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ABSTRACT 
 

Background: Suicide is a major public health concern. To facilitate treatment and prevention 

efforts, prior research has focused on the identification of a small set of factors that might 

differentiate between ideators and attempters. Recent findings from meta-analyses and machine 

learning studies, however, indirectly suggest that the differences between ideators and attempters 

might be much more complex than previously theorized. This study aims to directly test whether 

the differences are simple or complex by adopting both traditional statistical methods and 

machine learning approaches. Method: A total of 285 participants who have either thought about 

suicide (N = 131) or attempted suicide (N = 154) in their lifetime were recruited. Participants 

completed questionnaires examining risk factors for suicidal thoughts and behaviors. Statistical 

models ranging from simple to complex were adopted to classify ideators and attempters (i.e., 

univariate and multivariate logistic regressions, random forests with cross-validation and 

bootstrap optimism to adjust for overfitting). Unsupervised machine learning (i.e., K-means 

clustering) was used to identify two underlying subgroups among the sample. Results: Overall, 

more complex algorithms were more adept at distinguishing between ideators and attempters. 

Univariate logistic regressions on average produced poor classification accuracy (AUC = 0.54); 

multivariate logistic regression yielded similar results (AUC = 0.62). Random forests with cross-

validation to safeguard against overfitting classified ideators and attempters with fair accuracy 

(AUC = .0.78). Random forests with bootstrap optimism produced good accuracy (AUC = 0.89). 

Unsupervised machine learning appeared to identify two subgroups based on psychopathology 

severity, a grouping inconsistent with ideator/attempter status (AUC = 0.59). Discussion: 

Consistent with previous research, this study showed that the differences between ideators and 

attempters are likely complex. Future studies are encouraged to replicate and extend the current 

study by adopting different study designs with larger sample sizes and variables. 
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INTRODUCTION 
 

Suicide is a major public health concern (CDC, 2016). Given the observation that many 

people seem to think about suicide but only a few attempt suicide (e.g., Nock et al., 2008), 

researchers have proposed that identifying the differences between ideators and attempters can 

aid treatment and prevention efforts. Traditionally, it has been conceptualized that simple 

differences exist between ideators and attempters such that a small number of key factors can 

accurately distinguish the two groups. That is, many have proposed that small sets of factors 

should perfectly or near-perfectly distinguish between ideators and attempters. Some of the most 

popular theories of suicide have been built in part on this assumption (Klonsky, May, & Saffer, 

2016). Growing evidence from meta-analyses and machine learning studies, however, indirectly 

suggests that the differences between ideators and attempters are likely to be more complex than 

previously theorized (e.g., Franklin et al., 2017; Kessler et al., 2015; Walsh, Ribeiro, & Franklin, 

2017). Though not directly testing any specific theories, this study aims to adopt machine 

learning approaches to directly examine whether the differences between ideators and attempters 

are simple or complex. 

For the purpose of this study, we consider the difference between ideators and attempters 

as falling somewhere on the continuum from simple to complex. On the extremely simple end of 

the continuum, a single factor that distinguishes between these groups would be both necessary 

and sufficient, such that all attempters and only attempters possess a factor, but none of the 

ideators do. In this situation, the boundaries between ideators and attempters would be sharp and 

clear. On the complex end of the continuum, no factor or small set of factors would be close to 

being necessary or sufficient to distinguish ideators and attempters. Instead, a relatively large set 

of factors combined in a complex way may be sufficient to distinguish between ideators and 

attempters with moderate-to-high accuracy, but no combination of factors would be necessary. In 

this case, the boundaries between ideators and attempters would be fuzzy and inconsistent. 

Previous research has largely assumed a simple difference between ideators and 

attempters. After one of the most well-known studies from the National Comorbidity Survey 

highlighted the distinction between ideators and attempters (Kessler, Borges, & Walters, 1999),  

many large-scale studies have set out to identify the differences between ideators and attempters 

(e.g., Kessler, Berglund, Nock, Wang, & Page, 2005; Nock, Hwang, Sampson, & Kessler, 2010; 

Nock et al., 2015). Studies with smaller samples have exerted similar efforts (e.g., Miranda et al., 



2 

2008; Smith, Cukrowicz, Poindexter, Hobson, & Cohen, 2010; Yoder, 1999). Moreover, several 

theories of suicide were built on the foundation of a simple difference between ideators and 

attempters (Klonsky et al., 2016). 

Despite much interest in this topic, thus far research has been unable to find a factor or a 

small set of factors that accurately distinguishes between these two groups. Even though many 

studies have identified statistically significant differences between the two groups, these 

differences are inconsistent across studies and the effects are generally modest. For instance, 

studies have identified negative life stress (Rudd, Rajab, & Dahm, 1994), fearlessness of death 

and pain sensitivity (Smith et al., 2010), substance use (Miranda et al., 2008), victimization, 

abuse, and emotional problems (Yoder, 1999) as factors that distinguish between ideators and 

attempters. Furthermore, studies have reported many similar characteristics between ideators and 

attempters. For example, studies found overlapping features between ideators and attempters 

such as clinical diagnoses and personality profiles (Gil, 2005; Rudd & Joiner, 1996). Ideators 

and attempters have also been shown to have similar characteristics regarding mood and anxiety 

disorders, alcohol use, suicide ideation severity, physical abuse history, eating pathology, and 

demographic factors such as sexual orientation and race (Brezo et al., 2007; May & Klonsky, 

2016; Yoder, 1999). This general pattern of results appears to be inconsistent with the hypothesis 

of a simple difference between ideators and attempters. One possibility is that researchers have 

not yet found the one factor or small set of factors that accurately distinguishes between ideators 

and attempters. 

Another possibility is that there are complex differences between ideators and attempters. 

That is, accurate distinction between ideators and attempters requires the consideration of a large 

number of factors combined in ways beyond an additive or multiplicative fashion. The 

aforementioned evidence is consistent with this hypothesis: small statistically significant group 

differences were found within studies, yet these differences varied across studies, and ideators 

and attempters often shared similar characteristics. In addition, the hypothesis of complex 

differences is also consistent with meta-analyses of longitudinal studies in two ways (Franklin et 

al., 2017). First, there is no evidence that the risk factors for suicide ideation are different from 

those for attempt or death. Second, hundreds of risk factors predicted suicidal thoughts and 

behaviors slightly better than chance level, but no one factor or a small set of factors predicted 

much better than any others. These findings indicate that many factors contribute to suicidal 
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thoughts and behaviors, but all appear to do so inconsistently and within complex combinations 

of factors. In other words, even the differences between self-injurious and general populations 

are complex, suggesting that the difference between ideators and attempters may be even more 

complex. 

Recent findings from machine learning studies also support the hypothesis of complex 

differences between ideators and attempters. The traditional approach has largely adopted a 

univariate model or a multivariate model with a few factors combined in an additive or 

multiplicative fashion. This approach is suited for studying simple group differences, but has not 

been successful in modeling suicidal thoughts and behaviors. Machine learning approaches, 

however, are particularly apt at modeling complexity, finding the optimal algorithm that 

combines a large number of factors in ways beyond simple addition or multiplication. Although 

machine learning is not isomorphic with complexity, it is better equipped to model complex 

group differences than the traditional approach. Recent machine learning studies that combined 

hundreds of factors have predicted suicide attempts and deaths with good accuracy (AUC = 0.80 

- 0.85; Kessler et al., 2015; Walsh et al., 2017). Notably, a multiple logistic regression model that 

included the same factors produced accuracy better than that of univariate models, but 

significantly worse than the performance yielded by machine learning (e.g., AUC = 0.66 [0.58 - 

0.75]: Walsh et al., 2017). Thus, adopting machine learning to examine the difference between 

ideators and attempters might prove fruitful. 

