space available above treeline; this space was completely 

covered by plants, mostly by ground vegetation with a fraction of it occupied by 

individuals of various tree species. This space varied in the width but was always wider 

than 300 m elevationally (the vertical distance between two extremes of the geographic 

space was > 300 m). The upper part of this space had no sightings of tree species, even 

small saplings. 

 

Definition 

Treeline researchers define three upper elevational boundaries. Following Korner 

and Paulsen (2004), the virtual line representing the uppermost boundary of closed forest 

canopy is designated timberline. Above timberline, trees are found in clumps. The 

virtual line that connects clumps is designated treeline. The uppermost boundary at 

which any individual (of any size or class) is found is defined as the species limit. The 

position of treeline depends on how a “tree” is defined. Korner and Paulsen (2004) 

defined a treeline as the virtual line connecting uppermost patches of upright tree 

individuals that are at least 3 m tall. In our study site, Abies trees present a sharp 

distributional boundary of tall trees growing in cluster, marking a conspicuous treeline. 

The proposal of 3 m as the threshold to define tree individuals does not necessarily 

follow from measurements of plant physiology, growth and development. However, 

researchers agree on one point: a young plant becomes a tree when it is tall enough to 

have its crown closely coupled to the atmosphere, making 2 m threshold not different 

from the convention of 3 m (Korner 2012). Here, we define a treeline as a virtual line that 

connects cluster of upright individuals of a tree species that are >2 m tall; we call it “2 m 
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treeline”. Given the fact that ground vegetation was about half a meter tall making entire 

crown of >2 m tall tree individuals protruding above the decoupled zone of ground 

vegetation, such mature plants experience similar environmental constraints as 3 m tall 

plants do. This also presents us an opportunity to compare and contrast sharp boundary of 

old and stable, at least for over a century, Abies treeline with uppermost boundary of 

much shorter Rhododendron which seem to be have a dynamic boundary. A plant of a 

tree species <2 m tall is defined as “sapling”. 

 

Species 

We studied two most abundant tree species in the treeline ecotone, Rhododendron 

campanulatum D. Don and Abies spectabilis D. Don (Himalayan silver fir). A. 

spectabilis, locally known as gobre salla, talis patra, and thingre salla is a tall evergreen 

conifer growing in a wide elevational belt of 2800-4000 masl (Polunin and Stainton 

1984). The tree has single main axis holding whorls of branches, each of them profusely 

branched and densely foliated. A. spectabilis is the tallest and one of the most abundant 

tree species at high Himalayas. In the study sites, and in other upper distributional limits, 

the species is very often associated with another abundant tree species, R. campanulatum 

which is an evergreen broad-leaved tree, achieving a height of 2-6m, and is found 

distributed between 3000 and 4400 masl (Polunin and Stainton 1984). In the study sites 

R. campanulatum was seen growing in dense patches above the old and very conspicuous 

treeline comprised of tall A. spectabilis trees. Below the treeline, R. campanulatum was 

less dense.  
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Design and measurements 

We set up plots along elevational transects that crossed treeline.  Plots of size 10 

m  10 m were spaced 50 m apart in elevation, four being above treeline and four being 

below it depending on availability of geographic space. The plot censuses recorded 

heights and state (dead or alive) of all individuals inside the plots. We also measured a 

range of potential covariates at each plot: slope, aspect, canopy cover of adults and 

number of stumps as a proxy for anthropogenic disturbance.  Slope and aspect were 

measured in degrees. Aspect affects plants primarily controlling sunlight duration. For 

that reason, an aspect of 60 degrees is similar as 300 degrees. Therefore, we calculated 

biologically meaningful aspect from the original measurement (0-360 degrees) as 

follows: save aspect as measured if <180 degrees, subtract it from 360 if the measured 

aspect is 180-360 degrees. 

Regeneration potential and mortality for the two species were determined by age 

structure analysis. Rarely, stunted adults were found above treeline, and these are easily 

distinguished from young saplings by physiognomy. None of such plants were observed 

inside the quadrats. Mortality for a given size class in a quadrat is the fraction of all 

individuals in the size class that are dead.  

A random subset of individuals of R. campanulatum above treeline, not 

necessarily within the studied plots, were chosen for determine age-height-basal area 

relationship. We obtained disc of the stem exactly at the level of surface. R. 

campanulatum has profuse branching of the main axis a little above ground. All of our 

samples had single main axis at the level of ground. Age of the plants was determined 

using tree-ring analysis at Dendro Lab of National Academy of Science and Technology 
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in Kathmandu. High resolution (300 dpi) photographs of stem discs were analyzed in 

Adobe Photoshop CS 5.5 for determining basal area and circumference.  

Regeneration potential of the population above vs below treeline was estimated 

with use of three statistics in the distribution of age/size histogram: skewness coefficient 

or moment skewness (g1), Gini coefficient (G), and Lorenz asymmetry coefficient (S). 

These indices can be used to quantitatively estimate inequality in a distribution, and to 

make inferences about proportionate representation of young plants and regeneration 

potential of a population (e.g., Bendel et al. 1989, Wright et al. 2003). Gini coefficient, G, 

provides a measure of inequality in distribution by measuring area under the line of 

equality in Lorenz curve (Lorenz 1905, Gini 1912), and has long been used to understand 

plant populations (Weiner and Solbrig 1984, Bendel et al. 1989). A smaller value of G 

indicates less inequality which can result from proportionately higher frequency of young 

plants than adults.  

Although G is a widely used inequality index, it does not say anything about 

important source of inequality. Two Lorenz curves with identical G can have different 

shapes, indicating different impact of small or large individuals resulting the same 

inequality index. To identify the source of inequality, Damgaard and Weiner (2000) 

proposed the use of another index of inequality – Lorenz asymmetry coefficient (S). For a 

given G, if S>1, the inequality is driven by very few large individuals that are very tall. 

For the same G, if S<1, inequality is primarily due to relatively higher frequency of small 

plants (Damgaard and Weiner 2000).  
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Analysis 

Data analysis and plotting were performed in R x64 3.0.2 (The R Project for 

Statistical Computing) using the following packages: e1071, fields, graphics, grDevices, 

grid, ineq, mvpart, plotrix, plyr, reshape, sciplot.  

 

 

RESULTS 

 

Treeline position 

We determined two types of treeline: Abies treeline and 2 m treeline (see 

“Materials and Methods” for description). The 2 m treeline was always higher than Abies 

treeline (Fig. 3.1). In Site 1, the position of Abies treeline averaged at 3812 m and 2m 

treeline at 3913 m. The elevation of 2 m treeline was more variable across transects than 

that of Abies treeline. The two types of treeline do not have a very tight relationship 

(pearson correlation coefficient, r = 0.65, P = 0.24). Site 2 differs markedly from Site 1. 

With average treeline position at 3900 m for the Abies treeline and 3929 m for 2m 

treeline, this site has less variability in treeline position of both types across transects. 

Both treelines simultaneously change the position at various transects, yielding a very 

tight relationship (r = 0.94, P < 0.001).  

 

Elevational pattern of density and mortality 

Abies treeline marks the most conspicuous upper boundary of tree individuals in 

central Nepal Himalaya. There is ample geographic space with good soil and nutrient 

above this treeline (Mainali unpublished, soil data). Further, this treeline is comprised of 
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old and tall trees. The top 50 m elevational band immediately below treeline in the study 

area has Abies trees with average height of 17.5 m; the trees right at the boundary of 

treeline are >10 m tall (Mainali unpublished, treering project). The trees in the top 50 m 

elevational band are 35 to 170 years old, with mean age of 86 years (Mainali 

unpublished).  Because Abies treeline seems to have been stable for over a century, we 

want to observe patterns of density and mortality with reference to Abies treeline.  

On either side of Abies treeline, the density and mortality of R. campanulatum 

remain fairly high (Fig. 3.2). The density decreases away from Abies treeline in both 

direction for all the three size classes: 0-1 m, 1-2 m, >2 m height (Fig 3.2). Mortality does 

not exhibit a clear spatial pattern as shown by density. A. spectabilis contrasts with R. 

campanulatum in that the density and mortality are very different across the treelines 

(Fig. 3.3). Density and mortality drop dramatically right above Abies treeline, with the 

plant virtually absent beyond 50 m above treeline, and completely absent beyond 100 m. 

