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Abstract

In Europe there are records of wolves having continuous conflict with human
dominated landscapes. Being apex predators, wolves are at the top of the food chain
and rely on many types of prey in the surrounding areas for survival. This leads to
them roaming in landscapes that are populated by humans, like homes, roads, and even
recreational places and create conflict from their predation on the local livestock or
pets. There were 447 incidents conflict between wolves and humans and as a control,
that number was repeated to mark random non-conflict areas for comparison. There
are eleven variables that were selected to model the human-wolf conflicts and they
were ran through different formulas to produce any correlation or estimates in conflict
and non-conflict areas. In particular, we test differences and association between
variables as well as run a generalized linear model to predict any possible outcomes.
We also looked measured the independent and dependent influence of the covariates

and if they were associated positively or negatively during the data explorations
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INTRODUCTION

The conflict between wolves and human landscapes were not due to a single variable. To explore
the activity in the conflict and non-conflict areas, a data exploration was done on the eleven
variables (Table 1). The data exploration of the environmental, landscape, and anthropogenic
variables is a vital process before creating statistical models in order to identify potential
problems. A six-step data exploration protocol (Zuur et al 2010) was adopted before moving on
to conducting any tests or models with the data. The protocol will identify the variables outliers,
normality, homogeneity, and/or collinearity. Predation of livestock was a big factor that led the
wolves onto to landscapes, so we tested if there was any correlation between the changes in
livestock density in the areas of conflict and how it compared to any of the random selected areas
of non-conflict. Testing the differences between the two groups of conflict and non-conflict can
be further developed to test association between two continuous variables. This can lead to
testing for the correlation between variables to be tested instead and if they have a positive or
negative relationship. For example, when determining the relationship between the livestock
density and the forest density we can find some correlation between them that could answer if
forest density inadvertently influenced conflict as well. Once relationships between the variables
is determined prediction of possible outcomes is possible with a statistical tool that can model

presence and absence of data.



METHODS

In conservation, we continuously analyze the given data to compare variables and even make
predictions. As mentioned before, a data exploration is vital to statistical analysis and can
identify potential problems before statistical tools are used to make more models. We inspect the

given data for any missing variables or data. Once
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(Plot 1). A boxplot shows the range of data as well as the outliers represented by the dots. A
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below the mean a Grubbs test is ran and most of the
variables ran had an outlier with the highest value. Notice of the values of outliers is noted in
case they influence any further analysis. When finding normality and homogeneity, it’s
important to note the assumption that the depend on variables are normally distributed and have
equal error variances. When comparing two groups its assumed the response variable is normally
distributed and the variance of the two groups is similar. A histogram can inspect he response

variable and can show a positive or negative skew (Figure 3). When we do this test for livestock
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either a P value of 0.001 or 0.05 and departure from normality make the data non-normal.
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it does not assume normality to
begin with. As we continue to compare two groups, because the data is non-normal according to
normality a Wilcoxon Test is ran for comparison and can answer the question whether to reject
or accept the null hypothesis. Those tests are common for comparing two groups, but when more
than two variables are to be tested collinearity or multicollinearity can also play a role.
Multicollinearity among the covariates is not uncommon or unusual when collecting
conservation variables. The easiest way to test for correlation is a correlation matrix with pair

plots that will show which variables have higher or lower correlation (Figure 5). It displays what



two covariates have strong collinearity and due to collinearity, a covariate can be dropped for the
final model.

The decision to drop one variable is passed on what your final model wants to test. When trying
to predict the probability of conflict, dropping variables that are collinear will help fit the best
model of probability. When some variables are able to be dropped, you can inspect their
interactions between each other. An xyplot can test the relationship among dependent and
independent variables and the differences can suggest any interaction between them. To get a

clear model that could predict the probability of conflict, a model fitting needs to be crated. A

(D p—
o]
Bernoulli Generalized Linear o
O g
©
Model (GLM) can help with =
2~ -
dealing with data that can have §
c o —
two possible outcome or in this g
g o
case predict probability of o
‘q' —]
conflict. The models are fitted as I I I I I I
0.0 02 04 06 08 1.0
a separate Bern and an AIC score
. Fitted values
is compared between each Bern Figure 6 Fitted model 1

to the original Bern of variables to see which covariates make the best fitted model of data for
prediction. This final model can be fitted to assess homogeneity of variance and ideally the
residuals would want to be around zero (Figure 6). To go further into model validation, running
model misfits can happen for variable not included in the model or if covariates are missing.
Outliers seen in model misfits form variables not influenced can further support the decision to
keep them out of the final model. Last step in the model validation is ensuring that there are no

influential observations. This was tested with the Cook’s distance for the final Bern. With no



evidence of an influential observation of the model, it can be concluded there are no further

outliers.

