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The meaning of meaning:

Ousiometrics and Telegnomics:
The essence of meaning conforms to

a two-dimensional {powerful⇔weak} and {dangerous⇔ safe} framework
with diverse corpora presenting a safety bias
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Logline:

We show that the essential meaning
conveyed by individual words
maps to a compass-like plane
with major axes of
powerful-weak and dangerous-safe.

We uncover a linguistic ‘safety bias’
by examining how words are used
in large-scale, diverse corpora.

∗ peter.dodds@uvm.edu
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“Ousiometrics and Telegnomics: The essence of
meaning conforms to a two-dimensional
powerful-weak and dangerous-safe framework with
diverse corpora presenting a safety bias”�
Dodds et al.,
, 2021. [5]

Current version:
https://pdodds.w3.uvm.edu/share/true-dimensions-of-meaning-manuscript.pdf�

What does meaning even mean?
� From the smack-tweeting Merriam-Webster:1

“The thing that is conveyed especially by language”
� What are the essential characteristics of meaning?
� Does essential meaning meaningfully span some kind of

space?

1Life goal: Never get owned by a dictionary on social media
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This is not easy:

“Abed’s Uncontrollable Christmas”
� Abed searches for the meaning of Christmas (in stop

animation)
� Abed Nadir: [opens present] “It’s the first season of Lost on

DVD.”
� Pierce Hawthorne: “That’s the meaning of Christmas?”
� Abed Nadir: “It’s a metaphor. It represents lack of payoff.”

“Introduction to Teaching”�, S5E02 of Community�
Abed Nadir: “I thought the meaning of people was somewhere in
here. Then I looked inside Nicolas Cage and I found a
secret—people are random and pointless.”
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The meaning of pings:
I. INTRODUCTION 

This study represents the convergence of three disparate areas 

of investigation in an attempt to analyze one of the many problems 

encountered in the study of human factors in undersea warfare. 

The domains referred to are these: naval sonar, the nature of 

"meaning,• and multidimensional scaling techniques. The problem 

may be stated as follows: In the detection and recognition of 

underwater sounds by the use of sonar equipment, what are the 

discriminative cues employed by the sonar operator? More generally, 

what factors does the operator utilize in decoding the significance 

of sonar signals? 

By way of orientation, the following topics will be discussed 

in turn: (1) the nature of sonar and of the auditory stimuli it 

provides; (2) how the problem of the nature and measurement of 

psychological "meaning* enters into our investigation; and finally, 

(3) an historical survey of the methodological approaches to the 

study of "meaning" and how, at the present time, multidimensional 

soaling techniques and factor analysis appear to be meeting the 

need for objeotlve methodology. 

A. Naval Sonar 

The nature of sonar and of the auditory stimuli it provides is 

best described by Neff and Thurlow (12, pp. 219-220): 

"Sonar makes use of sound waves whioh are transmitted 
readily through water; it picks up the sound signals from 
the water, amplifies them, and analyzes them in various 
ways so as to present to the operator of sonar equipment 
useful items of information about objects and their move­
ment in the sea around him . • • Listening systems ̂ passive 
sonar/ make use of the sounds emitted by objeots in the 
water, e.g., the cavitation noise produced by the screws 
of a ship . . • 

“A factorial study of complex auditory stimuli (passive sonar sounds)”�
L. M. Solomon,
Unpublished Doctoral Dissertation, University of Illinois, , , 1954. [24]

From the introduction:
‘This study represents the convergence of three disparate areas of investigation in an attempt
to analyze one of the many problems encountered in the study of human factors in undersea
warfare.
The domains referred to are these:

� naval sonar,

� the nature of “meaning,”

� and multidimensional scaling techniques.

The problemmay be stated as follows: In the detection and recognition of underwater
sounds by the use of sonar equipment, what are the discriminative cues employed by the
sonar operator?
More generally, what factors does the operator utilize in decoding the significance of sonar
signals?’
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From pings to things:

“TheMeasurement of Meaning”��
by Osgood, Suci, and Tannenbaum (1957). [15]

� Osgood et al. used semantic
differentials� and factor analysis to
identify a basis of three variables for
meaning-space:

� Evaluation: {bad⇔ good}
� Potency: {weak⇔ strong}
� Activity: {passive⇔ active}

� 100s of students, 50 semantic
differentials,
10s of things.

� “EPA framework”

Semantic differentials fromOsgood et al.: [15]
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Definitions:
� Ousiometrics: The quantitative study of the essential

meaningful components of an entity, however perceived.
� Used in philosophical and theological settings, the word

‘ousia’ comes from Ancient Greek ο
,
υσ ́ια.

� To be distinguished from semantics, semiotics, …
� ο

,
υσ ́ια is the etymological root of the word ‘essence’.

� Ousiometry, ousiometer, ousiograms, …1

� Telegnomics: The distant sensing of knowledge (∼ distant
reading [14])

1“Gretchen, stop trying to make fetch happen, it’s NOT going to happen!” —
Regina George��
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Side Main quest:

Meowsiometrics

Seriously: Animal language. Why the slow roll?
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Essential dimensions captured by emotion:

� Late 1800s: Three dimensional representation of emotion
postulated byWundt. [25, 19]

� 1970s: Mehrabian and Russell explicitly port EPA
framework: [9, 10]

� Evaluation∼ Pleasure/Valence (∼Happiness)
� Potency∼Dominance
� Activity∼Arousal

� VAD has become standard nomenclature even though
emotion is less general than meaning.

