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Abstract 

Invasive plant species can change an ecosystem’s food web by destroying or replacing native food sources, 
providing little to no food value for wildlife. They are also able to alter the abundance of diversity of species that are 
important habitats for native wildlife. Some aggressive species are even capable of changing ecosystem conditions, 
from soil chemistry to the intensity of wildfires. This project uses several algorithms to understand the factors that 
contribute to the spread of invasive species. Our model uses three different algorithms: One-Way Analysis of 
Variance (ANOVA), Linear Regression (LR) as well as Nonlinear Regression (NR) to examine the characteristics of 
the ecological profile of current invasive species, specifically its spread and length in time it has had to spread. 
Based on statistical profiling of 77,075 records of 75 invasive species, over 10% of the species have matched the 
profile of known invasive plants, which are likely to become the next global invaders. These results present an 
opportunity to implement timely and proactive management strategies against biological invasions. 
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1. Introduction
The regions under study were Eastern and Southern Africa, whose ecosystems, while officially protected, are 
currently exposed to invasion by invasive plant species (Obiri  2011). In Eastern and Southern Africa, the spread of 
invasive species is impacting the livelihoods of the rural poor who are dependent on natural resources for income 
and survival, as well as undermining foreign development investment in the area. Given that their dependency on 
natural resources has increased more significantly over the last decade (Shackleton et al.  2000, and Witt et al. 
2010), efforts to understand the root causes of the growth and spread of invasive species are needed to be proactive 
about their current and future survival. However, there has been a limited study on what promotes or prevents the 
growth of these invasive species in those regions. Therefore, using a set of algorithms, this study investigates how 
time and the type of the invasive species control their behavior. 

Three different machine learning algorithms, one-way ANOVA, Linear Regression (LR), and Nonlinear Regression 
(NR) will be performed in order to uncover the nature of the impact that the types of the invasive species and time 
have on the size of their spread. 

Minimal studies have attempted to precisely model and predict the growth or spread of invasive plants, specifically 
in regards to using methods such as Machine Learning (Schneider et al. 2021). However, the vast majority of studies 
seem to attempt to predict events or scenarios that may come as a result of invasive plants (Faccenda et al. 2021) or 
seek to predict the distribution of invasive plants in either a highly general or specific area (Ahmed et al. 2020, and 
Jones et al. 2010). As a result, this paper seeks to understand (1) whether the size of spread of invasive plants varies 
by the types of species, and (2) whether time factor predicts their growth differently. More specifically, this study 
explores whether the relationship between time and the size of the spread of invasive species is curvilinear, such that 
spread increases precipitously early on and starts to slow down after some time. The hypothesized nonlinear 
relationship is further probed by using the types of the species as a moderator, such that the nonlinear relationship 
between the time and the size of spread varies by the types of the species. 

2. Literature Review
Previous studies on predicting the spread of invasive plants or determining key factors, either to determine the 
relationship between temperature on growth of invasive plants (Skálová et al. 2015) or to predict future locations of 
invasive plants through analyzing the ecological temperature (Ebeling et al. 2008).  
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Plants spread by dispersing their seeds using everything from fire to animals. Some studies have already measured 
the quantity and quality of seed dispersal by animals in general (Schupp 1993), and others focusing on measuring 
more specific animals such as birds (Gosper et al. 2005). Similarly, studies have been written surrounding the spread 
of invasive plants in relation to fire, specifically fire’s ability to create new habitats (Maringer et al. 2012), which 
further presents another way plants can spread. Invasive species are known to spread in different ways. More 
specifically, some invasive species have particularly aggressive root systems that spread distances from a single 
plant and release chemicals to harm the seeds of other plants (Ens et al. 2008), whereas some other invasive species 
may grow so densely that they smother the species around them (Burke et al. 2011).  
 
Thus, this study aims to support the hypotheses that not only were the variance on the growth of the spread differed 
by the types of the invasive species, but that the time factor was significantly related to the size of the spread as 
evidenced by both linear and nonlinear regression model. While the findings of the linear model initially presented 
in the current paper confirmed the role of time as a significant factor, findings further indicated that a nonlinear 
association significantly better predicts the growth pattern, which is a key contribution of this study to the literature. 
 
3. Methods 
3.1 Project Research 1 
To ensure that the data meet the minimum assumptions of parametric statistics, several tests were performed. First, 
the histograms (Figures 1 and 2) of variables “time” and “spread” were used in order to determine whether or not the 
data was normalized. Then, Skewness statistic and Kurtosis statistic was run on the data to determine if it deviated 
significantly from normal distribution. For a regression model, a multicollinearity issue was inspected using 
Tolerance and VIF (variance inflation factor). 
 
For the project, one-way ANOVA and a multiple regression model were used to understand the factors that 
contribute to the spread of invasive species, and to identify the factors that contribute to where the spread is most 
likely to occur. The programming language R was used for statistical computing and graphics. In particular, the 
packages caret, dplyr, rpart, e1071, tidyverse, kernlab, and splitstackshape were used. 
The dependent variable, the plant spread, will measure the distance between the current plant and the first plant of its 
species recorded. As a result, the total distance that the plant has spread from the time it was first recorded was 
cataloged. 
 
