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Algorithms and digital 

footprints: from personality 

prediction to influencing 

emotions 



This lecture’s objectives

•Discuss the role of psychology in artificial intelligent systems

•Discuss how digital traces can be used to distill personality traits  and other characteristics

•Discuss digital emotion contagion and how to measure this

•Acknowledge ethical considerations of AI systems



Today’s lecture

Aritificial Intelligent Systems

Digital traces

Emotion Contagion



Artificial Intelligent Systems



Artificial Intelligent Systems

•Rahwan, I., Cebrian, M., Obradovich, N., Bongard, J., Bonnefon, J.-F., Breazeal, C., … Wellman, M. 
(2019). Machine behaviour. Nature, 568(7753), 477–486.

•Working definition: 

AI agents: “complex and simple algorithms used to make decisions” 

What about social media and other technologies? It’s all about the algorithms supporting these tools 
and the digital traces created.

I focus on the human-side of social AI and technology



What do you think is the impact of Artificial 
Intelligent Systems on Human Behaviour?

Psychology Social / AI Technologies



How do you think psychology and neuroscience 
impact the development of Artificial Intelligent 
Systems?

Psychology Social / AI Technologies



What’s ahead?

[link]

https://www.youtube.com/watch?v=kc_Jq42Og7Q


Let’s dissect

•Users are manipulated by algorithm to adjust you to goals of advertiser

•Constant (mild) behaviour modification 

•Constant surveillance 

•Negative moods 

• Increase in depression amongst teenagers 

•Negative influence on politics (”unreal”)

•Addictive schemes, statically addicted (population-level) 

•“Silicon Valley spying empires” (Facebook, etc.)

https://www.youtube.com/watch?v=kc_Jq42Og7Q


Palaeolithic brain, modern-day technologies

Tristan Harris

“Human downgrading”

We need to “realigning technology with our humanity”



So much debate without data/research

“Internet is a gift from God”
“establish forms of communication that do not  increase humaneness but 

instead risk increasing a sense of solitude and disorientation”



Artificial Intelligent Systems

•Rahwan, I., Cebrian, M., Obradovich, N., Bongard, J., Bonnefon, J.-F., Breazeal, C., … Wellman, M. 
(2019). Machine behaviour. Nature, 568(7753), 477–486.

•Why study this?

1. Ubiquity of algorithms/AI/technology

2. Complexity and opacity of algorithms/AI/technology

3. These can have beneficial and detrimental effects on humanity

Hutson (2018) Science



Socially Intelligent Artificial Technologies

Rahwan et al. 2019 Nature



Socially Intelligent Artificial Technologies

Rahwan et al. 2019 Nature



Rahwan et al. 2019 Nature

Socially Intelligent Artificial Technologies



Socially Intelligent Artificial Technologies

Rahwan et al. 2019 Nature

Interested in the F-AI-MILY project: 

let’s connect



It’s an interdisciplinary endeavor 

Rahwan et al. 2019 Nature



Eyssel (2017) Robotics and Autonomous Systems

Systematic investigation: 

theory + experimental methodological approach

AI needs Psychology!



AI needs Psychology!



It’s a new society



It’s a new society

•Hybrid Human-machine behaviour:

-Machines shape human behaviour
How do they influence our believes and behaviours?

How do they change our social life and society?

-Humans shape machine behaviour
More engineering aspect (what algorithm to use)

-Human-machine co-behaviour
How do they work together (e.g. Twitter, bubbles, detection in health care)



Human-machine co-behaviour

•AI chatbot by Microsoft: ”conversational understanding”

•Targeted at 18- to 24-years-olds in the US

•Learning by conversation

•But people started ‘feeding’ it racists, and misogynistic conversations 



AI systems shape human behaviour

Psychology Social / AI Technologies



Data is the fuel



How much data do we create?

•Facebook: >2 billion users, >100 billion messages, >1 billion stories

•Whatsapp: >1 billion users

•Twitter: >330 million users

• Instagram: > 1 billion users

•Youtube: >2 billion users, >5 billion videos

•TikTok: > 1 billion users



Today’s lecture

Aritificial Intelligent Systems

Digital traces



Data are Digital Traces

•Rafaeli, A., Ashtar, S., & Altman, D. (2019). Digital Traces: New Data, Resources, and Tools for 
Psychological-Science Research. Current Directions in Psychological Science, 0963721419861410. 