� Explicit presumption of independence of VAD dimensions,
has hardened as fact.

� Intention that VAD≡ EPA has become lost in literature. [2]
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“An approach to environmental psychology”��
byMehrabian and Russell (1974). [9]

Perceptrrol and Motor Skills, 1974, 38, 283-301. @ Percep~al and Motor Skills 1974 
Monograph Supplement 1-V38 

THE BASIC EMOTIONAL IMPACT O F  ENVIRONMENTS1 

ALBERT MEHRABIAN AND JAMES A. RUSSELL 

University of California, Los Angeles 

Summary.-Available literature provides ample evidence that there are basic 
responses which are elicited by stimuli but which are independent of sense- 
modality distinctions. Everyday observations of intermodality associations, studies 
of synesthesia and of physiological reactions to different stimuli, and semantic 
differential studies all showed evidence of such primary responses. Semantic dif- 
ferential studies, in particular, have shown that human judgments of diverse 
samples of stimuli can be characterized in terms of three dimensions: evaluation, 
activity, and potency. We have termed the corresponding emotional responses 
pleasure, arousal, and dominance. Simple self-report measures of these emotional 
reactions were developed by using questionnaire studies in which Ss described a 
variety of situations using semantic-differential type scales. 

CONTENTS 
Evidence Concerning Intermodality Responses . 283 
Three Emotional Dimensions 290 
Development of Self-report Measures of Three Emotional Dimensions 293 
Discussion - 297 
References 299 

In a general approach to understanding man's interaction with various en- 
vironments, it is essential to identify those responses that are the immediate re- 
sult of stimulation and which occur in varying degrees in  all environments. Fur- 
ther, a systematic environmental psychology requires a parsimonious description 
of such responses. Perceptual responses d o  not yield a parsimonious list since 
it is necessary to consider several dimensions of response within each sense modal- 
ity. W e  therefore turned to intermodality responding in an effort to identify 
responses common to all types of stimuli, regardless of the sense modality stimu- 
lated. 

Studies of synesthesia, physiological reactions, and the semantic differential 
show that there are basic response dimensions that cut across sense modalities. 
More specifically, this evidence shows that emotional (affective, connotative, 
feeling) reactions represent the common core of human response to all types of 
environments. This study presents the rationale and the supporting evidence for 
the designation of pleasure, arousal, and dominance as the three basic emotional 
reactions, and includes the development of specific measures for them. 

EVIDENCE CONCERNING INTERMODALITY RESPONSES 
Whereas evidence of intermodality responses is available from a variety of 

experimental studies, i t  is also available in  everyday observations. For example, 
relations among sensations from different modalities are often culturally pre- 

This  study was supported by United States Public Health Service Grant MH 13509. 

“The basic emotional impact of environments”�
Mehrabian and Russell,
Perceptual andMotor Skills, 38, 283–301, 1974. [10]

“Semantic differential studies, in particular, have shown that human judg-
ments of diverse samples of stimuli can be characterized in terms of three dimen-
sions: evaluation, activity, and potency. We have termed the corresponding emo-
tional responses pleasure, arousal, and dominance.”

“Thus, each dimension is, in principle, functionally independent of the other
two; none of the three dimensions could be subsumed by the others.”
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Major problems with measuring essential meaning:

1. Scale: Originally 10s and 100s of words→ now 10,000s +
online rating.

2. The focus on types alone and not tokens:Missing the
forest for the book of tree species.

3. The use of Likert scales for semantic differentials: Solid
but can be improved upon.

4. Limitations of factor analysis for a large number of
categorical dimensions: Ousiograms will help sort things
out.

5. The misalignment between expert-chosen, end-point
descriptors and dimensions of essential meaning: How
to guide raters to score VAD dimensions?
Solution is to always perform factor analysis (SVD).
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1999 ANEW study—three 1–9 scales: [4]
valence:

arousal:

dominance:
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ANEW study: Valence∼Happiness:
� Valence scale presented to participants as a ‘happy-unhappy scale.’

� Participants were further told:

“At one extreme of this scale, you are happy, pleased, satisfied,
contented, hopeful. …

The other end of the scale is when you feel completely unhappy,
annoyed, unsatisfied, melancholic, despaired, or bored.”

� The Hedonometer was always about essential meaning.

We now know that ANEW is a no-no:
� Problem: Expert-chosen list of∼ 1,000 words.

� Fine words but poorly cover real texts [18].

� Wrongly suggests Arousal and Dominance are minimal relative to
Valence.
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LLMs encode semantic differentials:
Articles

https://doi.org/10.1038/s41562-022-01316-8
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When we say that we know a word, what kind of knowledge 
do we mean we have? Words allow us to communicate the 
content of one human mind to another: they are represen-

tations of mental structures. More precisely, we use words to express 
concepts1. Concepts correspond to our knowledge about regularities 
in the world—they are generalizations about the kinds of things that 
exist and the properties that they have. Words, in turn, associate such 
abstract knowledge with surface forms of sounds/letters/signs, and 
differences between word meanings correspond to many key distinc-
tions that we can make between things, properties and events in the 
world2–5. Consequently, the psycholinguistic study of word meanings 
in the mental lexicon (lexical semantics; see, for example, refs. 6–9) is 
necessarily tightly linked to the cognitive study of the architecture of 
world knowledge in the human mind (semantic memory10,11).

