
The Search for Emotions in Language

Saif M. Mohammad 
Senior Research Scientist, National Research Council Canada

Saif.Mohammad@nrc-cnrc.gc.ca @SaifMMohammad
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Emotions
• Determine human experience
• Condition our actions
• Central in organizing meaning



Emotions
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How many emotions can we perceive?

Difficult question:
� fuzzy emotion boundaries, overlapping meanings, socio-cultural influences, etc.
Some studies suggest 500 to 600 emotion categories!
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Psychological Models of Emotions

5@SaifMMohammad



Basic Emotions Theory (BET)
Some categorical emotions (joy, sadness, fear, etc.) are more basic than others

� Paul Ekman, 1971: Six Basic Emotions
� Plutchik, 1980: Eight Basic Emotions
� And many others

Some important tenets of BET discredited
� See Theory of Constructed Emotion (Barrett, 2017)
� Still useful to work on categorical emotions

6

Plutchik’s Emotion Wheel
Image credit: Julia Belyanevych
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Dimensional Theory of Emotions
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Influential factor analysis studies (Osgood et al., 1957; Russell, 1980, 2003) 
have shown that the three most important, largely independent, 
dimensions of word meaning:
� valence (V): positive/pleasure – negative/displeasure
� arousal (A): active/stimulated – sluggish/bored
� dominance (D): powerful/strong – powerless/weak

Thus, when comparing the meanings of two words, 
we can compare their V, A, D scores. For example:
� banquet indicates more positiveness than funeral
� nervous indicates more arousal than lazy
� queen indicates more dominance than delicate

valence

arousal

dominance
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Word-Emotion Association Lexicons
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Over the years, created lexicons for both categorical emotions as well 
as for valence, arousal, and dominance
� Lists of words associated with joy, sadness, fear, etc.
� Lists of words and their valence, arousal, and dominance scores
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NRC Word–Emotion Association Lexicon aka NRC Emotion Lexicon or EmoLex (2010)
provides associations for ~14,000 words with eight emotions
http://saifmohammad.com/WebPages/NRC-Emotion- Lexicon.htm

The NRC Emotion Intensity Lexicon aka Affect Intensity Lexicon (2018-19)
provides intensity scores for ~6000 words found to be associated with the 8 emotions
http://saifmohammad.com/WebPages/AffectIntensity.htm

NRC Valence, Arousal, and Dominance Lexicon (2018)
provides ratings of valence, arousal, and dominance for ~20,000 English words
http://saifmohammad.com/WebPages/nrc-vad.html

NRC Word–Colour Association Lexicon (2010)
provides associations for ~14,000 words with 11 common colours 
http://saifmohammad.com/WebPages/lexicons.html
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(anger, fear, joy, sadness, 
anticipation, disgust, surprise, trust)
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Crowdsourcing and Quality Control

About 2% of the data was annotated internally beforehand (by the author) 
� These gold questions are interspersed with other questions
� If one’s accuracy on the gold questions falls below 80%, 
◦ all of their annotations are discarded

Comparative annotations (not Likert scales)
� Avoids various biases

For example, for the NRC VAD lexicon (Mohammad, 2018):
� Obtained ~800,000 annotations for about 20K words 
� Markedly higher re-annotation reliability (e.g., over Warriner et al., (2014) lexicon)

All crowdsourcing work approved by NRC’s Research Ethics Board.

10@SaifMMohammad



Reliability (Reproducibility) of Annotations 

Average split-half reliability (SHR): a commonly used approach to 
determine consistency (Kuder and Richardson, 1937; Cronbach, 1946)
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Pearson correlation: -1(most inversely correlated) to 1(most correlated)
higher scores indicate higher reliability



Split-Half Reliability Scores for VAD Annotations
higher scores indicate higher reliability

Annotations # Terms # Annotations V A D

Warriner et al. (2013) 13,915 20 per term 0.91 0.79 0.77
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Markedly lower SHR for A and D.
The dominance ratings seem especially problematic since the Warriner 
V-D correlation is 0.71.
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Annotations # Terms # Annotations V A D

Warriner et al. (2013) 13,915 20 per term 0.91 0.79 0.77

Ours (Warriner terms) 13,915 6 per tuple 0.95 0.91 0.91
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Split-Half Reliability Scores for VAD Annotations
higher scores indicate higher reliability



Annotations # Terms # Annotations V A D

Warriner et al. (2013) 13,915 20 per term 0.91 0.79 0.77

Ours (Warriner terms) 13,915 6 per tuple 0.95 0.91 0.91

Ours (all terms) 20,007 6 per tuple 0.95 0.90 0.90
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These SHR scores show for the first time that highly reliable fine-grained ratings can be 
obtained for valence, arousal, and dominance. Also, our V-D correlation is 0.48.

@SaifMMohammad

Split-Half Reliability Scores for VAD Annotations
higher scores indicate higher reliability



Relationship Between Categorical Emotions and VAD
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The size of the point is proportional to the intensity 
of the emotion. 

Dominance–Arousal scatter plots for 
words associated with the four emotions.

