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The vast colonisation of some wetlands by Cyclosorus afer in Lafia, Nigeria has been a serious 

concern to ecologists and indigenous dwellers. In this study, we used the Maximum Entropy 

(Maxent) modelling technique to predict the habitat suitability of this fern in Lafia, Nigeria. We 

obtained the presence data of this fern in three already invaded wetlands of size 500 x 500m2 each 

using multiple 200m transect. Bioclimatic and elevation variables which were obtained from 

different databases were imputed into the model as predictor variables of C. afer. After that, the 

Maxent model was run with 70% of the presence data as training and 30% as test data. Our model 

result revealed that the area under the curve for receiver operating characteristics of training is 

0.847 while and test data is 0.970. The model’s sensitivity was observed to be 100%. The model 

was assessed based on a jackknife test of individual contributions of each predictor variable to the 

model. Therefore, the environmental predictors of the occurrence of C. afer in this study area 

include precipitation seasonality, Precipitation of driest quarter, precipitation of coldest quarter 

and elevation. This model could be described as accurate, and the occurrence of C. afer in Lafia, 

Nigeria, is influenced by limiting environmental factors. 
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I. INTRODUCTION 
 

The pattern of successful invasions of invasive plants has 

always been by occupying new geographical locations, 

geometrical growth increase, rapid spread, eventually 

posing threats to the native biodiversity and economy of 

the areas invaded (Galil et al., 2015; Coll et al., 2010; Galil, 

2008). This is why monitoring and predicting the habitats 

suitable for their spread is very important to ecologists 

(Coro et al., 2018). Apart from the prediction of habitat 

suitability, concerted efforts towards assessments of their 

potential negative environmental effects and control 

measures are highly recommended (Hulme, 2006). Usually, 

complete eradication of already established invasive plants 

has proved to be impossible (Myers et al., 2000). Thus, 

early detection and prevention of introduction, spread and 

future establishments of potentially invasive plants are the 

most effective ways of salvaging the environment from the 

menace of plant invasion (Leung et al., 2002). Over the 

years, the use of ecological niche models (ENMs) or species 

distribution models (SDMs) in predicting invasive species 

distributions has generated a lot of interests among 

ecologists, particularly using different techniques in 

establishing habitats suitability differences between the 
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native and invaded regions of invasive plants (Guisan et 

al., 2014; Leidenberger et al., 2015; Peterson, 2003).  

The influence of climate change on the distribution of 

invasive species has been a widely used approach in most 

ENMs (Thuiller et al., 2005; Sax et al., 2007). These 

models usually integrate the relationship between species 

occurrence data and a lot of environmental factors known 

as predictors to simulate the distribution of invasive 

species which can be extrapolated into a particular 

geographical area (Mellin et al., 2016; Carlos-Júnior et al., 

2015; Coro et al., 2018). Most commonly used ENMs can 

be categorised into the statistical model (Bidegain et al., 

2015; Ficetola et al., 2007), machine learning model 

(Peterson and Robins, 2003) and envelope-based model 

(Jeschke and Strayer, 2008). One of the most commonly 

used presence-only ENMs is the maximum entropy 

(MAXENT) machine learning model (West et al., 2016; 

Ficetola et al., 2007). Most introduced plant species do 

tend to become invasive after a few years of introduction 

into new geographical locations. This is as a result of the 

prolonged lag phase which may make it difficult for their 

invasiveness to be detected earlier, hence the need for 

periodic assessments of these introduced plants (Crooks et 

al., 1999).  

Predictions of the ecological factors influencing the 

establishments of potentially invasive plants which are a 

function of the climatic similarities between native and 

invaded communities are very important in preventing 

their future spread and establishments (Thuiller et al., 

2005; Richardson and Thuiller, 2007; Welk et al., 2002). 

Modelling the climatic niches of invasive plants using their 

native occurrence data and projecting their spread on a 

larger scale in order to determine areas with a higher 

probability of occurrence has been made easier with the 

recently developed modelling approaches (Thuiller et al., 

2005). Apart from climatic factors, other factors, especially 

biotic interactions of species, contribute to understanding 

the mechanisms behind invasion success of many plants 

(Stohlgren and Schnase, 2006). Therefore, in this study, 

we aimed at predicting the habitat suitability of a wetland 

fern Cyclosorus afer (Christ) Ching, also known as 

Pneumatopteris afra (Christ) Holttum in Lafia, Nigeria, 

using Maximum Entropy (Maxent) as the species 

distribution model. This fern has displayed its invasive 

potential in many wetlands in Lafia, Nigeria, by forming 

large covering and disrupting the flow of water (Akomolafe 

et al., 2017). 