However, our world knowledge is broad, detailed and complex. 
Even an intuitively simple concept such as DOG (here and elsewhere 
we use all-caps to denote concepts) encompasses rich information 
about the animal it refers to, including its appearance, biological 
properties, behavioural tendencies, cultural roles, etc. Only a subset 
of this conceptual knowledge is communicated by the word ‘dog’, 
and different subsets may be communicated in different contexts 
(for a review, see ref. 12). Therefore, any theory of lexical seman-
tics should specify the kinds of world knowledge that are captured 
in the lexicon (for example, ref. 13). In other words, such theories 
should identify which subset of semantic memory can be mapped 
onto language-specific representations of word meaning. Whereas 
this question is phrased in terms of correspondence between two 
memory stores (conceptual knowledge and language knowledge), 
one may alternatively phrase it in terms of a causal relationship 
between the two, that is, as a question about learnability: What 
kinds of world knowledge can—in principle—be implicitly learned 
from the patterns of language use?

Here, we focus on the kinds of world knowledge that might be 
embedded in a particular pattern of language use: how often different 
words co-occur with each other. We focus on word co-occurrences 
for two reasons. First, humans implicitly track such patterns with 
exquisite accuracy14, and start doing so early in development15, so 
word co-occurrences constitute a core part of our knowledge about 
language—that is, it is part of the mental lexicon—and it influences 
linguistic processing16–21. Such data are consistent with a hypothesis 
that dates back to the origins of modern linguistics, namely that 
word meanings are influenced by their patterns of usage, that is, 
by the words they tend to appear with (the ‘distributional hypoth-
esis’)22–27. If co-occurrence patterns are part of the mental lexicon, 
then any kind of world knowledge that is (implicitly) embedded in 
such patterns and can be recovered from them is in effect stored in 
the mental lexicon. Second, word co-occurrences are a very sim-
ple form of language knowledge. It does not explicitly include, for 
example, syntactic relationships between words, or word-internal 
structure. Focusing on word co-occurrence patterns thus allows us 
to ask which kinds of conceptual knowledge can, in principle, be 
derived ‘bottom up’, based on a very simple mechanism of statistical 
learning over word-forms.

One approach for addressing this question is via computa-
tional methods. If a machine is granted access only to word-forms,  
with no a priori concepts, one can probe the semantic distinc-
tions that are recoverable from the statistics of natural language  
alone. This approach applies the ‘distributional hypothesis’ to the 
artificial minds of machines. Specifically, by tracking the distribu-
tion of word co-occurrences in multi-billion word corpora, unsu-
pervised algorithms can learn a representation of word meanings as 
vectors in a multidimensional space, where the proximity between 
these vectors increases with the co-occurrence probability of  
the corresponding words (for a related approach, see refs. 28–30). 

Semantic projection recovers rich human 
knowledge of multiple object features from  
word embeddings
Gabriel Grand   1,2,8, Idan Asher Blank   3,4,8 ✉, Francisco Pereira5,9 and Evelina Fedorenko   6,7,9

How is knowledge about word meaning represented in the mental lexicon? Current computational models infer word mean-
ings from lexical co-occurrence patterns. They learn to represent words as vectors in a multidimensional space, wherein words 
that are used in more similar linguistic contexts—that is, are more semantically related—are located closer together. However, 
whereas inter-word proximity captures only overall relatedness, human judgements are highly context dependent. For exam-
ple, dolphins and alligators are similar in size but differ in dangerousness. Here, we use a domain-general method to extract 
context-dependent relationships from word embeddings: ‘semantic projection’ of word-vectors onto lines that represent fea-
tures such as size (the line connecting the words ‘small’ and ‘big’) or danger (‘safe’ to ‘dangerous’), analogous to ‘mental 
scales’. This method recovers human judgements across various object categories and properties. Thus, the geometry of word 
embeddings explicitly represents a wealth of context-dependent world knowledge.

Nature Human Behaviour | www.nature.com/nathumbehav

“Semantic projection recovers rich human
knowledge of multiple object features from word
embeddings”�
Grand et al.,
Nature Human Behaviour, 6, 975–987, 2022. [6]ARTICLES NATURE HUMAN BEHAVIOUR

The resulting space is called a ‘word embedding’ or a ‘distributional 
semantic model’31–35.

Recent research has shown that inter-word distances in word 
embeddings correlate with human ratings of semantic similar-
ity35–38. Furthermore, these distances are geometrically consistent 
across different word pairs that share a common semantic relation. 
For instance, the location of −−→man relative to −−−−→woman is similar to 
the location of 

−−→

king relative to −−−→queen. This consistency allows for 
geometric operations to simulate some conceptual relations, for 
example, 

−−→

king−
−−→
man+

−−−−→
woman ≈

−−−→
queen

39,40 (but see refs. 41,42). 
These results demonstrate that, by simply tracking co-occurrence 
statistics, a machine with no a priori concepts can obtain a lexicon 
that contains certain kinds of semantic memory (albeit ungrounded 
in non-linguistic—for example, perceptual, motor and/or 
emotional—experience).

Despite these impressive capabilities, word embeddings appear 
to have a fundamental limitation: the proximity between any two 
word-vectors captures only a single, semantically rigid measure 
of overall similarity. In contrast, humans evaluate the concep-
tual similarity between items in semantic memory flexibly, in a 
context-dependent manner. Consider, for example, our knowledge 
of DOLPHINS and ALLIGATORS: when we compare the two on a 
mental scale of size, from small to big, they are relatively similar; in 
terms of their intelligence—on a scale from stupid to smart—they 
are somewhat different; and in terms of danger to us—on a scale 
from safe to dangerous—they differ significantly. Can such distinct 
relationships be inferred from word co-occurrence statistics? If so, 
how is such complex knowledge represented in word embeddings?