Brief Overview of Machine Learning 

Advantages of Machine Learning. For the purpose of classification, machine learning 

possesses several advantages over traditional statistical methods. First, unlike traditional methods 

where researchers set a priori algorithms, machine learning allows the computer to learn the best 

algorithm from the data with less input from researchers. An algorithm is a set of rules or steps to 

solve a problem. For example, in logistic regression, researchers a priori determine a linear 

relationship and the computer fits the coefficients from the data. In machine learning, however, 

the assumption of the relationship between independent variables and the dependent variable is 

mostly unnecessary. Instead, the computer examines the relationships among the variables and 

learns the algorithms and the coefficients that best approximate the data. This property of 

machine learning allows for greater flexibility and produces more accurate algorithms.  
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Second, machine learning is particularly adept at accounting for complex relationships. 

An algorithm can range from simple (e.g., 1 + 3) to complex (e.g., nonlinear combinations of 

hundreds of factors). Logistic regression, one of the more traditional statistical approaches, can 

be considered to fall near the simple end of the continuum (e.g., 1|
	 ∑

). 

Machine learning – often incorporating bootstrapping, penalty terms, random sampling of 

variables, optimization, iterations, weighted steps, and majority voting from an ensemble of 

models – yields algorithms falling near the complex end of the continuum. Due in part to its 

ability to process hundreds and thousands of variables with minimal a priori assumptions and 

procedures to ensure generalizability (see below), machine learning has been widely adopted in 

actuarial and technological industries. 

Third, machine learning emphasizes model performance as opposed to statistical 

significance. Unlike most traditional approaches hinging upon whether a variable or an 

interaction is significantly associated with the outcome, machine learning focuses on the overall 

performance of how well the combinative effects of all variables classify the outcome. This 

approach might prove especially powerful when evidence suggests that the average univariate 

effects on suicidal thoughts and behaviors are statistically significant but poor classifiers 

(Franklin et al., 2017). 

Fourth, machine learning takes procedures to safeguard against overfitting. Overfitting 

happens when the algorithms capitalize on noise and generalize poorly to future data despite 

producing accurate results on the original data. Traditional statistical methods often fit the 

algorithms onto the entire dataset. This approach might provide the best coefficient estimates of 

the original data, but how well the estimates generalize to similar data is unclear. Machine 

learning, however, places special importance on the generalization of the model. Congruent with 

this emphasis, machine learning approaches often only derive the algorithm from a subset of the 

sample (i.e., training set), and test whether it is capitalizing on the noise of the data by applying it 

to the other subset (i.e., test set). When the whole sample is used for training, other procedures 

are in place to correct for an over-optimistic estimate of model performance. Although some of 

the safeguarding procedures can potentially be adopted for traditional statistical methods, they 

are systematically incorporated in machine learning approaches. Moreover, procedures unique to 

specific machine learning algorithms (e.g., pruning in tree-based models, majority voting in 
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ensemble models) might be difficult to adopt in traditional methods (Hastie, Tibshirani, & 

Friedman, 2001; James, Witten, Hastie, & Tibshirani, 2013). 

Types of Machine Learning. There are a wide range of machine learning approaches, 

each with its own advantages and disadvantages. Generally, machine learning algorithms can be 

categorized into two broad categories: supervised and unsupervised machine learning. In 

supervised machine learning, the dependent variable “supervises” the model-fitting process to 

establish the most effective and parsimonious algorithms without capitalizing on idiosyncratic 

noise in the data. Unsupervised machine learning is a type of machine learning technique that 

draws inferences from datasets without known outcomes or dependent variables (e.g., whether 

there might be different types of consumers based on other information without actually knowing 

their purchase history). The purpose of supervised machine learning is to develop the optimal 

algorithm that produces accurate classification, whereas the purpose of unsupervised machine 

learning is to identify the underlying subgroups. 

Assessing Model Performance. There are multiple methods to estimate how well the 

model might generalize to future data. I hereby describe two methods commonly used in the field 

(i.e., cross-validation, bootstrap optimism). In cross-validation, the original sample is randomly 

split into training and test sets. The computer learns the best fitting algorithm from the training 

set, and applies the algorithm to the test set. The model performance on the test set is an estimate 

of how accurate the algorithm might be for future datasets. In small samples, cross-validation 

tends to provide a pessimistic estimate with higher errors (Smith, Seaman, Wood, Royston, & 

White, 2014).  

In bootstrap optimism, a model is first trained on the complete data. Then a set of 

bootstrap replicates are created based on the original data. New models are trained on each 

bootstrap replicate, and applied to the original data. The resulting performance estimates are 

called the “out of bag” performance. The optimism of the model is the averaged difference 

between bootstrapped performance and “out of bag” performance. The corrected model 

performance is derived by subtracting the degree of optimism from the original model 

performance. Bootstrap optimism has been shown to provide more reliable estimates of model 

performance for small samples (Hastie, Tibshirani, & Friedman, 2001; Smith et al., 2014). 
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The Present Study 

Given evidence suggesting differences between ideators and attempters might be more 

complex than previously theorized, this study aims to directly examine whether such difference 

is simple or complex. Specifically, univariate and multivariate logistic regression, and supervised 

machine learning with cross-validation and bootstrap optimism were adopted to test for 

extremely simple, moderately simple, moderately complex, and highly complex differences 

between ideators and attempters, respectively. Unsupervised machine learning was used to 

investigate whether ideators and attempters would be detected as the two underlying subgroups. 

The study included 131 participants who have only thought about suicide in their lifetime, and 

154 people who have attempted suicide. Participants completed a series of questionnaires that 

measured a large number of risk factors commonly studied in the field, including the factors 

most widely believed to distinguish between ideators and attempters. 

Given the likely complex nature of suicidal thoughts and behaviors, we hypothesized that 

more complex algorithms (i.e., machine learning algorithms) would outperform less complex 

algorithms (i.e., traditional univariate and multivariate logistic regression algorithms) in 

classifying ideators and attempters. Moreover, we hypothesized that unsupervised machine 

learning would not be able to discover two underlying groups that align well with 

ideator/attempter status because of a high degree of overlap between ideators and attempters. 

Specifically, we hypothesized that (1) univariate logistic regression would on average produce 

near-chance level classification accuracy (AUC = 0.50 – 0.59); (2) multiple logistic regression 

with all independent variables would produce slightly better accuracy (AUC = 0.60 – 0.69); (3) 

supervised machine learning with cross-validation would produce fair accuracy (AUC = 0.70 – 

0.79); (4) supervised machine learning with bootstrap optimism would produce good accuracy 

(AUC = 0.80 – 0.89); and (5) the two groups identified by unsupervised machine learning would 

be inconsistent with ideator/attempter status (AUC = 0.50 – 0.59). This study may shed light on 

the nature of ideators and attempters, and may have implications for suicide theories. 
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METHODS 
 

Participants & Procedures 

A total of 285 participants were recruited through online forums that focus on topics of 

psychopathology or self-injurious thoughts and behaviors (e.g., depression, suicide survivors). 

