Personality Attributes and their Associations with Opioid Use
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Can Five Factor Model personality attributes and the use of other drugs predict opioid use?

Background:
* Opioid-related overdoses reached an all-time high in 2020 with over 70 000 deaths in the USA and 6300 deaths in Canada'
* The use of psychoactive drugs can contribute to poor health over time. Along with poverty and social connectedness, the risk

of drug consumption can be associated with personality traits described by the Five Factor Model (FFM)?% 3.4,
* The current crisis in Canada points to a need to investigate how individual differences in personality contribute to opioid use

1.Construct and validate one predictive model to predict risk of opioid use
2.Construct and validate a second model using a clustering method to identify groups of similar participants

Objectives:
Methods:

Statistical software used: R and R studio

Dataset: UCI Machine Learning Repository3

Personality Factors Demographics

* FFM: neuroticism, extraversion, * Education, age, gender
openness to experience, .
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Logistic Regression

Online

* AUC performance comparable with machine learning methods?
Surveys

* Model 1: Backwards elimination
* Model 2: Training (70%)and test (30%) dataset with down-sampling
to mitigate overfitting

Cluster Analysis: Partitioning around Medoids (PAM)

Composite outcome: Heroin and/or methadone use

e Silhouette width and Gower distance which is a commonly used
measure of distance for mixed datasets>
* Full model vs. clusters after randomly splitting data in half

Education

Clustering Results:

2 clusters were the most appropriate for all 3 analyses. For the full model:
 The participants in Cluster 1 tended to be young, highly educated, and
there were more females than males.
Cluster 2 included most of the users of heroin and methadone, and
across the board, there were more users than non-users for every drug
except for caffeine, alcohol, and chocolate.
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* Demographics after removing participants who claimed to use the fictitious drug semeron.

e Gender was almost equally distributed with 938 females and 941 males.
1 outlier was later removed before running analyses.

Regression Results

The regression table to the left
shows the results of Model 2

with pseudo-R?=0.43 compared
to pseudo-R?=0.39 for Model 1.

Full Dataset
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Conclusions: Opioid Use

 Backwards elimination regression model showed better predictive performance than a model using just the use of
benzodiazepines as a predictor. Model 2 mitigated overfitting and performed comparably to Model 1.

 Although clusters were stable, they may have been more distinct if different data collection methods other than
online recruitment were used. This could have resulted in a more representative sample.
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