Word Affect Intensities. Saif M. Mohammad. 
In Proceedings of the 11th Edition of the 
Language Resources and Evaluation 
Conference (LREC-2018), May 2018, 
Miyazaki, Japan.



Zooming Out
A partial landscape of AER work directions
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Three Strands of The Work

1. Human annotations of words, 
phrases, tweets, etc. for emotions 

2. Develop automatic emotion related 
systems
◦ predicting emotions of words, tweets, 

sentences, etc.
◦ detecting stance, personality traits, 

well-being, cyber-bullying, etc.
◦

3. Ethics in AI/NLP
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� better understand 
◦ how we (or different groups of 

people) use language to express 
emotions and convey 
meaning/information
◦ language and meaning
◦ emotions
◦ people

� create AI tools/systems to assist 
people

Goals



NLP and ML systems more ubiquitous; receiving more scrutiny
� technology at odds with the people 
� more adverse outcomes for those that are already marginalized

What part do we play in this as researchers, system builders, leaders of 
tech companies? 

What are the hidden assumptions in our research/work/product? 

What are the unsaid implications of our choices? 

Are we perpetuating and amplifying inequities 
or are we striking at the barriers to opportunity? 

18@SaifMMohammad

Do Machines Make Fair Decisions?

Do People Make Fair Decisions?

Ethics in AI/NLP



Examples of Real-World Systems Gone Wrong
� HireVue’s non-scientific attempt to 

predict ability from facial appearance

� Microsoft’s racist chatbot, Tay, posts 
inflammatory and racist tweets

� Amazon’s AI recruiting tool biased 
against women

� Face recognition systems biased 
against dark-skinned women

� Recidivism systems biased against 
African Americans

� Mass application of emotion recognition 
systems on vulnerable populations
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but…
Do we need worry about ethics for 
tasks other than face recognition?
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AI Task Controversy

� Face recognition
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AI Task Controversy

� Face recognition
� Emotion recognition (from text) 
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AI Task Controversy

� Face recognition
� Emotion recognition 
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(unholy)
combination



AI Task Controversy

� Face recognition
� Emotion recognition 
� Personality trait identification
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AI Task Controversy

� Face recognition
� Emotion recognition 
� Personality trait identification
� Machine translation
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AI Task Controversy

� Face recognition
� Emotion recognition 
� Personality trait identification
� Machine translation
� Image generation
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AI Task Controversy

� Face recognition
� Emotion recognition 
� Personality trait identification
� Machine translation
� Image generation
� Text generation
� Text summarization
� Detecting trustworthiness
� Deception detection
� Information retrieval
� …
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AI Task Controversy

� Face recognition
� Emotion recognition 
� Personality trait identification
� Machine translation
� Image generation
� Text generation
� Text summarization
� Detecting trustworthiness
� Deception detection
� Information retrieval
� …
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All AI tasks have their own set of unique ethical 
considerations:
• with various degrees of societal impact



A Call to Create Ethics Sheets for AI Tasks
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a carefully compiled document that substantively engages with the ethical issues 
relevant to that task; going beyond individual systems and datasets, drawing on 
knowledge from a body of relevant past work and from the participation of various 
stakeholders.

Useful to have right at the beginning when one:
� starts work on an existing AI Task
� conceptualizes a new AI Task



Ethics Sheet for 
Automatic Emotion Recognition and Sentiment Analysis
Medium Blog Post: To Appear in CL Journal June 2022
https://medium.com/@nlpscholar/ethics-sheet-aer-b8d671286682
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Task Design



Data



Method



Impact and Evaluation



Implications for Privacy and for Social Groups



• Is it even possible, or ethical, to determine one’s internal mental state? 
• What are the implications of human variability and creativity?
• Who is often left out in the design of existing systems? 
• Which model of emotions is appropriate for a specific task/project?
• Are we carelessly endorsing questionable theories? 
• Are AI systems conveying to the user what is “normal”; implicitly invalidating 

other forms of emotion expression?

Ethics Sheet for Emotion Recognition: Key Questions

creativityfairness emotions



Three Strands of The Work

1. Human annotations of words, 
phrases, tweets, etc. for emotions 

2. Develop automatic emotion related 
systems
◦ predicting emotions of words, tweets, 

sentences, etc.
◦ detecting stance, personality traits, 

well-being, cyber-bullying, etc.
◦

3. Ethics in AI/NLP
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� better understand 
◦ how we (or different groups of 

people) use language to express 
emotions and convey 
meaning/information
◦ language and meaning
◦ emotions
◦ people

� create AI tools/systems to assist 
people

Goals



Detecting Emotions in Stories
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Tracking Emotions in Stories (Kurt Vonnegut inspired)

� Can we automatically track the emotions of characters?
� Are there some canonical shapes common to most stories?
� Can we track the change in distribution of emotion words?

39@SaifMMohammad



40@SaifMMohammad

From Once Upon a Time to Happily Ever After: Tracking Emotions in Novels and Fairy Tales, Saif  Mohammad, In Proceedings of  the ACL 
2011 Workshop on Language Technology for Cultural Heritage, Social Sciences, and Humanities (LaTeCH), June 2011, Portland, OR. 

Back in 2011:
Tracking emotion word distribution 
in novels and fairy tales.