Eligibility criteria required participants to be at least 18 years old, speak English fluently, and 

have either thought about suicide or attempted suicide in their lifetime. After eligibility screening 

and informed consent, participants were provided a link to complete an online survey that 

included various measures on risk factors commonly studied in the field or implicated in 

theories. At the end of the survey, all participants passively viewed positive pictures selected 

from the International Affective Picture System (IAPS; Lang, Bradley, & Cuthbert, 1999) as a 

positive mood induction. The online assessment lasted 45 – 60 minutes. Participants were then 

debriefed, compensated, and provided with a list of mental health resources. 

Measures 

Demographics. Participants were asked to provide information regarding age, sex, 

sexual orientation, race and ethnicity, marital status, religion, education, employment, and 

income. 

Self-Injurious Thoughts and Behaviors Interview – Short Form (SITBI-SF; Nock, 

Holmberg, Photos, & Michel, 2007). The self-report version of SITBI-SF was used to assess 

participants’ experiences with suicidal thoughts and behaviors. This measure has shown adequate 

interrater reliability (average k = .99, r = 1.0) and test-retest reliability (average k = .70; 

intraclass correlation coefficient = .44). Construct validity was demonstrated via correspondence 

between the SITBI and other measures of suicidal thoughts and behaviors (k = .54 - .87). 

Brief Symptom Inventory 18 (BSI 18; Derogatis & Melisaratos, 1983). The BSI 18 is 

a self-report rating questionnaire that includes 18 items to assess psychological problems. The 

inventory has been shown to be a general indicator of psychopathology with high internal 

consistency (Boulet & Boss, 1991). 

Beck Depression Inventory – II (BDI-II; Beck, Ward, Mendelson, Mock, & 

Erbaugh, 1961). The BDI-II is a 21-item, self-report rating inventory that measures attitudes and 

symptoms of depression. This inventory is evidenced to have good internal consistency (r = .86) 

and stability (r = .48 - .86). Comparison of the inventory scores and clinical diagnoses of 

depression also concluded high validity (Beck, Steer, & Garbin, 1988). 
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Beck Hopelessness Scale (BHS; Beck, Weissman, Lester, & Trexler, 1974). The BHS 

is a 20-item self-report scale that measures three major aspects of hopelessness: feelings about 

the future, loss of motivation, and expectations. The scale has a good reliability (test-retest, r = 

.81) and internal consistency (α = .79 - .97), and shows good validity with other scales assessing 

depressive cognitions (Bouvard, Charles, Guerin, Aimard, & Cottraux, 1991). 

Brief Agitation Measure (BAM; Ribeiro, Bender, Selby, Hames, & Joiner, 2011). 

The BAM is a three-item self-report measure that assesses agitation. The internal consistency of 

the scale demonstrated in multiple samples (α = .88 - .91). 

Acquired Capability for Suicide Scale – Fearlessness about Death (ACSS-FAD; 

Ribeiro et al., 2014). The ACSS-FAD is a seven-item measure that assesses one’s fearlessness 

about death and lethal self-injury. The scale has good internal consistency in different samples (α 

= .81 - .85). 

Interpersonal Needs Questionnaire (INQ; Van Orden, Cukrowicz, Witte, & Joiner, 

2012). The INQ includes 15 items that assess whether participants feel connected to other people 

or feel like a burden on others. The questionnaire has shown good reliability, and convergent and 

divergent validity across samples. 

Painful and Provocative Events Scale (PPES; Bender, Gordon, Bresin, & Joiner, 

2011). The PPES is an 18-item self-report scale that measures how many painful and provocative 

events participants have experienced (e.g., shot a gun, went skydiving). The scale was found to 

show high internal reliability (α = .89) and consistency (α = .83). 

Insomnia Severity Index (ISI; Bastien, Vallieres, & Morin, 2001). The ISI is a seven-

item self-report inventory that measures severity of insomnia symptoms. The index has been 

shown to have adequate internal reliability (r = .76 - .78). Good internal consistency as well as 

convergent validity has also been demonstrated (Bernert, Joiner, Cukrowicz, Schmidt, & 

Krakow, 2005). 

Eating Attitudes Test – 26 (EAT-26; Garner, Olmsted, Bohr, & Garfinkel, 1982). 

The EAT-26 is an abbreviated measure of the original 40-item EAT assessment for disordered 

eating. Information regarding weight and height will be used to calculate Body Mass Index. 

Participants are also asked to rate how much they identify with statements such as “I am terrified 

about being overweight,” “I vomit after I have eaten,” “I avoid foods with sugar in them.” This 

questionnaire has been deemed highly reliable (α = .94) among a sample of anorexic and normal 
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participants. This test has also been shown to be highly correlated with the original full scale (r = 

.98). 

Alcohol Use Disorders Identification Test (AUDIT; Saunders, Aasland, Babor, 

Fuente, & Grant, 1993). AUDIT has been developed as an assessment for Alcohol Use 

Disorders. It is a 10-item questionnaire that covers the domains of alcohol consumption, drinking 

behaviors, and alcohol-related problems. High intrascale reliability was shown for the drinking 

behavior domain (α = .93) and adverse psychological reactions domain (α = .81). 

36-Item Short Form Health Survey (SF-36; McHorney, Ware, & Raczek, 1993). The 

SF-36 is a self-report measure commonly used to assess health outcomes. The measure includes 

a variety of questions to assess individuals’ physical, emotional, and social functioning, pain, 

energy and fatigue, and general health change. Higher scores on this measure indicate better 

health. This scale demonstrated high reliability and validity across multiple studies (McHorney, 

Ware, & Raczek, 1993; Ware, 2000). 

Reasons for Living Inventory (RFL; Linehan, Goodstein, Nielsen, & Chiles, 1983). 

The RFL is a 48-item self-report inventory that assesses individuals’ reasons for not killing 

themselves. The RFL covers six major reasons for living (i.e., survival and coping beliefs, 

responsibility to family, child-related concerns, fear of suicide, fear of social disapproval, and 

moral objections). The scale shows high internal reliability (r =.72 - .89; Linehan et al., 1983). 

Psychiatric and Medical History. Research has shown that suicide risk is elevated in 

populations with psychiatric or medical illnesses (e.g., patients with anxiety disorders: Bentley et 

al., 2016; cancer patients: (Bjorkenstam, Edberg, Ayoubi, & Rosen, 2005). Therefore, 

participants were asked to report all the psychiatric and medical conditions they have had in the 

past. 

Explicit Affective Ratings (Franklin, Puzia, Lee, & Prinstein, 2014; Lang, Bradley, 

& Cuthbert, 2005). Explicit affect toward a range of pleasant, self-injury, death and suicide 

stimuli were assessed using a self-report survey. This task was self-paced, such that individuals 

could advance through stimuli as quickly or slowly as they like. On each trial, an image was 

presented and respondents were asked to rate it on a scale of -5 (extremely unpleasant) to 0 

(neutral) to 5 (extremely pleasant). The images include 11 suicide/death-relevant images and 4 

positive images (e.g., pets) from the International Affective Pictures System (IAPS; Lang et al., 

2005), and prior research conducted in our lab (e.g., Franklin et al., 2014). 
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Data Analysis 

All statistical analyses were performed in SPSS (IBM Corp, 2013), and R (R 

Development Core Team, 2012) with the randomForest, and pROC packages. Random forests 

were chosen as the supervised machine learning algorithm given its established accuracy and 

robustness (Amalakuhan et al., 2012; Austin, Lee, Steyerberg, & Tu, 2012; Futoma, Morris, & 

Lucas, 2015; Kessler et al., 2016). K-means clustering was selected as the unsupervised machine 

learning algorithm considering its ability to partition observations into a pre-specified number of 

non-overlapping clusters (James, Witten, Hastie, & Tibshirani, 2013). 