•Digital traces are records (logs) of people’s behaviour: Facebook likes, Tweets, vlogs, blogs, 
youtube history, cookies, etc.

•“Digital Traces are collected and retained by Internet platforms, sensors, and other devices and 
typically comprise contextual data about when, where, and for how long behaviours occurred”

•But you need new analytic tools to analyse this → fuel of AI (big data)

“Goldmine of data for psychological science”



Digital Traces

Three advantages of digital traces for psychological science:

 1. Bigger and/or different sample population, beyond the WEIRD-population. 

 2. Detailed recording/measurement of behaviours that include context

 3. ‘Digital dossier’: implicit and explicit behaviour of individual, reducing experimental bias

But: challenge is potential bias (self-selection of platform used, e.g. Twitter/Facebook/TikTok)



Social Media Data

This overlaps with:

•Meshi, D., Tamir, D. I., & Heekeren, H. R. (2015). The Emerging Neuroscience of Social Media. 
Trends in Cognitive Sciences, 19(12), 771–782. 

Five reasons why to use social media data

1. Externally valid measures of real-world behaviour

2. Real-time continuous measures of social behaviour

3. Extended period of time

4. Quantifiable

5. Can be used in conjunction with real-world behaviours

But besides self-selection, there is the risk of awareness biases and the parallel is not endless



Social Media Data

This overlaps with:

•Meshi, D., Tamir, D. I., & Heekeren, H. R. (2015). The Emerging Neuroscience of Social Media. 
Trends in Cognitive Sciences, 19(12), 771–782. 

Examples of proxies:

1. Offline thoughts (e.g. I statements)

2. Emotional states (e.g. content of posts)

3. Social conformity (e.g. are you influences by posts of friends)

4. Prosocial behaviour (e.g. liking a post)

5. Curiosity (e.g. time scrolling through feed)

6. Personality traits (e.g. predicted from likes)

7. Social network

8. Social interaction



Digital Traces

•The logs can be collected through:
1. Self-report (“how many hours have you spent on Instagram?”)
2. Application Programming Interface (API): data collection interface (https://developer.twitter.com) 
3. Web scraping: e.g. Twitter (DIY: https://psyteachr.github.io/hack-your-data/scrape-twitter.html)
4. Collaboration with organization (e.g. Facebook; Kramer et al. 2014 PNAS)
5. Smart phones, sensors or apps (e.g. Cozmo robot; Cross…Hortensius, 2019 PTRB) 

•Data can be analysed through:
1. Traditional methods (e.g. correlation, anova)
2. Automated tools (e.g., text analysis → sentiment analysis)
3. Deep learning also referred to as machine learning

Challenge: 

-data wrangling (R, python); but new data and programming skills needed

-Collaboration (computer science, neuroscience, psychology)

Reference slide for self-study

https://developer.twitter.com/
https://psyteachr.github.io/hack-your-data/scrape-twitter.html
https://psyteachr.github.io/hack-your-data/scrape-twitter.html
https://psyteachr.github.io/hack-your-data/scrape-twitter.html
https://psyteachr.github.io/hack-your-data/scrape-twitter.html
https://psyteachr.github.io/hack-your-data/scrape-twitter.html
https://psyteachr.github.io/hack-your-data/scrape-twitter.html
https://psyteachr.github.io/hack-your-data/scrape-twitter.html


Digital Traces

•Ethical issues

-  Issue of consent

-  Privacy

-  Data ownership 

-  ‘Surveillance capitalism’ 





Personality prediction

•Personality prediction using digital traces?

•Browsing logs, websites, music collections, online social network properties, online language



Personality prediction

•Kosinski, M., Stillwell, D., & Graepel, T. (2013). Private traits and attributes are predictable from 
digital records of human behavior. Proceedings of the National Academy of Sciences, 110(15), 
5802–5805. 

