
Non-Cognitive 
Predictors of Student 
Success:
A Predictive Validity 
Comparison Between 
Domestic and 
International Students

Social media for public health makes 

possible massive, real-time analyses of 

health behaviors and opinions. However, 

users don’t report demographics, 

requiring automated methods to 

contextualize these analyses. We explore 

challenges in collecting data and training 

predictive models for social media user 

demographics. 

PREDICTIVE MODELS

1. Bag-of-words model of the user’s 

writing history

2. Character-level neural network model 

of the user’s (screen) name

LABEL COLLECTION

1. Buy (un)trained human labels

2. Scrape (noisy) online self-reports

3. Survey self-reports for evaluation

TAKEAWAYS

1. With enough data, can predict 

demographics from names alone

2. Helps to scrape noisy self-reports

3. All datasets raise concerns of bias
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gender
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CHALLENGES

• How are demographic categories defined on 

social media? What are the ethical 

consequences of imperfect definitions?

• Do untrained annotators make systematic 

mistakes on different demographic groups?

• Are users who self-report demographics 

representative of the larger population?

POSSIBILITIES

• With enough data, our methods are accurate

• Can widen our data collection with 

automated methods

• Can explore or model possible selection bias
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FUTURE WORK

1. Can we expand our data collection to 

better model the complexities of race 

and gender?

2. In what settings are these models 

accurate enough to contextualize 

large-scale public health analyses of 

social media data?

3. Can we mitigate methodological bias 

from human and automated labels?
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