In random forests, decision trees are fit onto bootstrapped samples of the original data 

(Breiman, 2001). Unlike traditional decision trees, however, random forests force each “split” to 

consider only a subset of the predictors; this procedure decorrelates the trees and therefore makes 

the resulting algorithms less variable and more reliable. In this study, the number of predictors 

randomly considered at each split are set to the square root of the total number of predictors 

(James et al., 2013). The depth of trees (i.e., the number of splits) is empirically determined 

through a separate holdout set of the sample. This process is continued until a tree no longer 

produces splits. The overall fitting process is then repeated multiple times, producing a forest of 

decision trees. For this study, this process was repeated 500 times (Breiman, 2001, 2002). 

In K-means clustering, the algorithms assign each observation to a group by: (1) 

randomly assigning a group number (i.e., 1 - K) to each of the observations; (2) calculating the 

centroid of each group, which is a vector of the predictor means for all the observations within a 

group; (3) reassigning each observation to belong to the group that has the closest centroid, as 

measured by Euclidean distance; and (4) iterating the above two steps until each observation’s 

group assignment has stabilized. In this study, K-means clustering with K = 2 was used to 

discover two subgroups among the participants based on their survey responses except their 

ideator/attempter status. The resultant two groups reflected two groups that can be best separated 

through Euclidean distance in a multi-dimensional space with each predictor as an axis. The 

group assignment based on ML was then compared with participants’ ideator/attempter status. 

Model Fit Indices. First, Receiving Operating Characteristics curve (ROC curve) indices 

were reported to assess the overall prediction accuracy (i.e., Area Under the Curve [AUC]), 

precision (i.e., true positives divided by the sum of true positives and false positives), and recall 

(i.e., true positives divided by the number of true positives and false negatives). Guidelines 
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suggest that AUCs of 0.50 to 0.59 indicate extremely poor classification, 0.60 to 0.69 poor 

classification, 0.70 to 0.79 fair classification, 0.80 to 0.89 good classification, and above .90 

excellent classification (Franklin et al., 2017; Simundic, 2008). The same guidelines were 

adopted for precision and recall. 

Second, Brier scores were calculated to reflect whether the algorithms were calibrated to 

the real-world probability of a particular phenomenon. Brier scores were calculated with the 

following formula, 	 ∑ , where N is the sample size of classified 

individuals, pi is the projected outcome for individual i, and oi is the observed outcome (Brier, 

1950). A brier score ranges from zero to one, with zero as the best achievable score indicating 

complete match between predicted probability and the real-world probability. 
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RESULTS 
 

Descriptive Statistics 

The overall sample was predominantly white (76.49%) and female (73.33%), with about 

half of the participants identifying as heterosexual (48.77%). About half of the participants 

(54.04%) attempted suicide in their lifetime, with the rest having only thought about suicide. A 

total of 47 independent variables were included in machine learning models to classify suicide 

ideators and attempters (see Table 1). Univariate comparisons between ideators and attempters 

showed significant differences including scores on PPES, RAND SF-36 Social Functioning 

Subscale, RFL Survival Coping Beliefs subscale, number of psychiatric diagnoses, number of 

outpatient services, current psychiatric medication status, history of psychiatric hospitalization, 

worst ideation intensity, worst ideation urge, and history of a suicide plan (see Table 1). These 

statistically significant yet small differences between ideators and attempters were consistent 

with prior literature (e.g., Franklin et al., 2017; May & Klonsky, 2016). 

Logistic Regression 

First, we conducted univariate logistic regression with each independent variable (Table 

2). On average, univariate logistic regression yielded chance level performance (AUC = 0.54 

[0.46 – 0.62]), with ranges from chance level to fair accuracy. The mean precision (i.e., true 

positives divided by the sum of true positives and false positives) of univariate models was 0.54, 

suggesting that on average 54% of participants identified by univariate models as attempters 

were in fact attempters. Precision ranges from chance level to fair, with history of psychiatric 

hospitalization yielding the highest precision among univariate models. This finding might be 

due to the fact that people who attempted suicide were likely to have been hospitalized. The 

mean recall (i.e., true positives divided by the number of true positives and false negatives) of 

univariate models was 0.89, indicating that on average univariate models can successfully 

“retrieve” 89% of the actual attempters. This pattern of model performance (i.e., low precision 

and high recall) suggests that the univariate models might have a tendency to over-classify 

participants as attempters. The mean Brier score was 0.44, suggesting a substantial mismatch 

between the calculated probabilities of participants being an attempter by the models and the 

actual probabilities. Of note, many variables that were significantly different across the two 

group produced poor classification accuracy (e.g., PPES, RAND SF-36 Social Functioning 

Subscale, number of psychiatric diagnoses). 
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Second, we conducted a multivariate logistic regression with all independent variables. 

The overall accuracy of the model was not significantly different from the average performance 

of the univariate models, with slightly increased precision, and lowered recall and Brier score 

(Table 3). As expected based on past research (Franklin et al., 2017; Walsh et al., 2017), 

classification accuracy with univariate models was generally poor, and simultaneous inclusion of 

all independent variables only slightly improved accuracy. 

Random Forests 

A random forest model was estimated by cross-validation to produce fair overall 

accuracy (AUC = 0.78 [0.67 - 0.90], with 0.82 precision and recall, and a Brier score of 0.21 

(Table 3). Given the small sample size, bootstrap optimism might provide a more accurate 

estimate of model performance. Based on bootstrap optimism estimates, a random forest model 

produced a good overall classification accuracy (AUC = 0.89 [0.86 - 0.93], with 0.90 precision 

and 0.92 recall, suggesting that this approach is adept at capturing true positives and avoiding 

false positives (Table 3). The Brier score of .10 approximated zero, the score for a perfectly 

calibrated model. Consistent with prior research (Walsh et al., 2017), supervised machine 

learning with bootstrap optimism was able to accurately distinguish between ideators and 

attempters. 

Cluster Analysis 

K-means cluster analysis identified two groups best separated in the 47-dimensional 

space with each variable as an axis. Characteristics of the two groups showed pronounced 

differences in general psychopathology and physical and social functioning (Table 4). Cluster 

analysis yielded poor classification accuracy for distinguishing between ideators and attempters 

(AUC = 0.59 [0.54 - 0.65] with 0.63 precision and 0.60 recall. The model produced a Brier score 

of 0.41, indicating a substantial mismatch between calculated probabilities of a participant being 

an attempter and the actual probabilities. In short, cluster analysis appeared to have separated the 

groups based on psychopathology severity rather than ideators/attempters status. 

Exploratory Analyses of Severe Attempters 

 To empirically examine whether the poor performance of logistic regression models was 

due to the potential similarities between ideators and attempters with minimal physical injuries, 

we conducted exploratory analyses that only included ideators and severe attempters. Attempters 

were designated as severe attempters if their most recent suicide attempt resulted in moderate 
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(e.g., conscious but somewhat sleepy, second-degree burns, bleeding of a major vessel) to severe 

physical damage (e.g., comatose without reflexes, third-degree burns over 20% of body, 

extensive blood loss with unstable vital signs). The exploratory analyses limited the sample to 

131 ideators and 63 attempters. Though wider confidence intervals were observed for several 

models due to even smaller sample size, results remained consistent (Table 3). This finding 

suggests that the aforementioned results were not affected by the inclusion of non-severe 

attempters. 
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DISCUSSION 
 

This study aimed to examine whether simple or complex differences exist between 

ideators and attempters. The major findings included: (1) simple algorithms (i.e., univariate 

logistic regression) on average performed poorly at distinguishing between ideators and 

attempters; (2) multivariate logistic regression with all independent variables yielded slightly 

better yet still poor accuracy; (3) complex supervised machine learning algorithms (i.e., random 

forests) were estimated by cross-validation to provide fair classification ; (4) complex supervised 

machine learning algorithms with bootstrap optimism classified ideators and attempters with 

good accuracy; and (5) unsupervised machine learning algorithms designed to detect two groups 

of participants separated groups based on psychopathology severity rather than 

ideators/attempter status, consistent with the complexity hypothesis. We discuss each of these 

findings and their implications below. 