One independent variable was a categorical variable indicating a total of 75 different types of species of invasive 
plants. The one-way ANOVA will determine whether the size of spread varies by different types of species and 
where the differences may be statistically significant. 
The second independent variable is length in time from when each plant was first discovered to the day the current 
plant was cataloged. As a result, the exact time interval since the initial plant was introduced was determined. One-
way ANOVA was utilized to interpret the impact that the different species of plant would have on the distance said 
species spread. 
 
To test whether the time elapsed had an impact on how far the plant spread, a moderated curvilinear regression 
model was performed in a hierarchical fashion. First, a linear regression (the baseline model) was performed 
followed by a nonlinear model in the second step to examine whether a quadratic equation better describes the 
relationship between time and the size of spread. 
 
3.2 Hypotheses 
The present study hypothesizes that the different species of invasive plants impact the spread of invasive plants 
differently. 

  
Hypothesis 1: The types of species of invasive plants impact the spread of invasive plants differently. 
 Furthermore, for a plant to spread, it takes time for the parent plant to grow to completion and for the seeds to 
spread, and can be affected by outside factors such as temperature and the concentration of (Morison et al. 999). 
Given that invasive species require certain time to adjust in a new environment, it can be argued that the size of its 
growth and thus its spread will be more pronounced after several years before starting to make significant impact in 
the surrounding areas (Hastings et al. 2004, and Horgan-Kobelski et al. 2012). Thus, this paper hypothesizes that the 
length in time elapsed will have a nonlinear impact on the spread of invasive plants. 
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Hypothesis 2: The length in time elapsed will have a nonlinear impact on the spread of invasive plants. 
  
Since the size of spread of invasive species may differ depending on the type of the species (Coutts et al. 2010), the 
nonlinear regression model is further probed by exploring the role of the types of the invasive species as the 
moderator. Thus, the following hypothesis is tested: 

  
Hypothesis 3: The nonlinear relationship between the length in time elapsed and the spread of invasive 

       plants will be moderated by the type of species of the invasive plants. 
 

3.3 Data Collection 1 
The CABI Africa Invasive and Alien Species dataset was used, which holds over 77,00 records of over 70 invasive 
alien species from Ethiopia to Uganda. The data were originally collected by a group of researchers from the 
University of Chicago through roadside surveys over the course of fieldwork trips over a 43-year period from 1974 
to 2017, leading to a total of 77,075 observations of invasive plants which they wrote a study about (Witt et al. 
2018). The dataset was first sorted into subsets based upon the species of plant, to group plants of the same species 
together. Afterwards, the subsets were further sorted by the date the plant was first discovered. 
 
4. Data and Statistical Analyses 
 
4.1 Data Presentation 

 

Table 1. Description of Independent Variables 

Variable Destruction Type 

verbatimScientificName The species of the plant Character 

EventDate The date the plant was discovered 
and cataloged, which will be used 

to determine TimeElapsed 

Character 

decimalLatitude The coordinate latitude of the plant 
in decimals, which will be used to 

determine DistanceSpread 

Float 

decimalLongitude The coordinate longitude of the 
plant in decimals, which will be 

used to determine DistanceSpread 

Float 
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TimeElapsed The length in time between the 
current plant and the first cataloged 

plant of its species 

Integer 

 Descriptive statistics of the variable are presented in Table 2. 

 Table 2. Description of Independent Variables 

Variable Mean Median Range Standard Deviation 

DistanceSpread 13.312 13.360 34.820 7.037 

TimeElapsed 2090 1974 7764 1184.808 

  

Due to its nature as a categorical variable, the frequency of verbatim Scientific Name is shown in Table 3. 

 Table 3. Frequency Reporting of Invasive Plants by Type 

Name Number Percent (%) 

Agave sisalana N = 1608 6.169% 

Azadirachta indica N = 1393 5.344% 

Calotropis procera N = 1035 3.971% 

Cascabela thevetia N = 1821 6.986% 

Datura stramonium N = 1001 3.840% 

Euphorbia tirucalli N = 1139 4.370% 

Grevillea robusta N = 1460 5.601% 

Jacaranda mimosifolia N = 1004 3.852% 

Lantana camara N = 3330 12.775% 
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Leucaena leucocephala N = 1559 5.981% 

Parthenium hysterophorus N = 1178 4.519% 

Psidium guajava N = 927 3.556% 

Ricinus communis N = 1962 7.527% 

Senna didymobotrya N = 902 3.460% 

Senna occidentalis N = 1100 4.220% 

Senna siamea N = 2250 8.632% 

Senna spectabilis N = 953 3.656% 

Tithonia diversifolia N = 1443 5.536% 

Agave sisalana N = 1608 6.169% 

Azadirachta indica N = 1393 5.344% 

Calotropis procera N = 1035 3.971% 

Cascabela thevetia N = 1821 6.986% 

Datura stramonium N = 1001 3.840% 

Euphorbia tirucalli N = 1139 4.370% 

Grevillea robusta N = 1460 5.601% 

Jacaranda mimosifolia N = 1004 3.852% 

Lantana camara N = 3330 12.775% 

Leucaena leucocephala N = 1559 5.981% 
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Parthenium hysterophorus N = 1178 4.519% 