 

II. MATERIALS AND METHODS 
 

A. Study Area and Sampling 
Technique 

 

The study was carried out at Lafia, Nigeria. Lafia lies 

between latitude 8o25’40oN to 8o34’15oN and longitude 

8o24’25oE to 8o39’19oE of North Central Nigeria. Rainy 

season in Lafia is usually between May to September and 

dry season occurs from October to April of the next year. 

The predominant vegetation in Lafia includes woody shrubs, 

grasses and few trees which could be described as Southern 

Guinea Savannah. Lafia is known for farming activities, and 

some of the crops cultivated include cereals, vegetables, 

tubers and economical tree (Akomolafe et al., 2018). Very 

little has been known about the threats of invasive plants in 

Lafia. Invasive plants such as Chromolaena odorata, Sida 

acuta and Tithonia diversifolia are only found by the 

roadsides. We chose three invaded wetlands in Lafia, 

Nigeria, as sampling sites. These wetlands have been heavily 

colonised by C. afer, thereby forming homogeneous colonies. 

500m x 500m plot was demarcated in each site for the study. 

A minimum distance of 1000m was maintained between 

each site. 

 

B. Spatial data mapping and 
Distribution Modelling 

 

1. Presence data 
 

The local presence data of C. afer in the three sites were 

taken on the field by marking the spatial reference points 

using a GPS device (Garmin Etrext 10). This was done when 

the biomass of C. afer has reached the peak of growth in all 

the sites. We maintained a minimum distance of 20m 

between each reference point of C. afer along 200m transect 

at each site. A total of 95 presence spatial reference points 

were documented in all the study sites. 
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2. Environmental variables used for 
the model 

 

Bioclimatic and elevation variables were input into the 

model as environmental variables. These variables have 

been reported to influence the productivity of plant species 

(Lennon et al., 2000). Out of 19 bioclimatic variables, we 

selected 5 through multicollinearity test of linear regression 

model using IBM SPSS 24 (Table 1). These variables were 

also chosen based on their importance in the species 

ecology. Bioclimatic and elevation variables were taken 

from the WorldClim Version 2.0 dataset (Hijmans et al., 

2017). Global digital elevation model was obtained at USGS 

Earth Explorer. All these variables were extracted 

individually by superposing them on Lafia boundary map 

using ArcMap 10.2.1 tools. These together with the species 

presence data were converted into ASCII format for input 

into the Maxent model, making sure they have a similar 

geographical boundary, processing extent and cell size. 

 

3. Species distribution modelling 
 

We used a maximum entropy (Maxent) model to predict the 

habitat suitability and distribution of C. afer in Lafia, 

Nigeria. Maxent model has been tested and reported to be a 

reliable model that utilises few occurrence data (Phillips et 

al., 2006; Wisz et al., 2008; Guisan et al., 2007). Maxent 

can predict species niche by determining the probability 

distributions closest to uniform (maximum entropy) from 

the pool of species occurrence data and environmental 

variables (Phillips et al., 2006). Maxent 3.4.1 software was 

used to actualise this. The species presence data were 

divided into training and test proportions. We used 30% of 

it as test data, while the remaining 70% was used as training 

data. The environmental variables were loaded into the 

model as ASCII file type. 

 

4. Assessment of individual 
variables contributions 

 

The contribution of an individual environmental variable to 

the model was assessed using the Jackknife test in the 

Maxent software. The Jackknife test sequentially isolated 

each variable out of the model and produced a model using 

other variables. It also produced a model using only the 

isolated variable alone. 

 

Evaluation of the Model 

The area under the curve (AUC) of the Receiver Operating 

Characteristics (ROC) curve plotted by the Maxent model 

was used to evaluate the model. Also, the sensitivity of 

occurrence points was determined (Anderson et al., 2003). 

 

𝐼 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑝𝑜𝑖𝑛𝑡𝑠

𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑝𝑟𝑒𝑠𝑒𝑛𝑠𝑒 𝑝𝑜𝑖𝑛𝑡𝑠
× 100 

 

III. RESULTS  
 

Figure 1 shows the omission/commission rate, which gives 

an overview of predicted areas invaded by C. afer. Both 

omission and predicted areas are products of a threshold 

dependent binomial test representing areas suitable or not 

suitable for C. afer. For both training and test data, the 

omission rate is 0. Maxent prediction as compared with 

random prediction is revealed by the receiver operating 

characteristics (ROC) curve, whereby the area under the 

curve (AUC) for training and test data are 0.847 and 0.970, 

respectively. The AUC for random prediction is 0.5 (Figure 

2).  