Below the treeline, younger plants (<2 m tall) are less abundant away from treeline. 

Mature plants (>2 m height) do not exhibit a clear spatial pattern.  

 

Above vs below Abies treeline comparison 

Young plants of R. campanulatum were more numerous above treeline than 

below; mature plants tend to exhibit an opposite trend (Fig. 3.4a). A further test involving 

density as determined by position relative to the Abies treeline (above vs below) and size 

class (0-1m and >2m only) shows that the two variables have significant interaction (P = 

0.02) indicating the opposite trends of density shown by the youngest plants and mature 

plant across treeline. Mortality >1 m tall plants of R. campanulatum is higher below 

treeline than above (Fig. 3.4c). For younger plants (<1 m tall), treeline position does not 
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seem to make a difference in mortality. As suggested by Fig. 3.3, A. spectabilis is much 

more abundant below treeline than above in all the size classes (Fig. 3.4b). We could not 

find a difference in mortality across treeline (Fig. 3.4d). However, analysis of mortality 

of A. spectabilis was seriously hampered by extremely small sample size. Plots without 

any plants contributed towards estimating density but not mortality. 

 

Explanatory variables of density and mortality 

 On either side of the most obvious divider in treeline ecotone – the Abies treeline 

– we observed there are spatial patterns in density and mortality (Fig 3.2 and 3.3). We 

analyzed those patterns with respect to multiple physical, biological and anthropogenic 

factors. On each side of the treeline, mortality and density responded differently to a 

range of covariates but there are dominant patterns (Fig 3.5).  

 Density of R. campanulatum, whether above or below treeline, is affected only by 

elevation related factors listed as the first cluster of explanatory variables in Fig 3.5a. The 

explanatory power of “elevation” and “2 m treeline absolute (abs) distance” collectively 

indicate that the distance from Abies treeline generally negatively relates to density. 

Above treeline, plants taller than 1m have 2m treeline as a more significant explanatory 

variable of density than Abies treeline. Their abundance negatively relates to absolute 

distance away from 2m treeline. Contrary to abundance, mortality of R. campanulatum is 

affected by elevation related and other types of variables. Mature plants’ mortality is 

influenced by elevation related variables whereas younger plants’ mortality is free of the 

effect of elevation. Their mortality is affected by negatively related slope and largely 

positively related canopy cover and number of stumps.  
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 In case of A. spectabilis, both the density and mortality are unaffected by non-

elevational variables above treeline (Fig 3.5b). Below treeline, density and mortality are 

controlled by both elevation related and other types of predictors. Younger plants always 

exhibit negative relationship of their density with elevation, above or below treeline. 

Mature plants, however, have higher mortality at higher elevation above treeline. Another 

elevation related variable, “Abies treeline absolute distance” mostly shows the same kind 

of relationship as elevation does. Position with respect to 2m treeline and absolute 

distance from this reference line have almost no effect on density or mortality of A. 

spectabilis. Aspect has little or no influence on density or mortality of the two species. 

 

Size class distribution and regeneration potential 

R. campanulatum has a fatter tail in its size class distribution above treeline than 

below. The skewness coefficient (g1) is higher below treeline than above indicating that 

size class distribution below treeline is more skewed towards right than above treeline. 

That is a result of the presence of proportionately more young plants than adults above 

treeline. A. spectabilis has higher skewness than that of R. campanulatum indicating a 

higher concentration of younger plants than adults in Abies than in Rhododendron.  As in 

R. campanulatum, the above vs below treeline difference in g1 indicates that there are 

more proportionately younger plants than older plants above treeline than below treeline. 

Populations of both species have smaller G above treeline than below indicating 

higher fraction of younger individuals above treeline than below treeline. For R. 

campanulatum, S is always much less than 1, and comparable between above and below 

treeline, indicating a relatively higher frequency of small plants. S of A. spectabilis is 

0.97 above treeline and 1.08 below treeline indicating presence of relatively more bigger 
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plants below treeline than above. Collectively, the three indices indicate that there is 

relatively higher frequency of young plants above treeline than below treeline. 

 

Relationship of height with age and circumference 

Height linearly relates to age and circumference in all the study sites (Fig 3.7). 

The relationship is tighter between height and age than between height and circumference 

indicating that height of a plant can be estimated more precisely given age. For a given 

height, circumference takes values that swing more widely. The coefficient of regression 

of age with height is identical in the three sites (Fig 3.7a) even though the extent of height 

varies by up to doublefold between sites. Similar pattern (comparable coefficient, 

difference in extent of height) was observed in regression of circumference with height 

(Fig 3.7b).   

 

 

DISCUSSION 

 

Tree recruitment has four major constraints at high elevation montane forests: 

competition for light, cold microhabitats because of shade by adults, thick layer of litter 

or moss making it hard to find suitable open ground, and animal browsing (Korner 2012). 

Therefore, often substantial regeneration takes place after disturbance that leads to gap 

formation. We observed saplings at very high density at such gaps compared to under the 

canopy in our field site (quantitative result not available). Such gaps are shown to be 

warmer than microsites under the canopy. Korner and Paulsen (2004) observed a higher 



 76

temperature in gaps among trees than under the canopy in the treeline ecotone of 

Langtang, Nepal. 

Tall trees have an open architecture that presents little resistance to free 

convection of air. Hence this makes the tree canopy temperature only slightly above 

ambient temperature (Korner 2012). The aerodynamic coupling of the trees also means 

that the surface is cold when air is cold because the ground receives little sunlight under 

the canopy. On the contrary, gaps among trees receive sunlight which results into a 

warming effect conducive for recruitment. Short vegetation above treeline, being free 

from canopy effect of tall trees, have a double benefit of receiving all the sunlight and 

aerodynamic decoupling. Short vegetation, with their compact canopy can decouple from 

free atmospheric convection resulting in substantial warm up of the canopy (e.g., 20K 

above air temperature in alpine cushions and 10K in shrubs and alpine grasses) (Korner 

2003). Therefore, saplings growing under the canopy below treeline experience much 

colder air than those growing in the middle of short vegetation above treeline. As 

paradoxical as it sounds, Europe-wide measurement of soil temperature at 5 cm depth in 

25 alpine sites shows that soil is, on average, 2K warmer at 200–300m above treeline 

than at the treeline (Korner et al. 2003). Growing in cluster offers beneficial facilitation to 

saplings above treeline by maintaining warmer air and soil temperature (Korner and 

Paulsen 2004). 

 

R. campanulatum 

The facilitating effect of surrounding vegetation is our first explanation for higher 

density and lower mortality of young plants (<2m tall) above treeline than below (Fig 

3.4a,c). The profuse branching of the surrounding vegetation (mostly R. anthopogon, a 
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shrub usually <1m tall) provides aerodynamic decoupling which works by trapping heat 

that ultimately comes from sunlight. However, sunlight (and so warmth), and 

aerodynamic decoupling (and so warmth trapped for a longer time within the 

microhabitat surrounding short plants) have separate facilitating effect to the saplings. 

Therefore, gaps below treeline, being exposed to sunlight, have high frequency of 

saplings compared to under the canopy. Saplings above treeline have an additional 

benefit of atmospheric decoupling conferred by dense surrounding vegetation. This 

makes seedbed warmer (as documented by Korner et al. 2003) and provides more 

suitable environment to the germinated seedlings. This explains why both the density and 

survival of R. campanulatum short plants (<2m) is higher above treeline than below.  

The facilitating effect of surrounding vegetation is not the only reason for density 

and mortality differences across the treeline. Mature plants (>2m tall) show a tendency 

for higher abundance below treeline but enjoy a lower mortality above treeline. The 

plants germinated many decades ago (2m tall plants being on average ~50 yrs old). 

Assuming the current patterns of higher mortality below treeline than above held in past, 

the only possible scenario for the current pattern of abundance of mature plants is as 

follows. Many more seeds that represent today’s mature plants germinated below treeline 

than above. At each age, they suffered higher mortality below treeline than above to 

make the density of mature plants after many decades comparable across treeline (note 

that the difference is not statistically significant but means are noticeably different). 

