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Abstract 

 
Bullying affects thousands of students across the United States (US) each year, which can lead to mental health 

problems, and in some cases suicide. Intuitively, rates of bullying and suicide may be correlated, and this relationship 

may change based on region. Thus, a spatial analysis of bullying and suicide rates could help identify regions where 

more attention is needed to prevent both bullying and suicide. As such, we develop a non-Gaussian multivariate spatial 

model to analyze bullying and suicide rates in the US. This model incorporates the right-skewed nature of bullying 

and suicide rates, and leverages multivariate spatial dependence to improve spatial predictions. We apply our statistical 

model to data obtained from the Centers for Disease Control and Prevention’s (CDC) Youth Risk Behavior 

Surveillance System (YRBSS). In particular, we consider YRBSS estimates of attempted suicide and (self-reported) 

bullying rates (per 100 thousand) over the 48 contiguous states. Our model provides accurate spatial predictions for 

suicide and bullying rates, while providing spatial prediction variances. These results indicate regions that have higher 

rates of bullying and suicide, which can have implications on policy decisions. 
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1. Introduction 
 
Bullying impacts thousands of students across the United States (US) each year, and leads to lower self-esteem, higher 

prevalence of mental health issues, and cases of suicide6, 9. In fact, in 2013 19.6% of high school-aged youths have 

been bullied on school property (based on data from the Centers for Disease Control and Prevention (CDC)), and 

suicide is the third leading cause of death among 12 to 19 year olds8. Each of these studies provide global 

measurements (i.e., percent over the entire US), but the (US) regional patterns have been given less attention in the 

literature. Intuitively, rates of bullying and suicide may be correlated, and this relationship may change based on region 

due to cultural factors6,13. 

   A spatial analysis of bullying and suicide rates could help identify regions where more attention is needed to prevent 

both bullying and suicide, or regions with particularly low rates that may have policies worth studying and 

implementing (e.g., see American Foundation for Suicide Prevention, 2015, for current policies on bullying and 

suicide prevention). To learn about this relationship, we apply a Bayesian model to 2013 data obtained from the CDC’s 

Youth Risk Behavior Surveillance System (YRBSS). Within the dataset of interest, we look at the estimated percent 

of self-reported bullying on school property and the estimated percent of attempted suicide over the 48 contiguous 

states among high school-aged youths. We chose to model attempted suicide in this study as opposed to other YRBSS 

suicide-related variables (e.g., successful suicide, seriously considered attempting suicide, felt sad or hopeless) 

because the population is larger and, thus, more straightforward to model2. Furthermore, those who attempted suicide 

are likely to attempt again9, and any regional patterns learned in this study may help with prevention measures. As 
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seen in Figure 1, each set of estimates is incomplete, which makes spatial patterns difficult to discern and the sets 

difficult to compare. 

     This leads us to our primary inferential questions: 

1. Is there a relationship between state-level percent bullying and state-level percent attempted suicide? 

2. Are there any spatial patterns present in this dataset? 

3. What are the proportions of attempted suicide and bullying at states where YRBSS does not release 

estimates? 

 

   In this article, we use spatial statistics to answer each of these important inferential questions. In particular, we adopt 

a hierarchical modeling approach that is commonly used for spatial data5. 

    In Section 2, we present an exploratory analysis where we will investigate the distributional properties of the percent 

attempted suicide and percent bullying, statistics measuring the linear and spatial relationships, and summaries 

identifying cross-correlations between bullying and suicide. We answer Item 1 above by investigating linear 

relationships between state-level bullying and attempted suicide rates. Then, we answer Item 2 using adjacency 

matrices and the Geary C statistic. In Section 3, we present our Bayesian hierarchical model, which we will use to 

predict the proportions of bullying and attempted suicide at states where YRBSS does not release estimates. Finally, 

in Section 4, we will provide results that answer Items 2 and 3 above, and discuss their implications and limitations. 