Consistent with previous research that detected statistically significant yet weak 

differences between ideators and attempters (May & Klonsky, 2016; Miranda et al., 2008), 

univariate models on average yielded poor classification accuracy. Univariate logistic regression 

of some variables (e.g., worst suicide ideation urge and intensity, history of psychiatric 

hospitalization) yielded fair classification accuracy. Given the weak longitudinal effects of prior 

self-injurious thoughts and behaviors (Ribeiro et al., 2016), attempters might have rated their 

worst ideation urge and intensity based on the ideation experienced during their suicide attempts. 

In other words, these variables were likely markers for a suicide attempt. Notably, these potential 

markers for suicide attempts did not produce near-excellent classification accuracy, suggesting 

that many individuals with intense suicide ideation, strong suicide urge, or psychiatric 

hospitalization did not attempt suicide, and many attempters did not endorse these experiences.  

Even when assuming that worst ideation urge and intensity, and psychiatric 

hospitalization are the key differences between ideators and attempters, this assumption appears 

to be at odds with existing theories (Klonsky et al., 2016) as major variables implicated in these 

theories classified ideators and attempters with chance level accuracy (see Table 2). In short, the 

present study did not identify one necessary and sufficient quality that perfectly separates 

ideators and attempters. Although it is possible that future research might discover such a 

quality, it appears to be increasingly implausible based on accumulating evidence from the past 

fifty years. 
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Second, multiple logistic regression including all independent variables distinguished 

ideators and attempters with poor accuracy. Consistent with prior research (Walsh et al., 2017), 

this finding suggests that combining a large number of factors in a simple additive fashion might 

still be insufficient in modeling the differences between ideators and attempters. Instead, 

accurate classification between ideators and attempters might require the consideration of how 

the effects of a large number of factors were combined.  

Third, random forests using cross-validation to adjust for overfitting produced fair 

classification accuracy. Consistent with the hypothesis that more complex algorithms might be 

better at modeling the complexity of the difference between ideators and attempters, random 

forests with cross-validation performed better than traditional methods. However, this approach 

did not produce perfect classification, suggesting that this approach might still be insufficient in 

modeling the complexity. To correct for potential underestimation of model performance due to 

the small sample size in the present study, we adopted bootstrap optimism, a conservative 

method to estimate model performance that allowed usage of the entire sample as training set. 

Within this approach, random forests produced good classification accuracy. These findings are 

consistent with the hypothesis that more complex algorithms might be more adept at modeling 

the difference between ideators and attempters. 

Our last finding is that cluster analysis, a type of unsupervised machine learning, 

separated the sample into two underlying groups based on psychopathology severity as opposed 

to ideator/attempter status. From a geometric perspective, this finding indicates that ideators and 

attempters are largely overlapping in the 47-dimensionl space with each variable as an axis, 

suggesting that the difference between ideator and attempter is unlikely to be simple. This 

finding is consistent with the hypothesis of complex differences between ideators and attempters 

in that they share many overlapping characteristics and the boundaries between them are fuzzy. 

Three major limitations of the current study should be considered when interpreting the 

findings: small sample size, small number of independent variables, and an online study design. 

Though a sample size of 285 participants with 47 independent variables might be considered 

moderately large in suicide research, it is much smaller than the common sample size and 

independent variables in machine learning studies (e.g., Walsh, Ribeiro, & Franklin, 2017: N = 

5,167 with 1,328 variables; Kessler et al., 2015: N = 40,820 with 421 variables). The small 

sample and limited number of independent variables in this study likely has contributed to the 
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less-than-optimal model performance for random forests. Future studies are encouraged to recruit 

a larger sample size and assess for a larger number of variables to allow for more complex 

modeling. Additionally, the online study design might have limited the type of independent 

variables included in the present study. Although an online design facilitated the recruitment of a 

large number of clinically severe participants, it restricted the included variables to self-report 

measures. Future studies are recommended to replicate the present findings with study designs 

that permit the assessment of other important factors (e.g., cold pressor test, biophysiologic 

measures). 

Taken together, the study suggests that the difference between ideators and attempters 

might be much more complex than previously theorized, as more complex algorithms were better 

equipped to distinguish between them. In addition, unsupervised machine learning separated the 

sample based on psychopathology severity instead of ideator/attempter status, indicating that 

ideators and attempters shared many similar characteristics. The present findings are consistent 

with prior studies that identified statistically significant yet small differences between ideators 

and attempters, few of which were replicated across studies (Franklin et al., 2017; May & 

Klonsky, 2016). The study results are also consistent with previous machine learning studies that 

modelled suicidal thoughts and behaviors with good accuracy (Kessler et al., 2015; Walsh et al., 

2017). Replication and extension of the study with larger sample sizes and independent variables 

is recommended to allow for more complex modelling. Future studies are also encouraged to 

adopt study designs that permit in-person assessment to measure other important factors. 
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Table 1. 

Descriptive Statistics. 

  Ideators   Attempters       

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
Sex         
  Male 33 25.19  43 27.92    
  Female 98 74.81  111 72.08  0.15 .70 
Sexual Orientation         
  Heterosexual 63 48.09  76 49.35    
  Homosexual 10 7.63  10 6.49    
  Bisexual 50 38.17  64 41.56    
  Other 8 6.11  4 2.60    
Age 27.97 7.38  28.17 18.29  -0.21 .84 
Race         
  White 107 81.68  111 72.08    
  Black 5 3.82  6 3.90    
  Hispanic 9 6.87  10 6.49    
  Asian 6 4.58 17 11.04 
  Other 4 3.05 10 6.49 6.23 .18 
Marital Status         
  Married 23 17.56  27 17.53    
  Divorced/Separated/Widowed 8 6.11  18 11.69    
  Never Married 100 76.34  108 70.13  2.79 .25 
Religion         
  Christian 30 22.90  30 19.48    
  Jewish 4 3.05  2 1.30    
  Islamic 1 0.76  1 0.65    
  Buddhist 3 2.29  3 1.95    
  None of the Above 93 70.99  118 76.61  1.78 .78 
Education         
  Some High School 4 3.05  7 4.55    
  High School Graduate 13 9.92  15 9.74    
  Some College 42 32.06  64 41.56    
  Two-Year College Graduate 11 8.40  14 9.09    
  Four-Year College Graduate 47 35.88  38 24.68    
  Post-Graduate Education 14 10.69   16 10.39   1.59 .84 
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Table 1 – continued 

 