Psidium guajava N = 927 3.556% 

Ricinus communis N = 1962 7.527% 

Senna didymobotrya N = 902 3.460% 

Senna occidentalis N = 1100 4.220% 

Senna siamea N = 2250 8.632% 

Senna spectabilis N = 953 3.656% 

Tithonia diversifolia N = 1443 5.536% 

4.2 First Statistical Tool 
One-way ANOVA is most often used to determine if scores of the outcome variable differ significantly between 
three or more groups. 

 Table 4. One Way ANOVA Results 

Variable DF Sum Sq Mean Sq F Value Pr(>F) 

verbatimScientificName 18 527406 29300 999.9 p<0.001 

Residuals 26048 763275 29 

The one-way ANOVA result showed that the size of spread significantly differs by the types of invasive plants (p 
< .001). Thus, there is significant evidence that different species of invasive plants have different methods of spread, 
with some spreading faster than others. Post hoc analysis was performed to identify where the differences in the size 
of spread were statistically significant. The size of spread appears to differ significantly between most of the 
comparisons. There were several exceptions. For example, The size of spread was not significantly different 
between Azadirachta indica and Calotropis procera (p = .699) and between Cascabela thevetia and Senna siamea (p 
= .997). 

4.3 Second Statistical Tool (see section 3.2) 
To test whether the time elapsed had an impact on how far the plant spread, a moderated curvilinear regression 
model was performed in a hierarchical fashion. First, a linear regression (the baseline model) was performed 
followed by a nonlinear model in the second step to examine whether a quadratic equation better describes the 
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relationship between time and the size of spread. The result of the baseline model (see below) showed that Time 
Elapsed was a significant predictor. 

However, after running the nonlinear regression and moderated nonlinear regression, it was determined that the 
quadratic regression model was more accurate. Thus, it appears that invasive plants spread much faster over time, 
possibly due in part to having more plants to spread. 

 
 

Table 5. Results of Hierarchical Regression Analysis 
 

Dependent Variable  Adjusted 

Step 1: Distance spread 0.1555 0.1555 

Step 2: Distance spread squared 0.1689 0.1688 

  

Due to the significant positive correlation between TimeElapsed and DistanceSpread, it can be interpreted that the 
distance an invasive plant species spreads increases as the length in time increases. Table 6 shows the size of the 
coefficient (b = .0023), which indicates that one-day growth is associated with .0023 kilometers. 

Due to the significant positive correlation between TimeElapsed and DistanceSpread, it can be interpreted that the 
distance an invasive plant species spreads increases as the length in time increases. Table 6 shows the size of the 
coefficient (b = .0023), which indicates that one-day growth is associated with .0023 kilometers. 
 
After analyzing the data, both the one-way ANOVA test and the quadratic regression model showed significant 
relationship between the variables. The type of invasive plant and the time the invasive plant’s species has had to 
spread were both determined to be significant predictors on how far it will spread. Additionally, the quadratic 
regression model proved to be far more accurate in determining the relationship between the time elapsed and the 
spread of the invasive plant than the linear model. 
 
The significance of both of the independent variables makes sense and supports the hypothesis. For the first, as 
different plants spread in different ways, different invasive plants would spread differently. Also, the more time a 
plant species has had to spread, the more plants would be able to spread further seeds of their species. While the 
quadratic regression model proved to be more accurate in determining the relationship between the time elapsed and 
the spread than the linear regression model, it lent credence to the theory that more invasive plants would continue 
to spread more seeds, increasing their spread exponentially. 
 
5. Conclusions  
This paper examined whether the type of the invasive plants and time factor controlled their growth behavior, using 
one-way ANOVA, linear regression, and moderated nonlinear regression. Via each technique, the paper was able to 
determine the relationship and the strength between the type of plant and time their species has had to spread to the 
distance they have spread. The paper determined that there is strong proof that the type of plant and the time elapsed 
factors into how far the invasive plant has spread, along with the fact that a nonlinear quadratic regression model 
more accurately represents the relationship between time elapsed and the distance the invasive plant spreads. 

6. Future Research 
Through the findings, the paper not only determined whether or not different types of invasive plants and the time 
they have had to spread impact the distance spread, but it also determined the extent to which each time factor 
impacts the distance spread. Using this information, the most invasive plants, or the ones that spread the farthest 
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fastest, are able to be determined, creating profiles for highly invasive plants which may become potential threats in 
the future. Future work could, knowing the independent variables and their relation to the spread of invasive plants, 
seek to predict location at risk of invasive plants. Additionally, broader datasets from across the world could also be 
used to determine where invasive plants are likely to spread.  
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