 

 

Figure 1: The original percent of attempted suicide (top) and bullying (bottom) among the 48 contiguous states, as 

provided by YRBSS.  Note that white states constitute states with no data released. 

 

 

2. Exploratory Analysis of YRBSS Estimates of the Percent Reported Bullying and 

Attempted Suicide 
 

The goal of our study is to apply a Bayesian algorithm to the 2013 YRBSS data (displayed in Figure 1) to address 

Items 1 through 3 in the list from Section 1. To build this Bayesian model, in a manner that is appropriate for this data, 

we undertook an extensive exploratory analysis, which we layout in this section. In particular, we set out to determine 

the distributional properties of the YRBSS data, and the “strength” of the spatial dependencies within, and multivariate 

dependencies between the percent self-reported bullying and attempted suicide datasets. 

   To investigate the distributional properties of the proportion of self-reported bullying and attempted suicide, we 

consider transformations of the data presented in Figure 1. Specifically, let j = 1 and j = 2 indicate self-reported 
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bullying and attempted suicide, respectively. Also, let p1,j, …, pn(j),j represent the observed sample proportions for 

variable j, where j = 1, 2 , and n(1) = 41 and n(2) = 38 indicates the number of observed spatial locations for each 

variable. Then, one might consider the logit transformation:  

 

 

𝑧𝑖,𝑗 ≡ logit(𝑝𝑖,𝑗) ≡ 𝑙𝑜𝑔 (
𝑝𝑖,𝑗

1 − 𝑝𝑖,𝑗

) ; 𝑗 = 1,2, 𝑖 = 1, … , 𝑛(𝑗). 
(1) 

 

 

In Figure 2, we provide normal QQ-plots for {zi,1} and {zi,2}, in the left and right panels, respectively.  The use of the 

logit-normal distribution has been successfully used by Mead (1965), and, from Figure 2, appears to be a reasonable 

assumption for 2013 state-level YRBSS estimates of the percent self-reported bullying and attempted suicide. 

 

 

Figure 2: QQ-plots for the logit transformation of percent bullying (left) and percent attempted suicide (right) where 

it is reasonable to assume that the transformation is normal. Notice that the (logit) transformed data, in each panel, 

closely follows the 45° line, indicating that the normality assumption appears reasonable. 

 

   With the assumption of the logit-normal distribution supported, one can use simple linear regression to explore 

whether the bullying and attempted suicide datasets have a relationship. The fitted linear regression between logit-

suicide (response) and logit-bullying (explanatory variable) is written as, 

 

 

𝑧𝑖,2 =  0.09𝑧𝑖,1 −  2.25. (2) 

 

 

Table 1: ANOVA table results for the simple linear regression between attempted suicide and bullying. 

 DF SSE MSE F-value p-value 

Logit Percent Bullied 1 0.00784 0.00784 0.1225 0.7283 

Error 36 2.30348 0.06399 —  

Total 37 2.31132 —   
 

 

The ANOVA results associated with this simple linear regression are given in Table 1, and suggest there is not enough 

evidence to claim a direct linear relationship between bullying and attempted suicide (p-value = 0.73 > 0.05). 
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Furthermore, the correlation coefficient is equal to 0.03, suggesting a weak correlation. The slope of the regression 

model is positive (i.e., 0.09 > 0), which reflects the intuition that an increase in bullying implies an increase in 

attempted suicide; however, the results in Table 1 show that this relationship is not significant. 

   We end this section by testing whether state-level bullying or state-level attempted suicide have spatial patterns 

within their datasets. To do this, we create an adjacency matrix, which we denote W. For our application, W is a 48-

dimensional symmetric matrix, where the (i, j)-th element, denoted as wi,j, is set equal to 1 if state i is considered close 

to state j; i, j = 1, …, 48. If state i is not considered close to state j, wi,j is set equal to zero. For example, if state i is a 

nearest neighbor of state j then wi,j = 1 and 0 otherwise (one could also allow for general k-nearest neighbors if desired). 