Given the competition for light and cold environment below treeline, it is not a surprise to 

see high mortality below treeline than above. However, the coupling effect alone does not 

explain lower mortality above treeline because the surrounding vegetation is much 
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shorter than 1m height that cannot offer facilitation to >2m tall plants of R. 

campanulatum efficiently.  

Another potential explanation – mutually non-exclusive to the explanation of 

facilitation by surrounding vegetation – is intraspecific facilitation. We often observed R. 

campanulatum >1m tall growing in clusters. This could create some degree of 

aerodynamic decoupling and trap warm air within the canopy. The problem with this 

explanation is that only a fraction of R. campanulatum were seen growing gregariously. 

Many tall plants were much taller than surrounding vegetation to receive any 

aerodynamic decoupling or were growing not in dense patches so as to be able to create 

such decoupling. This naturally leads to the explanation of recent amelioration of 

temperature above treeline for which we provide multiple lines of evidences below.  

 As a sapling grows beyond surrounding vegetation, the tip of the plant is exposed 

to ambient air temperature. Without thermal benefit of atmospheric decoupling, the main 

axis fails to grow normally when the ambient air is prohibitly cold. Instead, 

photosynthate is redirected for accelerated growth of branches and girth towards the base 

resulting in higher basal diameter to plant height ratio, called “taper”. This phenomenon 

has been confirmed in many species of Alps, Kilimanjaro, Mexico, Bolivia, Kirgisia 

showing the ratio doubles in the top 100m of treeline (unpublished data by G. Hoch and  

F. Cohnen cited in Korner 2012). This dramatic increase of taper with elevation near 

treeline indicates that tree height growth is more sensitive than tree diameter growth to 

adverse conditions that a growing tree meets. If such a process is operating to affect the 

growth of R. campanulatum, then we predict that plant age and circumference both show 

a concave curvilinear relationship with height because as a plant continues to grow, 

progressively less plant height is added for a unit increase in age or circumference. There 
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is no indication that such a relationship exists in plants sampled immediately above 

treeline (in the band of ~50m) of the current study (Fig. 3.7a,b). The linear line 

relationships in the two mountains have surprisingly similar coefficient of regression. 

This suggests that plants of all size (1.25 to 3.5 m tall plants sampled) show no indication 

of decelerated growth as they grow providing support to our explanation of recent 

temperature amelioration allowing R. campanulatum growing normally above treeline. 

 Two additional lines of facts further support the explanation of gradual 

amelioration of temperature above treeline permitting plants to grow. First, we observed 

that 0–1m size class of R. campanulatum reaches 200m above treeline (Fig. 3.2 right 

column); we set our plots only up to 200m above treeline. However, plants in 1–2m size 

class were observed up to ~150m and  >2m tall plants were found within 100m above 

treeline. Second, at a given elevation above treeline, shorter plants are more abundant 

than taller plants (Fig 3.2 right column). 

 

A. spectabilis 

A fundamental difference between the two studied species is that seedlings and 

saplings of A. spectabilis prefer to grow under the shade (Shrestha et al. 2007). Therefore, 

A. spectabilis was almost non-existent above treeline. All of its size classes above treeline 

were almost exclusively confined in the 25m above treeline, with a couple sightings of 

the smaller saplings beyond that point (Fig 3.3). Therefore, the treeline comprised of old 

Abies trees essentially marks hard boundary for A. spectabilis. That also explains the 

pattern of stark difference in abundance across treeline (Fig 3.4b).  
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Explanatory variables 

If amelioration of temperature in recent decades is driving the observed patterns 

in density and mortality, then environmental conditions that strongly depend on elevation 

should be the important predictor(s) of the patterns. This relationship should hold because 

(1) regional warming of certain amount might allow the plants to cross the threshold of 

growth vs no-growth because of temperature and permit plant growth beyond their 

historic ranges, and (2) this uplift of threshold is expected to have happened at 

progressively later date at higher elevation yielding the patterns of Fig 3.2 (discussed 

above). Without countering the inferences we made out of Fig 3.7 (argument of steady 

growth), it can be said that the response of density and mortality to environmental 

conditions is not binary (e.g., dense vs not dense). Rather, these variables respond to 

growth conditions in a smooth way. As we expected, the density of R. campanulatum was 

predicted almost exclusively by elevation related variables (orange box in Fig 3.5a). This 

further supports our temperature amelioration hypothesis for R. campanulatum 

encroachment above treeline. Mortality of the young plants (<2m tall), however, is 

controlled only by non-elevation variables (see red box in Fig 3.5a for unimportant 

predictors). When the plants are young, their mortality is not under the grip of elevation 

related variables; when they mature (>2m tall), the mortality responds largely to elevation 

related variables.  

 A. spectabilis, on the contrary, has both elevation related and unrelated variables 

as significant predictors of both density and mortality (Fig 3.5b). We found that mortality 

decreases with canopy for <1m plants and increases with canopy for >1m plants.  

 Regression tree analysis, used to determine important predictors in Fig 3.5, can 

give relatively unstable model of relationship when sample size is small. Therefore, we 
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performed a four-way ANOVA on density and mortality to test the effect of position 

relative to treeline and distance from the treeline, by keeping the two sites and transects 

within each site as nested blocking factors to determine which variables among density 

and mortality of the two species respond only to main effects of the predictors. Table 3.1 

shows that density of both species is highly insensitive to interaction terms but that 

mortality responds to both main effects and interaction terms. Importantly, the significant 

interaction terms were different for different size classes and species. There is no 

apparent reason to assume that the five types of significant interaction terms affect 

mortality because there is a causal relationship. Rather, these interaction terms relate to 

non-elevation related variables (e.g. slope, aspect, canopy and number of stumps as a 

proxy for human disturbance), such as the ones picked up by regression trees which are 

different in different site and transect. This suggests that density responds mainly to 

elevation related variables but the response landscape of mortality is complex. The 

inference of Table 3.1 is largely in agreement with the findings of Fig 3.5. Taken 

together, Fig 3.5 and Table 3.1 suggest that density will change in a more predictable 

fashion in future than mortality. 

 

Regeneration potential 

All the three indices of skewness (with complementary interpretation) yield a 

similar scenario about the status of regeneration of the two species (Fig 3.6). The three 

indices indicate that there is relatively higher frequency of young plants above treeline 

than below treeline. This indicates that the two species are regenerating faster above 

treeline than below. The interpretation for A. spectabilis is limited for two reasons: (1) the 

species is found only up to 25m above the treeline, (2) there is a rather small sample size 
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above treeline. An ideal age/size class distribution has size of all the individuals; 

unfortunately, for plants >2m height, we did not record the exact height. So, we had to 

exclude a good portion of dataset for estimating regeneration potential. Therefore, the full 

age/size class distribution is not represented in Fig. 3.6. However, to estimate 

regeneration potential, the most important part of the distribution is the left extreme and 

that shows that both species are likely to increase in abundance non-linearly with time 

above treeline. 

 

The future of treeline 

Seedling establishment of A. spectabilis requires good amount of shade. In fact, 

the seedlings of this species can survive under deep shade of dense stands of R. 

campanulatum. On the contrary, R. campanulatum requires good amount of sunlight for 

seedling establishment. This strong contrast between the two species in their requirement 

and tolerance explains the observations of the current study: R. campanulatum has been 

able to grow up to 200m above treeline whereas A. spectabilis is confined to 25m band 

above treeline. We project that as R. campanulatum continues to grow, it will be able to 

provide dense shade and largely eliminate ground vegetation providing suitable habitat 

for seedlings of A. spectabilis to establish. Over time, young individual of A. spectabilis 

project beyond the canopy of R. campanulatum and cast shade which dramatically 

diminishes the population of R. campanulatum. Therefore, low statured R. campanulatum 

is likely replaced by tall A. spectabilis trees with time. We provide two lines of support to 

this projection. 

 First, A. spectabilis is tall tree which requires deep soil layer whereas R. 

campanulatum is low statured and shallow rooted and so does not require deep soil to 
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establish (Stainton 1972). Towards the mountain peak, soil layer is thin due to steep slope 

induced erosion as well as relatively short history of soil formation from the rocks.  

 Second, we are drawing on our extensive field trips to various parts of Himalaya. 