  Ideators   Attempters       

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
Employment         
  Full-time 81 61.83  90 58.44    
  Part-time 20 15.27  23 14.94    
  Unemployed 30 22.90  41 26.62  0.53 .77 
Income         
  < $20k 29 22.14  36 23.38    
  $20-39k 29 22.14  41 26.62    
  $40-59k 15 11.45  18 11.69    
  $60-79k 16 12.21  14 9.09    
  $80-99k 6 4.58  5 3.25    
  > $100k 14 10.69  14 9.09    
  Prefer not to say 22 16.79  26 16.88  0.98 .33 
BSI 28.92 16.09  32.82 15.82  -2.06 .04 
BHS 12.37 5.69 13.73 5.71 -2.01 .045 
BDI 27.04 13.73 32.47 14.11 -3.29 .001 
BAM 13.05 5.16  13.99 4.80  -1.59 .11 
ACSS 14.41 7.98  16.90 7.66  -2.66 .01 
INQ         
  Thwarted Belongingness 40.14 12.80  42.16 12.92  -1.32 .19 
  Perceived Burdensomeness 21.13 10.09  24.74 11.31  -2.84 .005 
PPES 18.16 10.43  23.58 11.41  -4.19 <.001* 
ISI 12.66 6.49  14.62 6.42  -2.56 .01 
EAT 47.02 23.03  53.19 25.00  -2.17 .03 
AUDIT 6.36 7.17  7.24 7.60  1.01 .32 
RAND SF-36         
  Physical Functioning 81.17 23.13  79.66 23.20  0.55 .58 
  Role Limitation (Physical Health) 64.31 40.67  62.82 41.35  0.31 .76 
  Role Limitation (Emotional 
Health) 29.01 39.74  21.65 35.04  1.65 .10 
  Energy 28.36 19.16  22.62 17.02  2.65 .01 
  Emotional Wellbeing 40.71 18.98  36.34 19.09  1.93 .054 
  Social Functioning 54.87 26.70  44.48 25.36  3.35 < .001* 
  Pain 66.37 26.75  63.10 27.44  1.02 .31 
  General Health 45.95 21.62   41.23 22.86   1.79 .07 
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Table 1 – continued 

 

  Ideators   Attempters       

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
Reasons for Living         
  Survival Coping Beliefs 3.48 1.16  2.90 1.14  4.22 < .001* 
  Family Responsibilities 4.08 1.39  3.78 1.62  1.70 .09 
  Child Concerns 2.32 1.86  2.22 1.83  0.46 .65 
  Fear of Disapproval 2.79 1.50  2.59 1.47  1.13 .26 
  Moral Objection 1.82 1.23  1.57 1.05  1.80 .07 
Number of Psychiatric 
Diagnoses 3.06 2.09  4.12 2.18  -4.17 < .001* 
Number of Medical 
Conditions 4.11 3.20  5.37 4.15  -2.87 .004 
Number of Outpatient 
Services Received 1.76 1.10  2.51 0.92  -6.22 < .001* 
Psychiatric Medication         
  No 44 0.34  19 12.34    
  Yes 87 0.66 135 87.66 17.35 < .001* 
Psychiatric Hospitalization 
  No 106 0.81  68 44.16    
  Yes 25 0.19  86 55.84  38.70 < .001* 
Family Member Died by Suicide         
  No 98 0.75  111 72.08    
  Yes, distant relatives 10 0.08  15 9.74    
  Yes, second degree relatives 20 0.15  22 14.29    
  Yes, immediate family 3 0.02  5 3.25  0.70 .87 
Explicit Rating of Death 
Images -1.95 1.23  -1.68 1.57  -1.64 .10 
Explict Rating of Positive 
Images 2.67 1.30  2.57 1.48  .57 .57 
Age of Onset of Suicide 
Ideation 15.23 5.66  14.12 5.92  1.59 .11 
Worst Intensity of Suicide 
Ideation 4.23 0.87  4.81 0.42  -6.84 <.001* 
Worst Urge of Suicide 
Ideation 4.03 1.01  4.78 0.49  -7.54 <.001* 
Suicide Plan         
  No 68 0.52  19 12.34    
  Yes 63 0.48   135 87.66   50.41 < .001* 
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Table 1 – continued 

 

  Ideators   Attempters       

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
NSSI Ideation         
  No 25 0.19  22 14.29    
  Yes 106 0.81  132 85.71  0.86 .35 
NSSI         
  No 27 0.21  22 14.29    
  Yes 103 0.79   132 85.71   1.64 .20 

 

Note. χ2 = Chi-Square; t = Student’s t; * denotes significant findings surviving Bonferroni 

correction for multiple comparisons; BSI = Brief Symptom Inventory; BDI = Beck Depression 

Inventory; BHS = Beck Hopelessness Scale; BAM = Brief Agitation Measure; ACSS = Acquired 

Capability for Suicide Scale – Fearlessness about Death; INQ = Interpersonal Needs 

Questionnaire; PPES = Painful and Provocative Events Scale; ISI = Insomnia Severity Index; 

EAT = Eating Attitudes Test; AUDIT = Alcohol Use Disorders Identification Test; RAND SF-

36 = 36-Item Short Form Health Survey; NSSI = Nonsuicidal Self-Injury. 
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Table 2. 

Model Performance of Univariate Logistic Regression. 

  AUC CI Precision Recall Brier 

Sex 0.50 (0.49 - 0.51) 0.56 1.00 0.44 

Sexual Orientation 0.47 (0.40 - 0.55) 0.56 1.00 0.49 

Age 0.50 (0.49 - 0.51) 0.54 1.00 0.46 

Race 0.47 (0.43 - .051) 0.47 1.00 0.56 

Marital Status 0.50 (0.49 - 0.51) 0.60 1.00 0.40 

Religion 0.47 (0.36 - 0.57) 0.49 1.00 0.54 

Education 0.48 (0.43 - 0.53) 0.57 1.00 0.46 

Employment 0.50 (0.49 - 0.51) 0.51 1.00 0.49 

Income 0.50 (0.39 - 0.60) 0.57 1.00 0.47 

BSI 0.60 (0.50 - 0.71) 0.64 0.85 0.36 

BHS 0.56 (0.44 - 0.68) 0.66 0.66 0.42 

BDI 0.58 (0.46 - 0.70) 0.63 0.60 0.42 

BAM 0.56 (0.49 - 0.63) 0.49 0.94 0.47 

ACSS 0.46 (0.35 - 0.58) 0.58 1.00 0.51 

INQ      
  Thwarted Belongingness 0.42 (0.31 - 0.52) 0.53 1.00 0.57 

  Perceived Burdensomeness 0.46 (0.37 - 0.56) 0.51 1.00 0.53 

PPES 0.63 (0.53 - 0.74) 0.61 0.84 0.36 

ISI 0.59 (0.46 - 0.71) 0.70 0.62 0.40 

EAT 0.6 (0.50 - 0.71) 0.65 0.81 0.36 

AUDIT 0.52 (0.43 - 0.60) 0.61 0.86 0.42 

RAND SF-36      
  Physical Functioning 0.50 (0.49 - 0.51) 0.47 1.00 0.53 

  Role Limitation (Physical Health) 0.48 (0.36 - 0.60) 0.63 1.00 0.53 

  Role Limitation (Emotional Health) 0.51 (0.44 - 0.59) 0.44 0.90 0.54 

  Energy 0.56 (0.45 - 0.67) 0.58 0.72 0.43 

  Emotional Wellbeing 0.50 (0.39 - 0.60) 0.54 1.00 0.49 

  Social Functioning 0.51 (0.40 - 0.62) 0.52 0.65 0.49 

  Pain 0.50 (0.49 - 0.51) 0.56 1.00 0.44 

  General Health 0.61 (0.52 - 0.70) 0.60 0.90 0.38 

Reasons for Living      
  Survival Coping Beliefs 0.67 (0.56 - 0.77) 0.63 0.83 0.33 