  This 48 × 48 adjacency matrix W is put to use in a myriad of ways throughout spatial statistics5, but here we will use 

it in the Geary C statistic. The Geary C statistic is a measure of spatial association, and it is given by3, 

 

 

𝐶 =
(𝑛 − 1) ∑ ∑ 𝑤𝑖,𝑗(𝑧𝑘,𝑖 − 𝑧𝑘,𝑗)

2
𝑗𝑖

2(∑ 𝑤𝑖,𝑗𝑖≠𝑗 ) ∑ (𝑧𝑘,𝑖 − 𝑧�̅�)
2

𝑖

; 𝑘 = 1,2, 
(3) 

 

 

where 𝑧�̅� is the sample average of {zk,j : j  = 1, …, n(k)}. The Geary C statistic is asymptomatically normal with mean 

1, under the assumption that the underlying values of {zk,j : j  = 1, …, n(k)} are i.i.d. (Banerjee et al., 2015). In Table 

2, we give the Geary C statistic, its asymptomatic variance, and the corresponding p-value. Here, we see that there is 

evidence to claim that there is spatial information in the bullying dataset (p-value = 0.0034 < 0.05); however, there is 

not enough evidence to claim that there is spatial information in the attempted suicide dataset (p-value = 0.1223 > 

0.05).  

 

Table 2: Geary C statistics for logit percent bullying and logit percent attempted suicide, with asymptomatic variances 

and p-values. 

 

 

 Geary C Variance p-value 

Logit Percent Bullied 0.6473 0.0169 0.0034 

Logit Attempted Suicide 0.8515 0.0163 0.1223 
 

 

 

3. The Bayesian Hierarchical Model 
 
To predict the proportion of bullying and attempted suicide for states that did not provide data, we build a Bayesian 

hierarchical model. Such a model will allow us to account for all of the uncertainty in the underlying processes (i.e., 

the true value of bullying and attempted suicide) and the uncertainties of parameters within our model. 

 The results from Section 2 lead naturally to the following Bayesian hierarchical model: 

 

 

𝑧𝑖,1 =  𝜇1 +  𝜀𝑖,1; 𝑖 = 1, … , 41, (4) 

 

 

𝑧𝑗,2 = 𝑌𝑗 + 𝜀𝑗,2; 𝑗 = 1, … 38, (5) 

 

 

where random variables {zi,1} and {zj,2} are assumed to be independent, and {εi,1} and {εj,2} are independent and 

identically distributed (i.i.d.) normal with mean zero and variance σ1
2 > 0 and σ2

2 > 0, respectively. The 48-dimensional 

process vector 𝒀 ≡ (𝑌1, … , 𝑌48)′ follows a Gaussian distribution: 

 

 

𝒀|𝜇2, 𝜎𝑌
2 ~ 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛(𝜇2𝟏, 𝜎𝑌

2(𝑰 − 𝑾)−1), 
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where μ2 is a constant, 1 is a 48-dimensional vector of ones, and σY
2 > 0. This is called an intrinsic conditional 

autoregressive model (ICAR), and will help incorporate spatial information into our predicted state-level 

estimates3, 5. Notice that Equation (4) follows from the results from Section 2 — that is, the Geary C statistic and 

normal QQ-plots suggest that the logit-suicide data follows an i.i.d. normal distribution. Equation (5) is supported by 

the normal QQ-plot in Figure 1 and the Geary C statistics in Table 2, which suggests that logit-bullying follows a 

model with spatial dependence (e.g., an ICAR model).  

   The parameters for our model are given the prior distributions: 

 

𝜎1
2 ~ 𝐼𝐺(1,1), 

𝜎2
2 ~ 𝐼𝐺(1,1), 

𝜎𝑌
2 ~ 𝐼𝐺(1,1), 

𝜇1 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 100), 

𝜇2~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 100). 