We have observed that A. spectabilis is a late successional tree species whereas R. 

campanulatum grows at the upper elevation extreme of vegetation (Fig 3.8a). It is a 

common observation that R. campanulatum makes pure stand above the limit of A. 

spectabilis. Below the pure stand, R. campanulatum grows under the canopy of tall trees 

of either A. spectabilis or Betula utilis or both (Fig 3.8a). A. spectabilis and B. utilis are 

the two most dominant tall tree species of Nepal Himalaya treeline. The extent to which 

B. utilis is represented in the mixed forest apparently depends on two factors: 

successional stage and magnitude of disturbance. We have observed isolated very tall and 

dying trees of B. utilis in the forest primarily of A. spectabilis in Langtang. As seen in Fig 

3.8a, A. spectabilis and B. utilis are in almost equal number in the mixed forest. In birch-

rhododendron forest (main constituent being tall trees of B. utilis and understory of R. 

campanulatum), young plants of A. spectabilis are seen growing. However, areas with 

disturbance are occupied mostly by B. utilis. Cycles of avalanche and erosion 

characterize Amadablam Mountain in Mt. Everest region. In this area, R. campanulatum 

is seen mostly replaced by B. utilis with A. spectabilis virtually absent (Fig 3.8b). In 

Langtang, stands of B. utilis grow along gullies. B. utilis grabs the opportunity of growing 

in disturbed habitat because exposed soil favors seedling survival. Unlike A. spectabilis, 

the seedling survival of B. utilis is low in soil covered with humus and under deep shade. 

In more stable landscape, R. campanulatum seems to give away to A. spectabilis.  

All these observations suggest that R. campanulatum is a pioneer tree species in 

Nepal Himalaya to colonize a habitat. Its pure stand is replaced by a combination of 
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forest types depending on successional trajectory and disturbance, eventually forming a 

forest dominated by A. spectabilis. Because we show with multiple lines of evidences 

that R. campanulatum is expanding beyond the historic range and growing normally 

above treeline, it is projected that the pure stand of tall R. campanulatum will form for 

some decades. These pure stands are eventually replaced by mixed forest with A. 

spectabilis being one of the main component, if not the most dominant one. 
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Fig. 3.1. Elevation of two types of treeline: “Abies treeline”, making a sharp, relatively 

stable boundary of tall and old trees of Abies spectabilis, and “2 m treeline”, marking a 

more dynamic boundary always comprised of much shorter trees of Rhododendron 

campanulatum. The elevation of Abies treeline ranges from 3804 to 3821 m in Site 1 and 

3864 to 3944 m in Site 2. For 2 m treeline, this range is 3844 to 4019 m in Site 1 and 

3890 to 3966 m in Site 2. At each transect, we identified the position of 2m treeline and 

then attempted to lay down 4 quadrats above the treeline and 4 quadrats at or below the 

2m treeline. As we proceeded towards the higher quadrats, we stopped either after laying 

down 4 quadrats or if the tree species were entirely absent in a given quadrat and there 

were no sightings of the tree species upslope from there. In some transects, some quadrats 

below 2m treeline were not visited because the area was highly inaccessible for the 

purpose of study due to slope or avalanche.  
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Fig. 3.2. Elevational pattern of density and mortality of Rhododendron campanulatum. 

Each dot in the Figure represents a quadrat. Mortality calculated for three size classes is 

the fraction of all individuals of the size class in a quadrat that are dead. The values are 

plotted against elevational distance from Abies treeline. This distance is negative for 

plots below Abies treeline, more negative for distant plots. The distance is positive for 

plots above Abies treeline, more positive for distant plots.  
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Fig. 3.3. Elevational pattern of density and mortality of Abies spectabilis. Description as 

in Fig. 3.2. 
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Fig. 3.4. Density and mortality across Abies treeline (mean ± 1 SE). Since there is pattern 

of these measurements over distance, an unbiased comparison of above and below 

treeline requires sampling of similar spatial extent on the two sides of treeline. Among all 

the quadrats shown in Fig 3.2 and 3.3, some were discarded to maintain equal number of 

them on two sides of Abies treeline of each transect. P value indicated as the following:  

* : <0.05;  ** : <0.01;  *** : <0.001;  # : <0.1;  NS = not significant. N = 24-27 for 

density and mortality of R. campanulatum and density of A. spectabilis; for mortality of 

A. spectabilis, N 2-25. 
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Fig. 3.5. Potential explanatory variables of density and mortality, their explanatory power 

and direction of relationship as determined with Regression Tree Analysis. The 

explanatory power of an explanatory variable is printed inside blue circle and is also 

represented as the fraction of the area of gray square occupied by blue circle. The 

direction of relationship is indicated by a plus (for positive relationship) and minus (for 

negative) printed on the top-right corner of the square. The Figure summarizes results of 

24 separate analysis: 2 species * 2 dependent variables (density, mortality) * 2 sides of 

Abies treeline (above, below) * 3 size classes. Each analysis consists of one response 

variable (either density or mortality) and eight explanatory variables (arranged in the top 

row) which are clustered together – two clusters separated by a vertical gray line – into 

four groups: (1) elevation-related variables: Elevation, Abies treeline abs distance 

(absolute distance from Abies treeline), Position w.r.t 2m treeline (whether a quadrat is 

above or below 2m treeline),  2m treeline abs distance (absolute distance from 2m 

treeline); (2) physical environment related variables: Slope, Aspect (see method for our 

approach of aspect calculation); (3) biological variable: Canopy as a measure of light 

availability and temperature and soil moisture related consequences; (4) anthropogenic 

disturbance: Stumps which measures the number of cut stumps in the plots. All distances 

included in the analysis are elevation or vertical distance. Explanatory variables retained 

by minimum error rate model in Regression Tree Analysis (5 fold cross validation, 1000 

iterations) were considered significant. The fraction of total deviance at root node 

reduced by a variable in the tree is presented as explanatory power of the variable. 
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Fig. 3.6. Size class distribution of two species above and below treeline. G = Gini index, 

S = Lorenz asymmetry index, g1 = coefficient of skewness. Because the exact height of 

plants >2m tall was not measured, we excluded plants >2m tall in this analysis.  
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Fig. 3.7. Relationship of plant height to age and circumference. Site 2 has two separate 

flanks. Data for Site 2 presented for the flanks separately.  
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Fig. 3.8. Replacement of R. campanulatum by tall tree species. (a) In Tyangboche of Mt. 

Everest region, R. campanulatum makes thick and pure stand at the margin of vegetation 

and mixed forest of A. spectabilis and B. utilis is seen below pure stand of R. 

campanulatum; (b) In Amadablam Mountain of Mt. Everest region, B. utilis replaces R. 

campanulatum. 
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Table 3.1. Significant predictors of density and mortality. Both density and mortality 

calculated in each quadrat were continuous variables. Predictors entered into the model 

were (1) “Abies treeline”, position relative to Abies treeline with two levels: above 

treeline and below treeline, (2) “Site”, with two levels: Site 1 and Site 2, (3) “Transect”, 

with levels 1-13, (4) “Distance”, computed as categorical variable as the absolute rank of 

quadrat away from Abies treeline.  All the predictors are categorical variables. 
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CHAPTER 4. 

Title: Local adaptation, not altitudinal genetic differentiation, explains spatial and 

temporal asymmetry in plants response after reciprocal transplants 

 

 

 

 

INTRODUCTION 

Current climate change is shifting isotherm and climatic conditions upward in 

mountains (Beniston 2003, IPCC 2007) inducing responses from species in distribution 

and phenology (Parmesan and Yohe 2003, Chen et al. 2011).  The upper altitudinal 

boundary of plants and other species is shifting upward (Grabherr et al. 1994, Parmesan 

1996, Luckman & Kavanagh 2000). These shifts, however, do not track isotherm shift for 

every species. Alpine plants’ ability to colonize upslope from their distributional upper 

limit and to continue existence at their home depend on adaptive potential of the plants.  