•Latent states in data: what can be predicted for digital traces?



Personality prediction

• Instead of responses to a personality questionnaire (1-10) we have likes (y | n)

•Assumption: Like = positive association with item (e.g. musician)

•<2013: Likes were public!



Personality prediction

•n = 58,466 US volunteers (mypersonality FaceBook 
application). 

•Data includes: Facebook profile information, psychometric 
test scores, survey information, and list of likes (Mean n of 
Likes = 170)

•Likes: 1 or 0 (no association between Like and user)



Personality prediction

•Reduce the dimensions using SVD

https://vas3k.com/blog/machine_learning/

Reference slide for self-study



Personality prediction

•Predict gender, age, relationship status (single/in relation), 
network size and density, sexual orientation (“interested 
in”), ethnic origin, political views (liberal/conservative), 
religion (Muslim/Cristian), personality (BIG5), intelligence, 
satisfaction with life, substance use (for alcohol, drugs, 
cigarettes), “whether an individual’s parents stayed 
together until the individual was 21y old” using regression 
analyses

From: Facebook | survey | questionnaire | visual inspection

Reference slide for self-study



Personality prediction

•Regression with cross-validation

•Either Pearson product-moment correlation between 
actual and predicted values across participants

•AUC: probability of correctly classifying two random 
participants (one of each class)

Reference slide for self-study



Personality prediction



Personality prediction

How much data do you need?



Personality prediction



Personality prediction

•From a psychological science / societal perspective what are some of the concerns? Theoretical, 
methodological, data etc.

•What are potential consequences? 



Human and computer personality prediction

Hinds & Joinson (2019). CDPS



Human and computer personality prediction

Hinds & Joinson (2019). CDPS



Human and computer personality prediction

Hinds & Joinson (2019). CDPS



Personality prediction

Can we predict traits and other person characteristics? Yes

Positive and negative consequences

 



Psychological targeting

-Create a targeted ads

Matz et al. (2017). PNAS



Psychological targeting

Study I:

-n = 3,129,993 (reach)

-10,346 clicks

-390 purchases

Study II:

-n = 84,176 (reach)

-1,130 clicks

-500 app installs

Matz et al. (2017). PNAS



Psychological targeting

•Just a single Like can be used to reconstruct personality and effectively target that individual

•Limitations:

-Stability of meaning of digital traces

-Self-report measure bias

-Other psychological traits?

-What about less extreme groups?

•Ethics:

- Impact: Weapons of mass persuasion

- Implications for user: privacy, legislation 



Applications





Applications and future

Tool:

-scans social media sites and scrapes websites

-personality traits (conscientiousness, openness, neuroticism, and dark triad)

-credit and identity checks and ‘secure third-party databases’

-keyword, image, video associations with drugs/alcohol etc.

Result in ‘person graph’ that is cross-referenced with other data (social connection, employment, education)



Real life

https://www.youtube.com/watch?time_continue=28&v=Q91nvbJSmS4&feature=emb_logo


Beyond 1984 and Black Mirror

•How can we use prediction from digital traces and psychological targeting to positively influence 
human behaviour? Should we do this? When?

•What is the role of researchers? Developers of algorithms? Psychological scientists?

•Privacy? Consent? Opt-out?



Ethical considerations

Dr. Koert van Mensvoort

Creative Director Next Nature

Artist/philosopher

www.nextnature.net

“Technology is the 

self-portrait of 

humanity”

[link]

[link]

Reference slide for self-study

https://www.youtube.com/watch?v=WjAkzPhqsxo
https://www.youtube.com/watch?v=WjAkzPhqsxo


Today’s lecture

Aritificial Intelligent Systems

Digital traces

Emotion Contagion



“The Facebook Study”

•Kramer, A. D. I., Guillory, J. E., & Hancock, J. T. (2014). Experimental evidence of massive-scale 
emotional contagion through social networks. Proceedings of the National Academy of Sciences, 
111(24), 8788–8790. 