We chose our prior distributions for our hyperparameters to be relatively flat. This is because we do not have any 

additional information on what the value of these parameters are; that is, if additional studies suggest values for these 

parameters, we would center these distributions around those values. 

   Finding a closed form expression of the posterior distribution is difficult for this statistical model. In order to combat 

this, we use an algorithm called the Gibbs Sampler10 to obtain simulated replicates from the following posterior 

distributions:  

 

 

𝜇1|𝑍1,1, . . 𝑍41,1, (6) 

 

 

𝑌𝑗|𝑍1,2, . . 𝑍38,1; 𝑗 = 1, … , 48. (7) 

 

 

The closed form expressions of the full-conditionals associated with this Gibbs sampler can be found in Robert and 

Casella (2004) and Christensen et al. (2010). Notice that Y is 48-dimensional and, thus, leads to an estimate of logit-

bullying at each of the states in the contiguous US. Additionally, we assume (via Equation (4)) that each state within 

the continental US has the same percentage of self-reported attempted suicide (i.e., 𝜇1). 

 

 

4. Results and Discussion 
 
As we learned in Section 2, there does not appear to be any direct linear relationship between self-reported bullying 

and attempted suicide rates. While this may initially surprise some, it is logical in a larger sense. There are many 

reasons why someone might attempt suicide beyond being bullied — preexisting mental illnesses, destitute economic 

and financial situations, or distressing emotional events such as parental divorce or a difficult personal breakup could 

all contribute to the decision to commit suicide. Because bullying is just one factor in a list of many possible 

confounding factors, its ability to accurately predict suicide rates could be seen as minimal in a broader context. 

Therefore, to develop a more meaningful relationship between bullying and attempted suicide, one would need to 

consider additional confounding effects to isolate the effect of bullying on attempted suicide. 

   We were able to detect spatial dependence among the 41 logit-bullying values. The presence of this dependence 

allows us to obtain estimates for states that do not have YRBSS estimates. In Figure 3, the predicted bullying estimates 

are similar for much of the inner contiguous US, and increase as you move toward the eastern and western coasts. The 

squared prediction errors follow a similar spatial pattern. The way our model was constructed, the estimate of each 

state is determined by leveraging strength from its neighboring states and incorporating that information into the state’s 

latent process (i.e., 𝒀).   
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Figure 3: Predicted state-level percentage estimates for bullying (top) and the squared prediction error (bottom) as 

outputted by our hierarchical model. 

   For the attempted suicide dataset, we were able to use the model to estimate the unobserved mean assumed to be 

constant across each state within the contiguous US. In Figure 4, we display a histogram over replicates from the 

posterior distribution of the mean logit-attempted suicide rate. Overall, our estimate of the mean logit-attempted 

suicide rate is consistent with the national average of 8.539 percent. Thus, we conclude that our model is relatively 

accurate because this average is close to the original YRBSS national estimate of 8 percent. 

 

 

 

 

 

 

 

 

Figure 4: A histogram of the predicted attempted suicide mean percentage centers the national average around 8.539 

percent, close to the original YRBSS national estimate of 8 percent. 

   As can be imagined, there are some limitations that could affect the total accuracy of our model. First, in the state-

level bullying model, many of the states that were missing estimates were first-order neighbors. For example, it may 

be incorrect to conclude that Maine has a higher bullying rate relative to its neighbors; if many of the missing states 

are located next to each other there is a limited amount of information the model can leverage to estimate the missing 

state.  

   Moreover, a phenomenon known as the ecological fallacy could be at work11. This means that when looking at 

estimates on a larger level, such as state-level compared to county-level, some of the intricacies of the spatial patterns 

are removed upon aggregation of the data. In Figure 3, the larger state averages might not be completely representative 

of each individual county within the state. For example, Texas is a very large state and what may be happening on the 
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eastern border may not be the same as what is happening on the western border. To develop a more accurate model 

for predicting bullying rates, it would be beneficial to analyze the county-level bullying rates and possibly create 

separate models for different US geographical regions. 
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