The Maxent model showed that all the local presence 

points of C. afer are found within the predicted areas of high 

probability (Figure 3). Considering this model, areas with 

higher predictions are represented by warmer colours, 

training data are represented by white dots, and test data 

are denoted by violet dots. This Maxent model has 100% 

sensitivity for the occurrence of C. afer since the predicted 

and observed points are the same. The predicted spatial 

extent of C. afer in Lafia, Nigeria, is between 8o21ꞌ0 ꞌꞌ – 

8o55ꞌ0ꞌꞌ N and 8o5ꞌ0ꞌꞌ - 8o55ꞌ0ꞌꞌ E. The total area predicted was 

found to be 1784.07Km2 (Figure 4). 

The predictor variable that showed the highest gain when 

isolated is bio17, i.e. precipitation of driest quarter, which 

has the most useful information by itself. The predictor 

variable that decreases the gain the most when it is omitted 

is elevation (Figure 5a and b). The precipitation of the 

warmest quarter (bio18) is the only variable which did not 

produce any gain. Therefore, the most important predictor 
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variables of C. afer distribution in Lafia whose AUC values 

are greater than 0.5 include precipitation seasonality 

(bio15), Precipitation of the driest quarter (bio17), 

precipitation of coldest quarter (bio19) and elevation (Figure 

5c). 

 

 

 

Figure 1. The Omission and predicted area 

 

 

Figure 2. The Receiver operating characteristics (ROC) curve of the training and test data 
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Figure 3. The Maxent model of C. afer distribution in Lafia, Nigeria. 

 

 

Figure 4. The species distribution probability map of C. afer in Lafia, Nigeria 
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(a) 

 

(b) 

 

(c) 

 

Figure 5. Jackknife plot for (a) training gain (b) test gain (c) AUC of C. afer 
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Table 1: Environmental variables used in the model 

S/N Code Description 

1 Elevation Elevation 

2 Bio1 Annual mean temperature 

3 
Bio15 Precipitation seasonality 

(Coefficient of Variation) 

4 Bio17 Precipitation of driest quarter 

5 Bio18 Precipitation of warmest quarter 

6 Bio19 Precipitation of coldest quarter 

 

 

IV. DISCUSSION 
 

The prediction of habitat suitability of C. afer in this study 

was based primarily on the influence of bioclimatic factors 

which usually play significant roles in species 

establishments (Woodward et al., 2004; Welk et al., 2002; 

Roura-Pascual et al., 2004). Although, some other factors 

such as biotic interactions, disturbances and soil factors are 

also key determinants of species distributions (Willis and 

Whittaker, 2002). The impact of climatic factors on the 

distribution of invasive plants is such that these plants can 

only be established in areas with no climatic barriers to their 

growth and reproduction (Scott and Panetta, 1993). Our 

Maxent model predictions performed better than random 

prediction due to the higher area under the curve (AUC) of 

both training and test data as compared with random.  

Invariably, this is an indication of higher accuracy and 

sensitivity of the Maxent model (Anderson et al., 2003) and 

this also means that C. afer exhibited a high tolerance to 

environmental factors (Thuiller et al., 2005). The predicted 

geographical extent of spread of C. afer which is almost half 

of the total land cover in Lafia is worrisome and should be a 

thing of concern to environmentalists as it has implications 

for future loss of biodiversity in the area.  

The positive relationship established by the occurrence of 

C. afer and precipitation of the driest quarter in this model 

means that areas in Lafia with high precipitations during the 

driest three months of the year (January – March) will have 

a high probability of occurrence of C. afer. On the contrary, 

from our model, C. afer exhibited a negative relationship 

with precipitation of coldest quarter, precipitation 

seasonality and elevation. This shows that areas with a low 

amount of precipitation in the coldest three months of the 

year, low precipitation seasonality and low elevation will 

have a high probability of occurrence of C. afer. All these 

predictors can be described as limiting environmental 

factors determining the occurrence and distribution of C. 

afer in the study area (Austin, 2007).  

 

V. CONCLUSION 
 

In comparison with random predictions, our Maxent model 

is more accurate. Occurrence and distribution of C. afer in 

Lafia, Nigeria is influenced by limiting environmental 

factors. Areas in Lafia having similar environmental ranges 

are more prone to the risk of C. afer invasion in the future. 

This, therefore, means that government and ecologists 

should devise proper means of curbing the further spread of 

this plant on wetlands in Lafia, Nigeria. 
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