RESULTS AND DISCUSSION

The first question we tackled was testing the difference in livestock density between areas with
and without conflict. In conservation comparing the variable of interest between groups is
frequent, and before ultimately trying to predict probability in the future we first had to analyze
the areas of conflict. Livestock density had an outlier as seen with a boxplot and its open circles
and a Grubbs test that indicated the outlier had the highest value. This value can impact the data

set, and further investigation can be seen as we move onto normality and homogeneity of the

dependent variable. We start with a frequency polygon plot that shows the livestock density is

positively skewed to the right, which could mean a deviation from normality. A histogram also
shows the same result as the polygon plot with a positive skew. With a positive skew and a
previous outlier then we continue with the analyses knowing that there is a deviation from
normality. We further moved on to the Shapiro-Wilk test that shows that the livestock density
departs form the normality o f P< 0.001 making the data non-normal as suspected. The
leveneTest also showed the deviation of from homogeneity (P>0.001) with a value of 1.384¢™!!",
Collinearity was not needed in this case, but we did run boxplot to compare the areas with
conflict and areas without conflict and any outliers present. Out of the eleven variables present

we decide to compare livestock density with forest density. The reason being that the



environment around the livestock and the wolves can greatly influence their impact their
movements and predation. These are considered two continuous variables that can be associated
positively or negatively and if the association even exist to begin with and how strong that
association can be. This is where correlation between livestock density and forest density is
investigated. Livestock density outliers were identified previously so forest density was tested to
show any outliers and the boxplot gave visual points of potential outliers. Opposite of livestock
density the outlier in forest density had the lowest value of 91. The frequency polygon plot as
well as the histogram showed that it had a negative skew and with the added Shapiro test it also
showed deviation from normality making the data non-normal. Though collinearity is not need
when comparing two groups, it was still ran to visually confirm how collinear they are, before
moving on to the relationships between the two variables. A scatterplot was tested and did
suggest that there was a strong association between the two, confirming that there was
correlation between livestock density and forest density.

Though we only tested for correlation between two variables, we still wanted to know if more
variables had any correlation and if they were able to answer if the probability of conflict was
able to be predicted. The Bernoulli GLM was the statistical tool used to predict this and each
variable was put in a dot plot to show if any outliers can be seen visually. There were no obvious
outliers seen in the data, but a multicollinearity was the next step to see further relationship
between all the variables. The multicollinearity showed that there was a strong collinear
relationship between livestock density and distance forests and collinearity between elevation
and distance urban. It was decided to retain distance forest and distance urban because of their
potential role in conflict. Livestock density since it was explored previously already and how it

influence conflict and non-conflict areas and elevation did not seem to have any influence on the



data. An xyplot was still used for all of the variables just to see any interactions between the
covariates and there are some differences that that could invalidate each variables independence
from each other. As we move on to fitting a model this is when Bernoulli GLM comes in and we
create the Bern that we compare using AIC to find the best fitted models. The comparisons led to
dropping Terrain ruggedness, Aspect, and Forest density as they yielded a lower AIC. The final
Bern was a better fitted model than the first Bern and was used for the model validation. The
homogeneity of variance showed the fitted model had consistent residuals around zero and the
model misfits of the covariates did not show serious concerns. Final inspection was running the
Cook’s distance to find any influential observations, but there was no evidence of them. It’s
concluded that there is a difference in livestock density in conflict areas and non-conflict areas,
with the density higher in the areas of conflict and when livestock density is compared to forest
density, they show a strong correlation in these areas. Prediction of conflict is possible when
comparing the remaining variables and their correlation. In the end only six variables had a

significant impact on the probability on conflict.
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