Here, we suggest that such conceptual knowledge is pres-
ent in the structure of word embeddings and use a powerful, 
domain-general solution for extracting it: ‘semantic projection’ of 
word-vectors onto ‘feature subspaces’ that represent different fea-
tures (or, more generally, contexts). For instance, to recover the sim-
ilarities in size amongst nouns in a certain category (for example, 
animals), we project their representations onto the line that extends 
from the word-vector 

−−−→

small to the word-vector 
−→

big (a ‘semantic 
differential’43,44); to compare their levels of intelligence, we project 
them onto the line connecting 

−−−→

stupid and −−−→smart; and to order them 
according to how dangerous they are, we project them onto the line 
connecting 

−→

safe and 
−−−−−−→

dangerous (for an animation of this procedure, 
see Supplementary Video 1). We demonstrate that the resulting 
feature-wise similarities robustly predict human judgements across 
a wide range of everyday object categories and semantic features. 
These results corroborate evidence that rich conceptual knowledge 
can be extracted bottom up from the statistics of natural language, 
and establish that it is explicitly represented in the geometry of word 
embeddings, which can be flexibly manipulated in a simple, elegant 
manner to recover it. Thus, such rich conceptual knowledge must 
be stored in the mental lexicon.

Results
The rationale of semantic projection. Semantic projection is a 
domain-general method for comparing word-vectors in the context 
of a certain semantic feature. A guiding example for applying this 
method in a simplified, three-dimensional word embedding space 
(for illustrative purposes) is depicted in Fig. 1 for the category ‘ani-
mals’ and the feature ‘size’. Intuitively, to compare animals in terms of 
this feature, we construct a scale—that is, a straight line in the word 
embedding space—on which animals could be ordered according 
to their size (Fig. 1, red line). This scale is constructed via a sim-
ple heuristic. We draw a line between antonyms—for example, the 
word-vector 

−−−→

small and the word-vector 
−−→

large—that denote oppo-
site values of the feature ‘size’43,44 (Fig. 1, red circles). This heuristic 
corresponds to taking a vector difference: −−−→′′size′′ =

−−→

large−

−−−→

small 
(we use double quotation marks to distinguish between our scale, 
obtained by subtracting two word-vectors, and the vector of the 

lexical entry −→size). Then, by projecting word-vectors of different 
animals onto this scale, we can approximate common knowledge 
about their relative sizes. For example, to estimate the relative size of 
a horse, we would compute the inner product 

−−−→

horse ·
−−−→
′′size′′ (in Fig. 

1, this orthogonal projection is represented by the blue line extend-
ing from the blue dot of 

−−−→

horse to the red scale of −−−→′′size′′).
The scale thus created is a one-dimensional subspace in which 

the feature ‘size’ governs similarity patterns between word-vectors 
such that, for example, 

−−−→

horse and −−→tiger are located close to each 
other because they are relatively similar in size (in Fig. 1 these two 
word-vectors, denoted by blue circles, map onto nearby locations on 
the red line denoting the scale). Critically, these size-related similar-
ity patterns might be different from the global similarities in the 
original space where, for example, 

−−−→

horse and −−→tiger might be farther 
apart: despite their similarity in size (and other features), horses are 
perceived to be much less dangerous than tigers, belong to a dif-
ferent taxonomic order, occupy different habitats, etc. (in the sche-
matic illustration of Fig. 1, the blue circle corresponding to 

−−−→

horse is 
relatively far from that of −−→tiger, which happens to be closer to 

−−−→

rhino 
and 

−−−−−→

alligator; see also Fig. 2).
Note that ‘size’ is a semantic feature that applies to numerous cat-

egories of objects: not only animals, but also mythological creatures, 
world cities, states of the United States, etc. For each such category, 
its members could be projected onto the same size scale described 
above. Hence, semantic projection on a ‘feature subspace’ is a 
domain-general method. In this study, we limit ourselves to seman-
tic features that can be represented by one-dimensional subspaces 
(‘scales’). However, other feature subspaces for other semantic fea-
tures could be of higher dimensionality (Discussion).

Predicting human ratings using semantic projection. We tested 
whether semantic projection could recover context-dependent con-
ceptual knowledge. To operationalize context-dependent knowl-
edge, we tested how objects from a given semantic category were 
rated based on a particular semantic feature. Overall, we ran 52 
experiments, each testing a different category–feature pair. Pairs 

Dimension 1
Dim

en
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n 2

D
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en
si
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 3

Ant

Dog

Hawk

Seal

Penguin

Horse

Pig

Rhino Salmon

Swordfish

Duck

Goldfish

Alligator

TurtleSnake

Bee

Mosquito

Bird Crow
Hamster

Moose

Butterfly

Mammoth

Mouse

Whale

Chipmunk

Tiger

Camel

Dolphin Orca

Elephant

Cheetah

Chicken

Monkey

LARGE

SMALL

Fig. 1 | Schematic illustration of semantic projection. Word-vectors in 
the category ‘animals’ (blue circles) are orthogonally projected (light-blue 
lines) onto the feature subspace for ‘size’ (red line), defined as the vector 
difference between 

−−→
large and 

−−→
small (red circles). The three dimensions in 

this figure are arbitrary and were chosen via principal component analysis 
to enhance visualization (the original GloVe word embedding has 300 
dimensions, and projection happens in that space). For an animated version 
of this figure, see Supplementary Video 1.
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were distributed over nine object categories: animals, clothing, pro-
fessions, weather phenomena, sports, mythological creatures, world 
cities, states of the United States and first names (most categories 
consisted of 50 items). Each category was matched with a subset 
of the following 17 semantic features: age, arousal, cost, danger, 
gender (here, limited to a man–woman continuum), intelligence, 
location (indoors versus outdoors), partisanship (liberal versus con-
servative), religiosity, size, speed, temperature, valence, (auditory) 
volume, wealth, weight and wetness. The matching of particular cat-
egories to particular features (to create the 52 tested pairs) relied on 
a combination of an online behavioural norming study and intuitive 
judgements by the authors (Methods).