 Genetic differentiation of plant’s traits along altitudinal gradient has long been 

studied, documenting expression of traits of plants from various elevations when grown 

in a common growth condition (Engler 1913, Ohsawa and Die 2008). The common 

garden experiments conducted at various elevations in a forest yield responses from 

plants based on their genetic adaptation, plasticity and growing condition they are 

exposed to. Such experiments are the standard practices used to determine adaptive 

potential of plants from one place (set of climatic, environmental and biotic conditions) 

when they are grown in a different place.  
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Seeds of tree species at treeline are carried upslope where abiotic and biotic 

elements of the geographic space affect how the seeds grow. Globally, saplings have 

been observed above treeline for various tree species. The saplings of same species on 

different mountains, and of different species on the same mountain, can vary in the 

growth rate and survival. An important aspect of above treeline space that makes a 

difference in growth and survival of saplings is ground vegetation which is substantially 

different on the two sides of treeline. Under the canopy of tall trees below treeline, 

ground vegetation is close to non-existent, except in gaps. Above treeline, ground 

vegetation is dense. This difference in ground vegetation results in a substantially 

different aerodynamic properties across treeline. Trees at or below treeline, with their 

open architecture, have little resistance to free atmospheric convection resulting in tree 

canopy temperature only slightly above ambient temperature (Korner 2012).  Short 

vegetation, with their compact canopy can decouple from free convection resulting in 

substantial warm up of the canopy (e.g., 20K above air temperature in alpine cushion and 

10K in shrubs and alpine grass) (Korner 2003). Because of this aerodynamic properties, 

saplings experience cold air below treeline where short vegetation is scarce. Above 

treeline, the dense ground cover of shrub and other short vegetation offers beneficial 

facilitation to saplings by maintaining warmer air and soil temperature (Korner and 

Paulsen 2004). Therefore, surrounding vegetation is crucial for survival of saplings above 

treeline.  

Tree saplings growing above treeline obtain some important facilitation from the 

surrounding vegetation. Compared to below treeline, they also face a new set of 

environmental conditions including different amount of radiation, snowpack duration, 

moisture regime, soil type, and biotic interaction. Saplings’ adaptation to totality of the 
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conditions is expected to be crucial in determining its fate above treeline. We performed 

a reciprocal transplantation experiment that involved transplanting saplings between two 

sites: immediately above treeline and towards species limit, 150 m above treeline. When 

transplanted between sites, local adaptation is expected to result in asymmetric responses, 

whether from genetic or plastic differences. Specifically, we test the following 

hypotheses: (1) Saplings from the species limit are expected to be better adapted to 

growing season climate extremes (because they are dormant during other seasons) than 

saplings from tree line; (2) Adaptation to extreme climate conditions during the growing 

season may not necessarily offer year-round protection which requires strategies to avoid, 

rather than tolerate, extremes, e.g., by remaining dormant during unfavorable conditions 

because breaking dormancy could exacerbate problems. 

 

 

METHODS 

 

Study site 

The study site was in Nepal’s Langtang National Park. Situated 124 km north of 

Kathmandu valley, straight distance ~50km, the park is 1,710 km2 in size and ranges in 

elevation between 1000 and 7200 masl (Fox et al. 1996). The park has been relatively 

undisturbed by humans for several centuries. Nearby villages are allowed to graze cattle 

inside the park. However, our field site, located at treeline ecotone (~3850m), is far from 

human settlements which are not seen above 2000m. Therefore there is little human 

impact at the study site which is 4-5 hours walk from the nearest tourist trail. The study 

was conducted on north-facing slope of a mountain top with a wide belt of geographic 
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space available above treeline; this space was completely covered by plants, mostly by 

ground vegetation comprised of Rhododendron anthopogon with a fraction of it occupied 

by individuals of tree species. This space above treeline was >400m wide elevationally 

(the vertical distance between treeline and top of the mountain). The uppermost part of 

this space had no sightings of tree species, even the small saplings. 

 

Definition 

Treeline researchers define three upper elevational boundaries. Following Korner 

and Paulsen (2004), the virtual line representing the uppermost boundary of closed forest 

canopy is designated timberline. Above timberline, trees are found in clumps. The 

virtual line that connects clumps is designated treeline. The uppermost boundary at 

which any individual (of any size or class) is found is defined as the species limit. The 

position of treeline depends on how a “tree” is defined. Korner and Paulsen (2004) 

defined a treeline as the virtual line connecting uppermost patches of upright tree 

individuals that are at least 3 m tall. In our study site, Abies spectabilis D. Don 

(Himalayan silver fir) presents a sharp distributional boundary of tall trees growing in 

cluster, marking a conspicuous treeline. A. spectabilis, locally known as gobre salla, talis 

patra, and thingre salla is a tall evergreen conifer growing in a wide elevational belt of 

2800-4000 masl (Polunin and Stainton, 1984). The tree has single main axis holding 

whorls of branches, each of them profusely branched and densely foliated. A. spectabilis 

is the tallest and one of the most abundant tree species at high Himalayas. The Abies 

treeline seems to have been stable for over a century; the trees in the top 50 m elevational 

band are 35 to 170 years old, with mean age of 86 years (Mainali unpublished). We 

recorded many over a century old trees right at the edge of treeline. A plant <2 m tall is 
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defined as “sapling”, taller plants are defined as “mature plants”. A separate category, 

“seedling”, is used to define very small plants, often <15cm. Our plants are 10–50 cm tall 

and a distinction between seedling and saplings in this size range does not add in our 

study. So, we will use the term “sapling” to denote all the short plants. 

 

Species 

We transplanted saplings of Rhododendron campanulatum D. Don, an evergreen 

broad-leaved tree species.  R. campanulatum achieves a height of 2–6m, and is found 

distributed between 3000 and 4400 masl (Polunin and Stainton, 1984). In the study sites, 

and in other upper distributional limits of trees, the species is the most abundant tree 

species, and is associated with another abundant tree species, A. spectabilis. Below the 

treeline, R. campanulatum is seen growing under the canopy of much taller trees of A. 

spectabilis. Above the treeline, isolated saplings of A. spectabilis are found only 

occasionally but tall trees are almost non-existent. In the absence of taller trees, and 

consequently canopy, saplings of R. campanulatum are seen growing in dense patches 

above treeline.   

 

Design and measurements 

Two plots were set up on a mountain slope. To make the environmental condition 

of the two plots similar, they were placed on the same vertical strip of the mountain such 

that the two plots were very similar in slope, aspect, and soil properties. The plot was ~ 

50m long along the contour of elevation and ~35m wide (=15m in elevational distance). 

The lower plot, hereafter “treeline plot”, situated 16m (elevational distance, ~45 m away 

in actual distance) above the treeline at 3876 masl was far enough to exclude on the plot 
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any canopy effect of trees at treeline. The other plot, hereafter “species limit plot”, was 

set up 150m above the treeline plot. The species was found at higher elevation than the 

species limit plot. However, species limit plot was the highest location on the mountain 

where we could find enough healthy saplings in a plot-size area. 

We conducted manipulative reciprocal transplant experiments of the saplings, 

transferring plants between species limit and tree line plots in 2010. In-situ measurements 

were taken before and after transplanting the saplings, and exactly one year after on the 

same week of the month. In each plot, we randomly sampled 40 healthy (with no obvious 

damage) saplings of 10–50cm height. We maintained similarity in plant heights between 

the two plots by stratified sampling. The saplings were randomly assigned to two groups 

of equal sample size. One group was then randomly chosen to be transplanted to the other 

plot; we define these saplings as “treatment transplants” and the group as “foreign”. 

Treatment transplants were dug up and replanted at the other plot (foreign site). The other 

group of saplings was retained in the plot as control; we define these saplings as “control 

transplant”, and the other group as “resident”. To minimize the bias of the act of 

transplanting in plant responses, control transplants were dug up and replanted at the 

same spot. The saplings were dug up along with entire root system intact and 1 cubic ft of 

soil around them. The transplant saplings along with the soil were then placed in the 

emptied spots in the foreign site such that 20 saplings from a plot exchanged their 

location with 20 saplings from the other plot. While transplanting the saplings, we 

oriented the saplings in the same direction as they were in their original plot.   