•Study focuses on emotion contagion: transfer of emotions across people

•Emotion contagion: present in offline interactions (transfer of emotional states to other people)

EmotionP1 → EmotionP2 | EmotionP1 → EmotionP2 but strictly speaking not EmotionP1 → EmotionP2



“The Facebook Study”

Study reports on “a test whether posts with 

emotional content are more engaging”

Ranking:

1. Your interactions with previous broadcasts

2. Type of broadcast

3. Feedback (likes, shares, reactions)

4. Time

5. Other factors: internet, phone, …

“these are just some of the thousands of signals 

that may be considered for News Feed ranking.” 

– Facebook help centre



“The Facebook Study”
Remove positive or negative posts by friends

Measure percentage of all words in broadcasts

that were positive or negative

About 155,00 participants per condition



“The Facebook Study”

•Emotion contagion

•Cross-emotional encouragement effect 

1. “Overhearing” friend’s emotional state

2. EC does not require nonverbal cues

3. No differences between emotions

n = 689,003 



“The Facebook Study”

•Small effect sizes: d = 0.02 to d = 0.001

“comparable to a hypothetical treatment that 
increased the average height of the male 
population in the United States by about one 
twentieth of an inch (given a standard 
deviation of ~2.8 inches)” -  Tal Yarkoni

• Is this emotion contagion? Or just expression 
of emotion in response to broadcasts? Almost 
a form of feedback



The ethics of the “The Facebook Study”

Reflect of this study:

•What are some of the ethical concerns (if any)?

•What are the responsibilities of the researcher?

•How do researchers navigate collaborations with industry?

Reference slide for self-study



Digital emotion contagion



The ethics of the “The Facebook Study”

•Editorial Expression of Concern and Correction published by Editor-in-Chief



The ethics of the “The Facebook Study”

•Tal Yarkoni: 

Four reasons why it is overblown:

-It did not add content to induce, but removed content

-Manipulation is part of the Facebook experience, no new risks

-These A/B experiments are run everyday by different companies

- It can be in your benefit

Critique: counterproductive (sharing of data and results less likely)

Further:

-A/B testing is not known to a lot of people (at least in 2014)

-The issue of ethics approval (depends on origin of study)

-What quantifies as research? 

- Informed consent is not always possible (e.g., observational studies)



Beyond digital emotion contagion

https://www.nytimes.com/interactive/2019/06/08/technology/youtube-radical.html 

https://www.nytimes.com/interactive/2019/06/08/technology/youtube-radical.html
https://www.nytimes.com/interactive/2019/06/08/technology/youtube-radical.html
https://www.nytimes.com/interactive/2019/06/08/technology/youtube-radical.html


Going back to machine behaviour



Today’s lecture

Aritificial Intelligent Systems

Digital traces

Emotion Contagion



IOS-Themes: 
SWOT analysis of  current topic

Strenghts Weaknesses

Opportunities Threats

• Bias

• Consent/privacy

• Ownership

• Test theories

• Better measures

• Diverse sample

• Persuasion

• Personalisation

• Validity

• Impact

• Legislation

• Surveillance

• Autonomy

• Persuasion

• Online targeting

• Ethics

Positive Negative 

Internal 

External 



IOS-Themes: 
which IOS platforms have 

links with the current topic? 



29-4-2026

Democracy and
good governance

Transitions and well-being

Equality and diversity

Security in Open Societies

Bottom-up Initiatives 

for Societal Change

Behaviour and Institutions

Contesting Governance

Futures of Democracy

The Transactional State 

as an Institution for Good

Future of Work

Open Cities

Fair Transitions

Longtermism and Institutional Change

Markets and Corporations

Gender, Diversity and Global Justice

In/Equality

Openness challenged: the university at risk?

IOS-Themes: 15 
platforms



This lecture’s objectives

•Discuss the role of psychology in artificial intelligent systems

•Discuss how digital traces can be used to distill personality traits  and other characteristics

•Discuss digital emotion contagion and how to measure this

•Acknowledge ethical considerations of AI systems



Beyond 1984 and Black Mirror



Questions?

Contact

r.hortensius@uu.nl

https://human-plus.gitlab.io/

Interested in the F-AI-MILY project: 

let’s connect
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