To implement semantic projection, we chose GloVe as the word 
embedding37 (for results obtained with other models—FastText, 
word2vec, ELMo and BERT—see Supplementary Results and 
Extended Data Figs. 1–9). For each test case, we used linear projection 
to order category items along a line in GloVe that represented a par-
ticular semantic feature. This line (that is, one-dimensional ‘feature 
subspace’) was computed from vector differences between several 
antonym pairs that represent opposite ends of the feature contin-
uum. For instance, the continuum for the size feature was anchored 
by the antonyms 

{

−−−→

large,

−→

big,

−−→

huge

}

 and 
{

−−−→

small,

−−→

little,

−−→
tiny

}

; the 
subspace −−−→′′size′′ was the average of 3 × 3 = 9 pairwise lines between 
these antonyms. Onto this subspace, we projected the word-vectors 
of all category items.

Then, we quantified whether the result corresponded to behav-
ioural ratings collected online from human participants (n = 25 
per experiment, for a total of 1,400 participants). Figure 2 shows 
scatterplots of human ratings against model predictions for some 
illustrative cases. Figures 3 and 4 and Table 1, show the results for 
each category–feature pair. The correspondence between semantic 
projection and human data was evaluated using two measures: (1) 
Pearson’s moment correlation and (2) ‘pairwise order consistency’ 
(OCp), that is, the percentage of item pairs (i, j), out of all possi-
ble pairings, whose ordering was consistent between humans and 

semantic projection (for example, for the feature ‘size’, both rated i 
as ‘bigger’ than j). The former is a strict measure of linear relation-
ship, but potentially biased by outliers. The latter is a more lenient 
measure of correlation, but is more robust to outliers.

Overall, semantic projection successfully recovered human 
semantic knowledge. Moderate to strong correlations in ratings 
(r > 0.5) were observed for nearly half of the pairs (25/52), and across 
all experiments, the median correlation was 0.47 (95% CI 0.38–0.55, 
IQR 0.21–0.65). Similarly, across all experiments, the median OCp 
was 65% (95% CI 62–68%, IQR 58–74%). We also adjusted these 
statistics based on split-half reliability of the behavioural ratings, 
which is an estimate of the noise ceiling, or ‘upper bound’, for our 
measurements (median split-half reliability across experiments: 
r = 0.94, OCp = 88%; Methods). The ‘adjusted median correlation’ 
was 0.52 (that is, the variability in human ratings captured by seman-
tic projection was 27% of the upper bound, 

√

0.27 = 0.52) (95% CI 
0.41–0.60, IQR 0.23–0.74); the ‘adjusted median OCp’ increased to 
74% (that is, the pairwise order consistency in human ratings cap-
tured by semantic projection was 74% of the upper bound) (95% CI 
72–78%, IQR 67–86%). In about half of the experiments (32/52), 
both the correlation and OCp measures were significant, as evalu-
ated by permutation tests and corrected for multiple comparisons 
(Methods). Figure 5 summarizes the distribution of the evaluation 
measures across all experiments, both before and after normaliz-
ing these measures relative to split-half reliability. However, the fit 
between semantic projection and human ratings varied a lot across 
experiments, with the best fit observed for ratings of names by gen-
der (r = 0.94, OCp = 87%) and the worst fits observed for ratings of 
cities by cost (r = −0.15, OCp = 47%) and professions by location 
(r = −0.12, OCp = 45%). We note that, across the 52 experiments, 
our evaluation measures did not correlate strongly with their cor-
responding split-half reliability measures (that is, upper bounds), 
so the cases where semantic projection fails to recover human 
knowledge are not simply those cases where humans disagree with 
one another in their judgements. Specifically, whereas the correla-
tion between (Fisher-transformed) r and the split-half reliability of 

Same category (animals), different featuresa
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Fig. 2 | Semantic projection predicts human judgements: sample cases. a, Examples of three features for the same category (animals). Notice that the 
items—for instance, dolphin versus tiger—change their similarities to one another depending on context (feature), and semantic projection recovers these 
cross-feature differences. In other words, the model does not recover the same relationships across features. b, Examples of three categories for the same 
feature (danger). Sample items are highlighted in red for illustrative purposes. For descriptive and inferential statistics, see Table 1. Each panel is based on 
data from n!=!25 participants.
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Across the 52 experiments, projections on a single end had a 
median correlation of r = 0.06 with human ratings. This projection 
scheme performed worse than our original semantic projection 
even when, for each category–feature pair, we chose from amongst 
the two ends of a feature scale the one that resulted in a better fit 
to human judgements (t(51) = 5.30, P < 0.001, d = 0.74, 95% CI 0.20–
0.45, one-tailed test). Similar patterns emerged for the other evalua-
tion score, namely pairwise order consistency. Across experiments, 
the alternative projection scheme had a median value of OCp = 53%, 
worse than our original semantic projection (t(51) = 4.04, P < 0.001, 
d = 0.57, 95% CI 0.04–0.11). Performance was even worse when, 

instead of using projection, we computed the distance between each 
item in a category and either end of the feature scale, using either 
cosine or Euclidean distance. Therefore, the difference between 
the vectors of antonymous adjectives—rather than either vector in 
isolation—provides feature-specific ‘diagnostic’ dimensions in the 
word embedding space (see also ref. 45).