 For each sapling, the following measurements were recorded: plant height, total 

number of healthy and unhealthy (damaged or necrotic) leaves, length of newly added 

main axis in the current growing season, length of previous year’s shoot expansion which 
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is the current topmost internode below newly added shoot, length and width at widest 

part of all the leaves produced in the current growing season, and spread of the crown at 

45 degrees interval. We collected ~100 healthy leaves from a new random set of plants of 

similar height from each plot. These leaves were brought back to lab, pressed between 

piles of paper and dried. A high resolution image of each leaf was then analyzed under 

Adobe Photoshop CS 5.5 to determine length, width and area with the precision of 

0.085mm. The model derived from these leaves (destructive sampling) was used for 

estimating area of leaves in the transplanted saplings. 

We also took measurements of many biotic and abiotic covariates. For each 

sapling, we measured vegetation cover around saplings in 1m diameter plot (fraction of 

the surface covered with vegetation which was almost always comprised of R. 

anthopogon), surrounding vegetation height (height at four points on the periphery of the 

1m diameter plot), slope, and aspect. In each plot, we measured soil fertility. We took 

temperature measurements in the plots every two hours for 9 months with data logger 

(HOBO Pendant Temperature/Light Data Logger 8K, Onset Computer Corp, Bourne, 

MA, USA). 

 The sapling size range of 10–50cm encompasses most of the saplings at species 

limit plot and good majority in treeline plot. This design enhances generalization of the 

finding of this study because of size range in saplings but the paired design for many 

variables (repeated measurement in two years) excludes the variance caused by sapling 

size increasing the chances of extracting signal from the data. For the variables that did 

not permit paired design, we used plant height as a covariate in analysis.   
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Analysis 

Data analysis was performed in SPSS 16.0 (SPSS Inc.) and R x64 2.12.1 (The R 

Project for Statistical Computing) using the following packages: e1071, fields, graphics, 

grDevices, grid, ineq, mvpart, plotrix, plyr, reshape, sciplot.  

 

 

RESULTS 

 

Leaf area prediction with length and width 

Leaf width and length explain almost all of the variance in leaf area in each site 

(adj R2 ~98%). Leaf area relates more tightly with leaf width than length. Linear 

regression model derived from these relationships was then used to predict area of leaves 

in saplings for which we measured only length and width. 

 

Leaf size 

We estimated the area of leaves produced in the summer of 2010. The leaves at 

species limit had a higher average size than leaves at treeline (Fig 4.2a). Species limit 

also had higher total area of the recently produced leaves than treeline (Fig 4.2b). 

 

Covariates and significant explanatory variables 

Sapling height of the two sites was not significantly different (Fig. 4.3a). The 

surrounding vegetation in 1m diameter plot, however, occupied more area (Fig 4.3b) and 

was taller (Fig 4.3c) at treeline than at species limit. A non-significant trend towards 
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higher leaf damage (P=0.076) per individual was observed at species limit than at tree 

line (Fig. 4.3d). 

To determine the significant predictors of the differences in leaf area, we 

performed regression tree analysis (Fig. 4.4). The analysis showed that a sapling’s total 

area of leaves produced in current year is affected only by the surrounding vegetation 

cover. The relationship is negative, explaining two-thirds of the variance in leaf area.  

 

Measurements after a year 

Data collected one year after the transplant was performed revealed the 

cumulative year-long response of the saplings after transplantation. Differences in 

mortality were tested with a G-test on a 3-way contingency Table with plant origin 

(species limit or tree line), transplant site (home = control, or foreign = moved), and 

status (dead or alive) as factors. The interaction between the three factors almost reached 

significance (G=2.78, P=0.09), suggesting an asymmetric response between plants of 

different origin at the two sites. Subsequent pair-wise analyses showed that there was a 

non-significant trend towards higher mortality for saplings moved from species limit to 

tree line than for controls (saplings from species limit replanted at species limit; Fig. 4.5a, 

Fisher’s Exact test, P=0.076). When the controls on the two sites were compared for in-

situ mortality, their mortality was not different (compare red bars in Fig 4.5a). So, 

elevation of origin did not have an effect on mortality. 

 For surviving saplings, however, our results indicate that the species limit 

population performs better than the tree line population at either site. Specifically: (1) at 

tree line, saplings from the species limit grew significantly more than did home saplings 

from the tree line (2-way ANOVA, origin×site interaction, P=0.039; Fig. 4.5b); (2) 
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compared to the previous year, the new shoot expansion in 2011 was higher for species 

limit saplings transplanted to tree line than for controls at species limit (Fig. 4.5c, Mann-

Whitney test, P=0.045); and (3) transplanted saplings from tree line to species limit lost 

more leaf area than did the control at tree line (Independent Sample t-test, P=0.005, not 

shown in Figure).  We also observed in both sites that more leaves were damaged when 

moved to other location than replanted (Independent Sample t-test, P < 0.05, not shown 

in Figure).  

 

 

DISCUSSION 

 

Globally, leaves have been shown to get smaller with elevation (Korner 2012). 

Korner et al. (1986) show that a broadleaved tree, Nothofagus menziessii in New Zealand 

has its leaf area dropping from 1.11 cm2 at 35 masl to 0.65 cm2 at treeline (1200 masl). In 

Australian Snowy Mountains, the leaves of Eucalyptus pauciflora reduce from 27cm2 at 

940 masl to 9cm2 at 2040 masl (Korner and Cochrane, 1985). The drastic reduction in 

leaf size found by these studies over an elevational gradient of >1000m compares with 

more subtle reduction in leaf size found over a smaller elevational range. Hertel and 

Wesche (2008) observed that leaves of Polylepis pepe in Bolivian subtropical climate 

shrink from 1.8 to 1.6 cm2 at a rise of 250m. The reduction of leaf size with elevation 

(from 600m to 3000m) has been observed even at community level of broad-leaved 

evergreen trees in Mount Emei of China (Tang and Ohsawa 1999). Our finding from 

humid Nepal Himalaya contradicts these global patterns in two important ways: (1) we 

observed that leaf area increase with elevation, (2) given the small elevational gradient of 
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150m, the increase in leaf area by ~35% is substantial (Fig. 4.2). This difference in leaf 

area was, however, not accompanied by plant-wise differences in number of leaves (not 

shown in Figure) and plant height (Fig. 4.3a).  

Even though many studies report this general trend of decrease in leaf area with 

elevation, what controls leaf size is not certain (Korner 2012). Korner (2012) argues that 

either duration of leaf development or climate to which developing leaf is exposed 

determine the size of leaf in cold climate. We present two lines of argument to explain 

our observation of larger leaves and higher total leaf area at higher elevation. First, less 

intense biotic competition at species limit, measured as significantly less cover of 

surrounding vegetation composed of significantly shorter plants (Fig. 4.3b,c). This 

hypothesis is supported by the Regression Tree analysis. Second, the smaller leaf size at 

our treeline site is an adaptive response to the condition to which saplings are exposed in 

spring. Earlier snowpack melt at tree line compared to species limit could expose tree line 

saplings to harsh spring climates (cold air, snowstorm, moisture stress caused by dry air 

resulting in cavitation) when species limit saplings are still protected under snowpack. 

Smaller leaves, and smaller total area of leaves, enhances the chances of survival in such 

environment. On the contrary, saplings at species limit avoid such harsh spring condition 

and so do not have the same need of reducing leaf area as treeline saplings have. 

The “snowpack melt hypothesis” to explain leaf size is supported by subsequent 

work which reject “biotic competition hypothesis”. We observed that saplings 

transplanted from species limit to treeline grow more than control at species limit. If 

“biotic competition hypothesis” were true, then saplings experiencing more intense 

competition from surrounding vegetation should exhibit reduced, not the observed 

accelerated, growth. The “snowpack melt hypothesis”, on the contrary, offers explanation 
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to two important observations: smaller leaf size (discussed earlier) and increased 

mortality. Saplings growing at species limit do not need an evolutionary adjustment to 

spring conditions of treeline. So, transplanted saplings from species limit to treeline 

experience higher mortality than controls at species limit (Fig. 4.5a). For the reciprocal 

transplant, the response in mortality is asymmetric: mortality did not differ between the 

controls at treeline and transplants at species limit. Such a situation can be expected from 

local adaptation of the saplings. Treeline saplings already largely free from the grip of 

spring conditions, do not benefit from lack of such condition at species limit. We provide 

another support to “snowpack melt hypothesis” with direct measurement of year-round 

temperature in the field. Hourly year-round measurement of temperature at 22 cm height 

on a smooth landscape shows that the height is completely under the snow from Feb 1st 

week to Apr 1st week at treeline (Fig. 4.6). At species limit, the same height is under the 

snowpack from Jan 3rd week to May 1st week. Between Apr 1st week and May 1st week 

when saplings <22 cm are exposed from snow at treeline, such saplings at species limit 

are still protected under the snowpack. In this window of time, the daily cycle of 

temperature at treeline drops below zero in most of the days.  