  Family Responsibilities 0.45 (0.40 - 0.51) 0.54 1.00 0.51 

  Child Concerns 0.50 (0.49 - 0.51) 0.50 1.00 0.50 

  Fear of Disapproval 0.50 (0.38 - 0.61) 0.61 1.00 0.47 

  Moral Objection 0.61 (0.51 - 0.61) 0.62 0.90 0.36 
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Table 2 - continued 

 

  AUC CI Precision Recall Brier 

Number of Psychiatric Diagnoses 0.58 (0.46 - 0.69) 0.59 0.68 0.42 

Number of Medical Conditions 0.51 (0.39 - 0.62) 0.57 0.66 0.47 

Number of Outpatient Services Received 0.68 (0.58 - 0.78) 0.67 0.87 0.31 

Psychiatric Medication 0.59 (0.49 - 0.69) 0.58 0.81 0.4 

Psychiatric Hospitalization 0.70 (0.60 - 0.80) 0.77 0.61 0.31 

Family Member Died by Suicide 0.47 (0.42 – 0.52) 0.49 1.00 0.54 

Explicit Rating of Death Images 0.51 (0.41 - 0.60) 0.52 0.78 0.49 

Explicit Rating of Positive Images 0.50 (0.49 - 0.50) 0.51 1.00 0.49 

Age of Onset of Suicide Ideation 0.53 (0.44 - 0.62) 0.56 0.85 0.44 

Worst Intensity of Suicide Ideation 0.69 (0.59 - 0.79) 0.65 0.86 0.31 

Worst Urge of Suicide Ideation 0.74 (0.64 - 0.84) 0.69 0.79 0.26 

Suicide Plan 0.73 (0.62 - 0.83) 0.77 0.84 0.25 

NSSI Ideation 0.48 (0.39 - 0.57) 0.56 1.00 0.49 

NSSI 0.44 (0.37 - 0.52) 0.61 1.00 0.47 

Average 0.54 (0.46 - 0.62) 0.58 0.89 0.44 

 

Note. AUC = Area under the Curve; CI = 95% Confidence Intervals; BSI = Brief Symptom 

Inventory; BDI = Beck Depression Inventory; BHS = Beck Hopelessness Scale; BAM = Brief 

Agitation Measure; ACSS = Acquired Capability for Suicide Scale – Fearlessness about Death; 

INQ = Interpersonal Needs Questionnaire; PPES = Painful and Provocative Events Scale; ISI = 

Insomnia Severity Index; EAT = Eating Attitudes Test; AUDIT = Alcohol Use Disorders 

Identification Test; RAND SF-36 = 36-Item Short Form Health Survey; NSSI = Nonsuicidal 

Self-Injury. 
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Table 3. 

Model Performance. 

  Logistic Regression   Random Forest   Cluster Analysis 

  
Average 

Univariate  
All Independent 

Variables   Cross-Validation 
Bootstrap 
Optimism   

 

        
Entire Sample (Ideators = 131, Attempters = 154) 
AUC 0.54 (0.46-0.62) 0.62 (0.51-0.74)  0.78 (0.67 - 0.90) 0.89 (0.86 - 0.93)  0.59 (0.54 - 0.65) 
Precision 0.58 0.69  0.82 0.90  0.63 
Recall 0.89 0.60  0.82 0.92  0.60 
Brier 0.44 0.38  0.21 0.10  0.41 

        
Sub-sample (Ideators = 131, Severe Attempters = 63) 
AUC 0.51 (0.49 - 0.53) 0.60 (0.45 - 0.75) 0.75 (0.60 - 0.90) 0.89 (0.84 - 0.94) 0.58 (0.51 - 0.66) 
Precision 0.38 0.44 0.73 0.93 0.40 
Recall 0.88 0.47  0.62 0.81  0.63 

Brier 0.31 0.35   0.21 0.08   0.57 
 

Note. AUC = Area under the Curve. 
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Table 4. 

Characteristics of the Two Groups Identified by Cluster Analysis. 

  Group 1   Group 2       

 (n = 141)  (n = 144)    

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
Sex         
  Male 38 26.95  38 26.39    
  Female 103 73.05  106 73.61  < .001 .99 
Sexual Orientation         
  Heterosexual 77 54.61  62 43.06    
  Homosexual 10 7.09  10 6.94    
  Bisexual 50 35.46  64 44.44    
  Other 4 2.84  8 5.56  3.33 .19 
Age 28.83 8.52  27.34 7.81  1.54 .13 
Race         
  White 105 74.47  113 78.47    
  Black 8 5.67  3 2.08    
  Hispanic 8 5.67 11 7.64 
  Asian 14 9.93 9 6.25 
  Other 6 4.26  8 5.56  4.38 .36 
Marital Status         
  Married 32 22.70  18 12.50    
  Divorced/Separated/Widowed 14 9.93  12 8.33    
  Never Married 95 67.38  113 78.47  5.62 .06 
Religion         
  Christian 33 23.40  27 18.75    
  Jewish 4 2.84  2 1.39    
  Islamic 1 0.71  1 0.69    
  Buddhist 2 1.42  4 2.78    
  None of the Above 101 71.63  110 76.39  2.29 .68 
Education         
  Some High School 3 2.13  8 5.56    
  High School Graduate 10 7.09  18 12.50    
  Some College 55 39.01  51 35.42    
  Two-Year College Graduate 12 8.51  13 9.03    
  Four-Year College Graduate 38 26.95  47 32.64    
  Post-Graduate Education 23 16.31   7 4.86   2.19 .03 
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Table 4 - continued 
 
 

  Group 1   Group 2       

 (n = 141)  (n = 144)    

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
Employment         
  Full-time 91 64.54  80 55.56    
  Part-time 23 16.31  20 13.89    
  Unemployed 27 19.15  44 30.56  4.96 .08 
Income         
  < $20k 26 18.44  39 27.08    
  $20-39k 33 23.40  37 25.69    
  $40-59k 16 11.35  17 11.81    
  $60-79k 20 14.18  10 6.94    
  $80-99k 7 4.96  4 2.78    
  > $100k 18 12.77  10 6.94    
  Prefer not to say 21 14.89  27 18.75    
BSI 20.32 10.71 41.52 13.21 2.1 .03 
BHS 10.09 5.61 16.07 4.07 -14.90 < .001 
BDI 20.1 9.50  39.65 10.97  -16.09 < .001 
BAM 10.75 4.52  16.31 3.73  -11.29 < .001 
ACSS 15.53 7.74  15.97 8.06  -0.46 .64 
INQ         
  Thwarted Belongingness 35.45 12.66  46.92 10.33  -8.36 < .001 
  Perceived Burdensomeness 17.70 8.85  28.41 10.10  -9.49 < .001 
PPES 19.69 11.45  22.46 10.98  -2.08 .04 
ISI 10.18 5.55  17.19 5.42  -10.79 < .001 
EAT 44.04 21.34  56.63 25.42  -4.51 < .001 
AUDIT 6.58 7.03  7.08 7.78  -0.57 .57 
RAND SF-36         
  Physical Functioning 86.81 18.37  73.99 25.53  4.86 < .001 
  Role Limitation (Physical Health) 75.89 35.91  51.39 42.10  5.29 < .001 
  Role Limitation (Emotional Health) 40.90 43.16  9.49 21.47  7.75 < .001 
  Energy 36.86 16.93  13.90 10.81  13.61 < .001 
  Emotional Wellbeing 51.06 15.04  25.90 13.79  14.72 < .001 
  Social Functioning 66.13 20.68  32.73 20.38  13.74 < .001 
  Pain 74.31 22.16  55.10 28.23  6.40 < .001 
  General Health 53.65 20.09   33.37 19.88   8.57 < .001 
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Table 4 - continued 
 