Semantic projection is successful even without outlier items. Might 
the correlation between human ratings and semantic projection have 
resulted from a few outliers that were rated as having extreme feature 
values by both humans and our method? For instance, when rating ani-

Size Speed

A
ni

m
al

s

Danger Gender Intelligence Weight Wetness

C
iti

es

Arousal Cost Danger Intelligence Religiosity Size

C
lo

th
in

g

Age

M
yt

ho
lo

gi
ca

l
cr

ea
tu

re
s

Danger Gender Size Valence

N
am

es

Age Gender Intelligence Wealth

P
ro

fe
ss

io
ns

Age Arousal Danger Gender Intelligence Location Valence Wealth

S
po

rt
s

Arousal Danger Gender Intelligence Location Speed Wealth

S
ta

te
s

Cost Intelligence Partisanship Religiosity Size Temperature Wealth

W
ea

th
er

Danger Temperature Wetness

r = 0  OCp = 52% r = –0.155  OCp = 47% r = 0.715  OCp = 77% r = 0.18  OCp = 58% r = 0.459  OCp = 58% r = 0.144  OCp = 56%
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r = 0.279  OCp = 60% r = 0.379  OCp = 63% r = 0.854  OCp = 82% r = 0.613  OCp = 69% r = 0.649  OCp = 77% r = 0.29  OCp = 52% r = 0.435  OCp = 62%

r = 0.019  OCp = 54% r = 0.109  OCp = 58% r = 0.37  OCp = 65% r = –0.111  OCp = 45% r = 0.346  OCp = 58% r = 0.589  OCp = 74% r = 0.519  OCp = 65%

r = 0.79  OCp = 80% r = 0.47  OCp = 66% r = 0.508  OCp = 68%

Volume

r = 0.668  OCp = 74% r = 0.358  OCp = 62%r = 0.599  OCp = 70% r = 0.7  OCp = 73% r = 0.08  OCp = 55% r = 0.065  OCp = 51% r = 0.794  OCp = 76%r = –0.081  OCp = 48%

Fig. 4 | Semantic projection predicts human judgements: detailed results. For each of 52 category–feature pairs, scatterplots show the relationship 
between z scores of average item ratings across participants (n!=!25; y axis) and ratings predicted by semantic projection (x axis). Correlation and pairwise 
order consistency (OCp) values are presented below each scatterplot. Experiments for which both of these measures were significant are shown over a 
white background. Straight lines are linear regression fits to the data and, across figures, vary according to correlation strength from black (weak) to blue 
(strong).
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Remeasuring meaning:

Obtaining Reliable Human Ratings of Valence, Arousal, and Dominance
for 20,000 English Words

Saif M. Mohammad
National Research Council Canada

saif.mohammad@nrc-cnrc.gc.ca

Abstract

Words play a central role in language
and thought. Factor analysis studies have
shown that the primary dimensions of
meaning are valence, arousal, and domi-
nance (VAD). We present the NRC VAD
Lexicon, which has human ratings of va-
lence, arousal, and dominance for more
than 20,000 English words. We use
Best–Worst Scaling to obtain fine-grained
scores and address issues of annotation
consistency that plague traditional rating
scale methods of annotation. We show that
the ratings obtained are vastly more reli-
able than those in existing lexicons. We
also show that there exist statistically sig-
nificant differences in the shared under-
standing of valence, arousal, and domi-
nance across demographic variables such
as age, gender, and personality.

1 Introduction

Words are the smallest meaningful utterances in
language. They play a central role in our un-
derstanding and descriptions of the world around
us. Some believe that the structure of a lan-
guage even affects how we think (principle of
linguistic relativity aka the SapirWhorf hypoth-
esis). Several influential factor analysis stud-
ies have shown that the three most important,
largely independent, dimensions of word meaning
are valence (positiveness–negativeness/pleasure–
displeasure), arousal (active–passive), and dom-
inance (dominant–submissive) (Osgood et al.,
1957; Russell, 1980, 2003).1 Thus, when com-
paring the meanings of two words, we can com-
pare their degrees of valence, arousal, or domi-

1We will refer to the three dimensions individually as V,
A, and D, and together as VAD.

nance. For example, the word banquet indicates
more positiveness than the word funeral; nervous
indicates more arousal than lazy; and fight indi-
cates more dominance than delicate.

Access to these degrees of valence, arousal, and
dominance of words is beneficial for a number of
applications, including those in natural language
processing (e.g., automatic sentiment and emo-
tion analysis of text), in cognitive science (e.g.,
for understanding how humans represent and use
language), in psychology (e.g., for understanding
how people view the world around them), in so-
cial sciences (e.g., for understanding relationships
between people), and even in evolutionary linguis-
tics (e.g., for understanding how language and be-
haviour inter-relate to give us an advantage).

Existing VAD lexicons (Bradley and Lang,
1999; Warriner et al., 2013) were created using
rating scales and thus suffer from limitations as-
sociated with the method (Presser and Schuman,
1996; Baumgartner and Steenkamp, 2001). These
include: inconsistencies in annotations by differ-
ent annotators, inconsistencies in annotations by
the same annotator, scale region bias (annotators
often have a bias towards a portion of the scale),
and problems associated with a fixed granularity.