Even though “snowpack melt hypothesis” is much more likely than “biotic 

competition hypothesis”, the regression tree model in Fig. 4.4 retained only surrounding 

vegetation cover as the significant predictor of leaf area, exhibiting negative relationship. 

Such a situation can arise because of correlation of surrounding vegetation cover with 

elevation (observed in our study) which can affect saplings in many ways including 

spring conditions.  

The first set of reciprocal transplant experiment was conducted by Engler in 1898. 

This huge experimentation involved reciprocal transplantation of 15 species of Swiss 
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Alps at three different elevations. This study, along with an in-depth analysis of its data 

later by Burger (1926) reveal the following (cf. Korner 2012): (1) high elevation plants 

grow slower than low elevation plants under common growth conditions, which can be 

high elevation or low elevation, (2) high elevation plants when transplanted to low 

elevation start seasonal growth at an earlier date compared to native location but not early 

enough to match temperature of growth onset, (3) low elevation plants transplanted to 

high elevation have a delayed cessation of growth and often stop development in winter 

with an immature shoot. A recent work by Gonzalo‐Turpin and Hazard, (2009) in 

Pyrenean Mountains observes the same pattern in plant growth and reports that plant 

height along an elevation gradient is controlled by both genetic differentiation and 

phenotypic plasticity. Genetic differentiation of plant growth along altitudinal gradients 

causing slower growth rate of high elevation plants compared to low elevation plants in a 

common garden experiment, however, does not constitute local adaptation which would 

result into growth decreasing in the foreign sites. Gonzalo‐Turpin and Hazard, (2009) 

also found that plants show higher growth at lower elevation and lower at higher 

elevation no matter where the plants were taken from. This, as the authors argued, can be 

a plastic response to the environmental conditions of the transplanted sites. However, we 

argue that the differences can also result from physical environment exerting control over 

plant growth, rather than plants adjusting the growth rate.  

Contrary to plant growth, Gonzalo‐Turpin and Hazard (2009) reported that plant 

mortality, which is different between transplant sites that are ~300m apart, does not 

exhibit genetic differentiation along altitudinal gradient. Rather, mortality is controlled by 

local adaptation, as we found in our study.  
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The studies we reviewed earlier were conducted below treeline which contrasts 

drastically from above treeline for short plants. Ground vegetation, comprised of shrubs 

and herbs, is thick above treeline. A denser and taller surrounding vegetation (e.g., in 

species limit site) is better in facilitating growth of saplings than less dense and shorter 

surrounding vegetation (e.g., tree line site) as long as the positive effects of facilitation 

accrue faster than negative effects of competition. High elevation distributional edge 

presents such a combination of climatic conditions that sacrificing some resources to gain 

hospitable environment clearly has positive effects. The argument of soil nutrient as an 

important limiting factor at the sites can be rejected based on the following lines of 

evidence and argument: (1) leaf N concentration towards tree line is higher than below in 

eastern Himalaya (Li et al. 2008), and many other mountains of the world (Kitayama and 

Aiba 2002); (2) nutrient release rate is more important than amount of nutrient, especially 

because of cold soil (Tranquillini 1979); (3) there is no reason to assume that nutrient 

shortage follows an isotherm across the world to determine treeline position (Korner 

2012). In the study site, we found no difference in concentration of soluble N, P, K and 

soil organic matter between two sites (not shown in Figure).  

 

 

CONCLUSIONS 

 

1. Many prior studies show genetic differentiation of plant growth over substantial 

elevation gradient (~1000m). At a short elevation gradient (150m), we show that both 

plant growth and mortality both are controlled by genetic adaptation and current 

environment.  
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2. Climatic extremes during spring affect mortality and leaf size whereas growth is 

affected by summer climate. The fact that elevation is not a significant predictor of 

leaf area (even when the assumptions of Regression Tree analysis were relaxed 

allowing more complex model) indicates that plants have already achieved adaptation 

to climatic extremes of species limit.  

3. An elevational gradient of 150m on a gentle slope of mountain is not a substantial 

geographic barrier for seed dispersal of R. campanulatum which are small, light and 

scaly, and so easily carried by wind (Shrestha 2014). Yet, plant’s traits of survival 

and growth indicate strong genetic differences along the short elevational gradient of 

150m indicating strong selection at the two sites. 

4. Snowmelt is earlier at tree line site (right above tree line with no canopy for 

protecting snowpack from melting by sun) than at species limit. Therefore, it is likely 

that breaking winter dormancy as soon as snowmelt is adaptive at species limit 

(because the growing season length is limiting) but mal-adaptive at tree line (because 

plants are exposed to harsh spring conditions). This suggests the possibility of species 

limit population using snowmelt as environmental cue for breaking dormancy 

whereas tree line population relying on some other cues, including a fixed delay after 

snowmelt. This explains poor survival of species limit plants at the start of growing 

season when transplanted to tree line. If they survive the “winter” extremes, they are 

better adapted to “normal” extremes of growing season and so perform better than 

both tree line and species limit population at their home.  

5. Taken together, these results run counter to expectations from simple local 

adaptation, that would result in individuals doing better at ‘home’ than at the foreign 

site. Individuals from the species limit, if they survive, perform better when moved 
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downhill than they do at home, and also out-perform the locals. Whether this 

asymmetric adaptation stems from true genetic differences or from plastic responses 

during early life (e.g., acclimation) cannot be addressed with this experimental 

design. However, regardless of the root nature, the asymmetric responses suggest that 

populations of R. campanulatum at the species limit have undergone an adaptive 

response to living at the extremes of the species’ boundary that result in higher 

growth when moved to more interior (and presumably more favorable) environments.  

6. The upper elevational boundary of R. campanulatum is rapidly shifting upward 

(Mainali population census manuscript). However, the present study indicates that 

strong differences still exist between individuals across a short elevational gradient, 

with individuals at the extreme limit of the species range being more tolerant to 

extreme climate conditions but less tolerant of competition compared to individuals 

only 150m lower in elevation.  
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Fig. 4.1. Predicting leaf area with length and width. Forward regression analysis shows 

that ~98% of the variation in leaf area is explained by width and length in each of the 

plots (P<0.0005). At both sites, leaf width was picked up by model as the most important 

predictor of leaf area, explaining most of the variance. In both cases, foreword regression 

allowed leaf length as the second significant predictor of leaf area, explaining a small 

amount of variance (Variance Inflation Factor <5.8). The explanatory power was as 

follows: leaf width 96.8%, leaf length 1.7%, making a total adj R2 of 98.5% at species 

limit; leaf width 95.4%, leaf length 2.5%, making a total adj R2 of 97.9% at treeline. 
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Fig 4.2. Area of leaves produced in the growing season preceding field visit in the first 

week of Aug 2010; mean ±1 SE.  Independent sample t-test. 
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Fig. 4.3. Covariates, potential explanatory variables for the observed differences among 

saplings in Fig 4.2;  mean ±1 SE. Legend as in Fig 4.2. Ind Sample t-test and Mann-

Whitney test, where appropriate. 
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Fig. 4.4. Regression tree analysis of sapling’s total area of current year’s leaves with its 

potential explanatory variables. Fully grown tree was pruned following 1 SE cross 

validation error rate rule. Slope, aspect, elevation, sapling height, surrounding vegetation 

cover, and surrounding vegetation height were entered into the model as potential 

predictors. The only significant predictor retained in the pruned tree was surrounding 

vegetation cover, explaining 69.5% of the variation in leaf area. For comparison, the 

variance explained is only 20% in a linear regression model.  
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Fig. 4.5. Various parameters of plant growth measured a year after reciprocal 

transplantation. a: Fisher’s exact test, b,c: Mann-Whitney test. Mean ± 1 SE. 
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Fig. 4.6. Hourly temperature recorded at the two sites at the height of 22cm. Daily cycle 

of temperature are depicted by the swing of line until data-logger is buried under the 

snow yielding a flat line. In late winter, the temperature of snow is below zero but it 

remains at zero for many weeks as spring approaches.  
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CHAPTER 5. 