  Group 1   Group 2       

 (n = 141)  (n = 144)    

 Mean SD  Mean SD    
  (N) (%)   (N) (%)    χ2 / t p 
NSSI         
  No 36 25.53  13 9.03    
  Yes 104 73.76  131 90.97  12.70 < .001 
Ideator vs. Attempter         
  Ideators 78 55.32  53 36.81    
  Attempters 63 44.68   91 63.19   9.10 .003 

 
 
Note. χ2 = Chi-Square; t = Student’s t; BSI = Brief Symptom Inventory; BDI = Beck Depression 

Inventory; BHS = Beck Hopelessness Scale; BAM = Brief Agitation Measure; ACSS = Acquired 

Capability for Suicide Scale – Fearlessness about Death; INQ = Interpersonal Needs 

Questionnaire; PPES = Painful and Provocative Events Scale; ISI = Insomnia Severity Index; 

EAT = Eating Attitudes Test; AUDIT = Alcohol Use Disorders Identification Test; RAND SF-

36 = 36-Item Short Form Health Survey; NSSI = Nonsuicidal Self-Injury. 
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APPENDIX A 
 

IRB APPROVAL MEMO 
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APPENDIX B 
 

SAMPLE CONSENT FORM 
 
FSU Behavioral Consent Form 

 

Accurate Classification of Suicide Thoughts and Behaviors 

 

You are invited to be in a research study of suicidal thoughts and behaviors. You are being asked 

to participate in a research study because based on the responses you provided on our screening 

questionnaire you are eligible for participation. We determined your eligibility based on your 

responses to questions about your experience with self-harm and/or suicidal behaviors. We ask 

that you read this form and ask any questions you may have before agreeing to be in the study. 

 

This study is being conducted by Xieyining Huang, BA, Department of Psychology, Florida 

State University.  

 

Background Information: 

Suicide is a leading cause of death worldwide. Although researchers have made some progress in 

understanding risk and protective factors for suicide, very little is known about specific risk 

factors for different types of suicidal thoughts and behaviors. As such, this study was designed to 

examine potential psychological factors unique to certain suicidal thoughts and behaviors. 

 

Procedures: 

If you agree to be in this study, your participation in this study will be completely confidential, 

and your information will be de-identified. Your participation will involve completing 

approximately one hour of questionnaires, which will all be done online. Questionnaires will 

include some questions about suicidal thoughts and behaviors. Some questionnaires will include 

words or pictures that may be unpleasant or distressing, including images related to self-injury, 

suicide, and death. Due to the sensitive nature of the questions involved, you are highly 

encouraged to select a location that ensures your privacy while completing the survey. 
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You are free to skip any section of the testing session or stop participating at any point. 

Throughout and at the end of the study, you will be reminded of mental health resources 

available to you, and encouraged to use those resources if you feel upset or suicidal, or if you 

would like to seek mental health services. Some of these resources include resources both in and 

outside of the United States. Resources include services available for immediate help (e.g., 

suicide hotlines like the National Suicide Prevention Lifeline (1-800-273-TALK), Befrienders 

Worldwide), information about how to locate a mental health clinician, and information about 

metal health advocacy and support organizations (e.g., National Alliance for the Mental Ill, 

International Association for Suicide Prevention). Because we will not know who you are, it will 

be up to you to take advantage of these resources. 

 

At the end of the survey, we will also provide you the opportunity to complete a task designed to 

increase positive mood. This task will involve looking at a slide show of pleasant images.  

 

Risks and Benefits of Being In The Study: 

The study has several risks. First, the questions that we ask and the pictures that we show may 

make you uncomfortable. There is a risk that you might feel upset when responding to some 

questionnaire items. Second, some tasks of this study will involve viewing potentially upsetting, 

graphic, and/or disturbing images, which you may also find distressing (click here for sample 

images). We do not expect that these feelings will last longer than a few minutes. Additionally, 

following each testing session, we will provide you with a list of hotlines and mental health 

resources to use. You are also free to skip any items or tasks or decide to stop participating at any 

time during the study without question. 

 

The Principal Investigator will withdraw you from the study in the event that any information 

collected during the course of the study indicates that it would be dangerous for you to continue 

to participate in the study. Specifically, if you express to the Principal Investigator that you 

believe the study is directly causing you significant and/or unexpected distress or harm. If you 

are withdrawn from the study, you will be provided with mental health resources. You will still 

be compensated for the study. 
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Compensation: 

You will receive a $10 compensation for participation in this study. Compensation will be in the 

form of electronic gift cards from Amazon.com sent directly to your email address. To maintain 

your privacy, we strongly recommend that you use a non-identifiable email address. That is, an 

email that does not include any identifiable information about you, such as your name. For more 

information about how to create an email information that does not include identifiable 

information, click here. 

 

Anonymity: 

All data we collect will be anonymous. That means that we will not collect any information that 

could be used to identify who you are or where you are located. We will only contact you using 

the email you provide us, which we ask is non-identifiable (i.e., does not include any information 

that can be used to identify or locate you). All your responses will be assigned a unique code 

number. All data will be stored on a password-protected computer in a locked office in the 

Psychology Department of Florida State University. 

 

The records of this study will be kept private and anonymous to the extent permitted by law. In 

any sort of report we might publish, we will not include any information that will make it 

possible to identify a subject.  However, research information may be shared with the FSU 

Institutional Review Board (IRB) and others who are responsible for ensuring compliance with 

laws and regulations related to research. 

 

Voluntary Nature of the Study: 

Participation in this study is voluntary. Your decision on whether or not to participate will not 

affect your current or future relations with the University. If you decide to participate, you are 

free to not answer any question or withdraw at any time without affecting those relationships. 

 

Contacts and Questions: 

The researcher conducting this study is Xieyining Huang, BA. You may ask any question you 

have now by emailing the Principal Investigator. Please allow up to 24 hours for a response. We 

ask that you not continue with the consent process until all your questions have been answered 
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satisfactorily. If you have a question later, you are encouraged to contact them at 1107 W. Call 

St., Tallahassee, FL 32306. 

 

If you have any questions or concerns regarding this study and would like to talk to someone 

other than the researcher(s), you are encouraged to contact the FSU IRB at 2010 Levy Street, 

Research Building B, Suite 276, Tallahassee, FL  32306-2742, or 850-644-8633, or by email at 

humansubjects@fsu.edu. 

 

Please click here to download a copy of this consent form for your records. 

 

Comprehension Questions 

Please read the following questions and select whether the statement is True or False. All 

answers can be found in the consent form above. 

 

1. I have to give my full name and other contact information to participate in this study 
True    False 

 

2. Once I agree to participate, I can choose to drop out for any reasons with no questions 
asked. 

True    False 

 

3. Some of the images included are extremely graphic suicide-related images. 
True    False 

 

4. I will receive a $10 Amazon gift card for my participation in the study. 
True    False 

 

 

Statement of Consent: 

I have read the above information.  I have asked questions and have received answers.  I consent 

to participate in the study. 

 

  By clicking here, I agree to participate in the study. 
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