Work on Shapes of Stories

� From Once Upon a Time to Happily Ever After: Tracking Emotions in Novels and Fairy Tales, Saif  Mohammad, In 
Proceedings of  the ACL 2011 Workshop on Language Technology for Cultural Heritage, Social Sciences, and 
Humanities (LaTeCH), June 2011, Portland, OR. 

� Character-based kernels for novelistic plot structure. Elsner, M., 2012, April. In Proceedings of  the 13th Conference of  
the European Chapter of  the Association for Computational Linguistics (pp. 634-644). Association for Computational 
Linguistics.

� A novel method for detecting plot. M. Jockers http://www.matthewjockers.net/2014/06/05/a-novel-method-for-
detecting-plot/, June 2014.

� The emotional arcs of stories are dominated by six basic shapes. Reagan, A.J., Mitchell, L., Kiley, D., Danforth, C.M. and 
Dodds, P.S., 2016. EPJ Data Science, 5(1), p.31.
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Generating music from text
Paper:
� Generating Music from Literature. Hannah Davis and Saif  M. Mohammad, In Proceedings 

of  the EACL Workshop on Computational Linguistics for Literature, April 2014, 
Gothenburg, Sweden. 

@SaifMMohammad

Hannah Davis 
Artist/Programmer
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A method to generate music from literature
• music that captures the change in the distribution of emotion words 

#�Ã�Ø�ã«Ã¢�AèÜ«��¡ØÊÂ�;«ã�Ø�ãèØ�ʈ
+DQQDK�'DYLV�DQG�6DLI�0RKDPPDG�

"èãèØ��rÊØ¹

43@SaifMMohammad



44

TransProse
Automatically generates three simultaneous piano melodies pertaining 
to the dominant emotions in the text, using the NRC Emotion Lexicon.

@SaifMMohammad



Examples 
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TransProse
Automatically generates three simultaneous piano melodies pertaining 
to the dominant emotions in the text, using the NRC Emotion Lexicon.

@SaifMMohammad



TransProse Music Played by an Orchestra,
at the Louvre Museum, Paris
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Emotion Dynamics of Fictional Characters
Paper:
� Emotion Dynamics in Movie Dialogues. Will E. Hipson, Saif  M. Mohammad, PLOS One, 2021. 

@SaifMMohammad

Will Hipson
Psychologist/Programmer

(Picture by: Mulyadi)
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Emotion Dynamics (from Psychology)

Study of change in emotional state with time 
◦ intensive longitudinal data (repeated self-reports of emotional state)
◦ quite difficult to obtain such data

Another window into emotions is through our words: 
� E.g., if happier, we are likely to utter more happiness-associated words

Utterance Emotion Dynamics: study of change in emotion words over time 
(Hipson and Mohammad, 2021)

@SaifMMohammad
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Utterance Emotion Dynamics: Metrics

� Emotion word density 
◦ proportion of emotion words

� Home base
◦ steady state locations in affect space 

� Emotional variability 
◦ degree to which emotional state changes with time

� Displacement (Count and Lengths)
◦ how often one leaves home base
◦ how far they go
◦ average peak distance

� Rise and Recovery Rates 
◦ how quickly one leaves/returns to home base

@SaifMMohammad

Example home bases of two people in the v-a space. 
person 1: ellipse in pink
person 2: ellipse in grey
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Character Dialogue from Literature and Film

� Source of abundant longitudinal text
� Drives the plot
� Direct way to understand what a character is feeling

Data we used:
� Scripts from the Internet Movie Script Database (IMSDb) 
� 1,123 movie scripts with ~54,000 characters
� Dialogues grouped into turns
◦ sequence of uninterrupted utterances by a character
◦ ~2,600 characters (~5%) had at least 50 turns: main characters  

@SaifMMohammad
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Analyzing Characters
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Plots: Emotion arcs/trajectories of
Jack and Wendy, from The Shining

Affect Dimensions: Valence, 
Arousal, Valence – Arousal 
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For each UED metric, calculated average and standard deviation of 
scores for all characters
� Set baselines
� Individual characters can then be examined in terms of where they lie 

in the distribution

Benchmarked Emotion Word Usage
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Used UED metrics to Analyzing Characters
Across narrative time and emotion space
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Plot: Average emotion word densities across narrative time

Affect Dimensions: Positive, Negative

Analyzing Characters
Across Narrative Time
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Plot: Topological map showing where peak displacement tends to occurs

Affect Dimensions: Valence – Arousal

Analyzing Characters
Across Emotion Space
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Tweet Emotion Dynamics
Emotion Word Usage in Tweets from US and Canada

Krishnapriya (KP) Vishnubhotla Saif M. Mohammad
vkpriya@cs.toronto.edu saif.mohammad@nrc-cnrc.gc.ca
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Available at: www.saifmohammad.com

� Emotion lexicons
� An overview of AER and sentiment analysis 
� Ethics sheet for AER
� Best practices in the creation and use of 

emotion lexicons (under review)

Saif M. Mohammad
Saif.Mohammad@nrc-cnrc.gc.ca

@SaifMMohammad
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Resources of Interest