Appendices 

 

 

 

 
Table A1. Sources of occurrence points. 
 

Sources Number of 
records 
obtained 

Freely available databases  

Arne Witt Commonwealth  Agricultural Bureau International (CABI) 
Africa 

2

Australian National Herbarium 163

Australia's Virtual Herbarium (AVH) 168

Global Biodiversity Information Facility (GBIF) 1097

Integrated Pest Management Collaborative Research Support Program 
(IPM CRSP) Ethiopia 

266

Integrated Pest Management Collaborative Research Support Program 
(IPM CRSP) South Africa 

45

The National Commission for Knowledge and Use of Biodiversity, 
Mexico (CONABIO) 

382

South African Plant Invaders Atlas 53

Swaziland's Alien Plant Database 20
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Table A1 (continued) 
 

Sources Number of 
records 
obtained 

Personal collection  

Bharat Shrestha 67

Debendra Karki 859

Iqbal Zuberi 15

Jim Findlay (private individual) 3

K Dhileepan 332

Maan Rokaya 3

Mark Hyde (private individual) 8

Sue van Rensburg (Grumeti Trust) 1

Published studies 

Dhileepan K and KAD Wilmot Senaratn. 2009. How widespread is 
Parthenium hysterophorus and its biological control agent Zygogramma 
bicolorata in South Asia? Weed Research 49: 557–562 

423

Hassan G and International Linkages Project. 2011. Further update of 
the status of parthenium weed in Pakistan. International Parthenium 
News 3:9-10 

64

Tang SQ, F Wei, LY Zeng, XK Li, SC Tang, Y Zhong, and Y‐P GENG. 
2009. Multiple introductions are responsible for the disjunct 
distributions of invasive Parthenium hysterophorus in China: evidence 
from nuclear and chloroplast DNA. Weed Research 49: 373–380 

18

TOTAL 3989
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Table A2. Environmental predictors used in species distribution modeling 

 

1. bio1 = annual mean temperature 

2. bio2 = mean diurnal range (mean of monthly (max temp - min temp)) 

3. bio3 = isothermality (bio2/bio7) (* 100) 

4. bio4 = temperature seasonality (standard deviation *100) 

5. bio5 = max temperature of warmest month 

6. bio6 = min temperature of coldest month 

7. bio7 = temperature annual range (bio5-bio6) 

8. bio8 = mean temperature of wettest quarter 

9. bio9 = mean temperature of driest quarter 

10. bio10 = mean temperature of warmest quarter 

11. bio11 = mean temperature of coldest quarter 

12. bio12 = annual precipitation 

13. bio13 = precipitation of wettest month 

14. bio14 = precipitation of driest month 

15. bio15 = precipitation seasonality (coefficient of variation) 

16. bio16 = precipitation of wettest quarter 

17. bio17 = precipitation of driest quarter 

18. bio18 = precipitation of warmest quarter 

19. bio19 = precipitation of coldest quarter 

20. alt = altitude 

21. vegetation = percent tree canopy cover 

22. soilmois = soil moisture 

23. population = human population density 

24. roadsqrt – square root of proximity to road 

25. road - proximity to road 
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Table A3. Four way analysis of variance for effect of various factors on AUC score. 
 

Factors Df Sum 
Sq 

Mean Sq F value Pr(>F) Sig. 
codes

PointSource 2 216.48 108.24 450000.00 < 2e-16 *** 

Bias 1 0.03 0.03 132.10 < 2e-16 *** 

Model 3 43.94 14.65 60890.00 < 2e-16 *** 

ExplRoad 1 5.13 5.13 21310.00 < 2e-16 *** 

PointSource*Bias 2 0.01 0.00 18.21 0.00 *** 

PointSource*Model 6 6.33 1.06 4388.00 < 2e-16 *** 

Bias*Model 3 0.00 0.00 2.92 0.03 * 

PointSource*ExplRoad 2 2.67 1.33 5546.00 < 2e-16 *** 

Bias*ExplRoad 1 0.00 0.00 0.06 0.80  

Model*ExplRoad 3 0.48 0.16 669.00 < 2e-16 *** 

PointSource*Bias* 
Model 

6 0.00 0.00 2.41 0.02 * 

PointSource*Bias* 
ExplRoad 

2 0.00 0.00 0.44 0.64  

PointSource*Model* 
ExplRoad 

6 0.44 0.07 306.00 < 2e-16 *** 

Bias*Model*ExplRoad 3 0.00 0.00 1.32 0.27  

PointSource*Bias*Model* 
ExplRoad 

6 0.00 0.00 1.46 0.19  

Residuals 119952 28.85 0    

Signif. codes:  ‘***’ = 0.001; ‘**’ = 0.01; ‘*’ = 0.05; ‘.’ = 0.1; ‘ ’ = 1  
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Table A4. AUC scores for various regions computed with models using three point 
sources. The background points were obtained using grid cell area bias (AreaBias). The 
set of explanatory variables does not include proximity to road (NoRoad). Scores are 
displayed against background of color ramp that spans the range of scores within each 
continent. (Colors are not comparable across continents.) 
      

Continent PointSource GAM GLM RF BRT 

Africa PNBN 0.695 0.693 0.739 0.749 

Africa PWBN 0.641 0.591 0.837 0.794 

Africa PWBW 0.797 0.782 0.908 0.852 

Asia PNBN 0.66 0.654 0.651 0.661 

Asia PWBN 0.565 0.566 0.69 0.653 

Asia PWBW 0.799 0.799 0.856 0.837 

Australia PNBN 0.573 0.586 0.61 0.617 

Australia PWBN 0.774 0.712 0.821 0.799 

Australia PWBW 0.825 0.819 0.898 0.867 

North America PNBN 0.827 0.826 0.859 0.85 

North America PWBN 0.804 0.804 0.864 0.834 

North America PWBW 0.806 0.793 0.859 0.83 

South America PNBN 0.618 0.614 0.596 0.612 

South America PWBN 0.582 0.567 0.578 0.569 

South America PWBW 0.622 0.621 0.702 0.636 

World PNBN 0.701 0.7 0.731 0.717 

World PWBN 0.635 0.587 0.703 0.691 

World PWBW 0.794 0.787 0.87 0.835 
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Fig A1. Raster layers of distance to road. Top: Grid cells obtain an average Euclidean 
distance to roads yielding a rather homogenous map. Bottom: Square root of the distance 
gives a much more heterogeneous map. Two maps show the same geographic space. 
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(a) all predictors except road (b) all predictors including road 

  

 
Fig A2. Comparing the effect of including road in the set of predictors on projection: 
predictions of habitat suitability for India and surrounding by boosted regression trees 
(BRT). Occurrences and background points in equal number were obtained from five 
continents (PWBW). AreaBias background points were obtained without considering 
proximity of grid cells to road. 
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Fig A3. Cohen’s Kappa by Model for the scenario PWBW, AreaBias, NoRoad. All pair-
wise differences between models within a continent are significant at 0.05 level except 
the following: Asia:GAM-GLM, Aus:GAM-GLM. 
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Fig A4. Fig 2.6 with and without occurrence records for easy comparison. 
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Fig A5. Relationship between various indices of model evaluation with pearson 
correlation coefficient displayed. 
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Fig A6. Effect of point source: predictions of habitat suitability for the world by boosted 
regression trees (BRT). This Figure differs from Fig 2.6 only by the fact that background 
points were obtained only from native ranges (PWBN) allowing a comparison of point 
sources in projection. 



 134

 
 
Fig A7. RF vs BRT prediction of occurrences in generally unsuitable habitat. RF is very 
specific in predicting isolated grid cells as suitable that are surrounded by hundreds of 
unsuitable grid cells. This tendency of RF aligns with the way the models are built trying 
to fit the local structures, risking overfitting and compromising generalization of the 
model. The situation is different for BRT. 
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Fig A8. BRT prediction for Nepal against 339 occurrence records collected across Nepal 
after analysis. 73% of the points fall under grid cells with predicted probability of >0.5. 
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