In this paper, we describe how we obtained hu-
man ratings of valence, arousal, and dominance
for more than 20,000 commonly used English
words by crowdsourcing. Notably, we use a com-
parative annotation technique called Best-Worst
Scaling (BWS) that addresses the limitations of
traditional rating scales (Louviere, 1991; Cohen,
2003; Louviere et al., 2015). The scores are fine-
grained real-valued numbers in the interval from 0
(lowest V, A, or D) to 1 (highest V, A, or D). We
will refer to this new lexicon as the NRC Valence,
Arousal, and Dominance (VAD) Lexicon.2

2NRC refers to National Research Council Canada.

“Obtaining reliable human ratings of valence,
arousal, and dominance for 20,000 English
words”�
Saif M. Mohammad,
Proceedings of The Annual Conference of the
Association for Computational Linguistics (ACL),
6, , 2018. [12]

Moving beyond Likert scales:
� Best-worst scaling�
� Ask raters to examine 𝑛 things once, and choose the best and

worst according to some criterion.
� For 𝑛 = 4, there are 6 pair comparisons of Things.
� Choosing best and worst gives 5 orderings: 𝜏1 > 𝜏2, 𝜏3 > 𝜏4.
� Things end up with scores in [0, 1].



NRCVAD Lexicon [12]

VAD endpoints: Paradigm words and phrases presented to raters: [13]
highest valence happiness, pleasure, positiveness, satisfaction,

contentedness, hopefulness
lowest valence unhappiness, annoyance, negativeness, dissatisfaction,

melancholy, despair
highest arousal arousal, activeness, stimulation, frenzy, jitteriness, alertness
lowest arousal unarousal, passiveness, relaxation, calmness, sluggishness,

dullness, sleepiness
highest dominance dominant, in control of the situation, powerful,

influential, important, autonomous
lowest dominance submissive, controlled by outside factors, weak, influenced,

cared-for, guided

Major problem 5: Imposing dimensions through clouds of endpoint
descriptors.
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NRCVAD study—20,006 words2:

Numbersinaboxology format:
� Scores stored in a 3× 20,006 matrix𝐀.
� Rows are scores forVa,Ar, andDm.
� Each column records VAD scores for a word, ordered

alphabetically from ‘aaaaaaah’ [7] to ‘zucchini’.
� For SVD,𝐀 = 𝐔𝚺𝐕T, and we have:

� 𝐀 is of rank 3,
� 𝐔 is 3×3,
� 𝚺 is 3×20,006 (the heart of𝐀),
� 𝐕 is 20,006×20,006

� 𝐔 and𝐕 transform bases and are orthogonal matrices
(𝐔𝐔T = 𝐔T𝐔 = 𝐈𝟑 and𝐕𝐕T = 𝐕T𝐕 = 𝐈𝟐𝟎,𝟎𝟎𝟔)

� What we will use: 𝜎1, 𝜎2, and 𝜎3, and𝐔.

2Original study had 20,007 words. We removed one.
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Ruh-roh

Standard3 correlations suggests a bit of
https://en.wiktionary.org/wiki/Barney_Rubble� for
orthogonality claims:

𝑟Va,Ar ≃ −0.268,
𝑟Ar,Dm ≃ +0.302,
𝑟Dm,Va ≃ +0.488.

� Compare these numbers with 0.

3Don’t name fundamental scientific things after people.
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The Delicious English Muffin ofMeaning:1
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1Apricot jam, always.
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𝑅(Dm,Va) ≃ 0.488

0 0.2 0.4 0.6 0.8 1

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

The PoCSverse
Ousiometrics
28 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

Release the Hounds by which we mean Singular
Value Decomposition:

Variance explained:
� VAD: 44.4%, 28.0%, and 27.6%.
� Apply SVD:𝐀 = 𝐔𝚺𝐕T

� Singular values: 𝜎1 ≃ 34.1, 𝜎2 ≃ 27.2, and 𝜎3 ≃ 13.8.
� For what will be Goodness-Aggression-Structure (GAS):

55.6%, 35.3%, and 9.1%
� RotateGd-Ag plane by−𝜋/4 for what will be

Power-Danger-Structure (PDS):
45.5%, 45.5%, and 9.1%

� Interpretability enhancements: Ousiograms.
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Extremonyms: Synousionyms and Antousionyms:
18

Safe-Powerful (Good) to Dangerous-Weak (Bad) axis:

Synousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

Anchor: wisdom 0.430 -0.198 0.371 0.579 -0.031 -0.158 0.388 -0.432 -0.158
education 0.396 -0.225 0.340 0.539 -0.065 -0.167 0.336 -0.427 -0.167

healthy 0.438 -0.181 0.318 0.558 -0.047 -0.108 0.362 -0.428 -0.108
trustworthy 0.469 -0.185 0.324 0.589 -0.052 -0.100 0.379 -0.453 -0.100

reliable 0.412 -0.259 0.375 0.575 -0.076 -0.202 0.353 -0.460 -0.202
Antousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

bullshit -0.458 0.176 -0.317 -0.575 0.046 0.095 -0.373 0.439 0.095
shitty -0.480 0.179 -0.337 -0.604 0.042 0.100 -0.397 0.456 0.100

nauseate -0.438 0.160 -0.324 -0.558 0.026 0.101 -0.376 0.413 0.101
weeping -0.418 0.188 -0.332 -0.549 0.042 0.131 -0.359 0.418 0.131
shame -0.440 0.170 -0.345 -0.572 0.023 0.120 -0.388 0.421 0.120

diarrhea -0.408 0.184 -0.357 -0.552 0.023 0.151 -0.374 0.407 0.151

Powerful (Aggressive-Good) to Weak (Gentle-Bad) axis:

Synousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

Anchor: success 0.459 0.380 0.481 0.571 0.501 0.095 0.758 -0.050 0.095
almighty 0.438 0.374 0.458 0.543 0.487 0.098 0.728 -0.040 0.098

triumphant 0.449 0.337 0.472 0.565 0.462 0.073 0.726 -0.072 0.073
champion 0.390 0.380 0.445 0.494 0.492 0.087 0.698 -0.001 0.087
victorious 0.384 0.386 0.446 0.489 0.499 0.087 0.698 0.007 0.087

Antousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

sorrow -0.448 -0.265 -0.336 -0.509 -0.329 -0.127 -0.593 0.127 -0.127
tasteless -0.354 -0.304 -0.352 -0.430 -0.385 -0.092 -0.576 0.032 -0.092

idle -0.321 -0.333 -0.388 -0.414 -0.434 -0.068 -0.600 -0.014 -0.068
empty -0.312 -0.317 -0.419 -0.424 -0.439 -0.033 -0.610 -0.011 -0.033
void -0.365 -0.337 -0.370 -0.443 -0.420 -0.103 -0.611 0.016 -0.103

Dangerous-Powerful (Aggressive) to Safe-Weak (Gentle) axis:

Synousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

Anchor: volcanic -0.156 0.410 0.281 -0.061 0.515 -0.045 0.322 0.407 -0.045
shelling -0.163 0.417 0.273 -0.072 0.518 -0.039 0.316 0.417 -0.039
artillery -0.150 0.412 0.294 -0.050 0.523 -0.050 0.335 0.405 -0.050

wild -0.188 0.422 0.250 -0.105 0.514 -0.032 0.289 0.438 -0.032
rifles -0.163 0.364 0.265 -0.068 0.470 -0.062 0.284 0.380 -0.062

Antousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

couch 0.094 -0.418 -0.302 -0.002 -0.524 0.025 -0.372 -0.369 0.025
mellow 0.133 -0.431 -0.235 0.066 -0.504 -0.009 -0.310 -0.403 -0.009
pillow 0.163 -0.372 -0.305 0.049 -0.498 0.085 -0.317 -0.387 0.085

tortoise 0.173 -0.422 -0.250 0.092 -0.511 0.025 -0.297 -0.427 0.025
quilt 0.143 -0.377 -0.274 0.048 -0.482 0.052 -0.307 -0.375 0.052

cotton 0.139 -0.429 -0.260 0.059 -0.517 0.012 -0.324 -0.407 0.012

Dangerous (Aggressive-Bad) to Safe (Gentle-Good) axis:

Synousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

Anchor: homicide -0.490 0.473 0.018 -0.485 0.478 0.011 -0.005 0.681 0.011
killer -0.459 0.471 0.043 -0.446 0.485 0.008 0.028 0.658 0.008

psychopath -0.460 0.443 0.036 -0.446 0.458 -0.003 0.009 0.640 -0.003
bloodshed -0.452 0.442 0.025 -0.444 0.450 0.008 0.004 0.633 0.008

violate -0.439 0.470 0.019 -0.440 0.468 0.033 0.020 0.642 0.033
Antousionyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure

natural 0.354 -0.382 -0.019 0.354 -0.382 -0.026 -0.020 -0.520 -0.026
tranquil 0.417 -0.406 -0.145 0.351 -0.480 0.078 -0.091 -0.588 0.078
softness 0.375 -0.414 -0.098 0.338 -0.455 0.021 -0.082 -0.561 0.021
serenity 0.400 -0.378 0.057 0.429 -0.345 -0.054 0.060 -0.547 -0.054

comfortable 0.427 -0.337 -0.027 0.406 -0.361 0.039 0.032 -0.542 0.039
calmness 0.434 -0.395 -0.106 0.383 -0.453 0.065 -0.049 -0.591 0.065

Table 2: Example synousionyms and antousionyms for the four axes of the GAS and PDS frameworks using four anchor words
of ‘wisdom’, ‘success’, ‘volcanic’, and ‘homicide’, and with scores in the three frameworks of VAD, GAS, and PDS. See the linear
transformations of Eq. (2) and Eq. (4) for how VAD connects with GAS and PDS.
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Table 2: Example synousionyms and antousionyms for the four axes of the GAS and PDS frameworks using four anchor words
of ‘wisdom’, ‘success’, ‘volcanic’, and ‘homicide’, and with scores in the three frameworks of VAD, GAS, and PDS. See the linear
transformations of Eq. (2) and Eq. (4) for how VAD connects with GAS and PDS.
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Etymological, taxonomic, and nomenclatural madnesses:
� Physics: Power was once sometimes called Activity

� Danger� and Dominance trace back to Dominus�
(∼ lord/ruler/person of power)

� Framing words for EPA, VAD, etc., matter greatly.

Other descriptors that don’t hold up:
� Success-Stress-Structure.

� Energy/Flourishing/Thriving-Threat

� Power-Order/Chaos-Gravity/Seriousness

After much staring at the ceiling:
� Goodness-Aggression-Structure (GAS) (okay)

� Power-Danger-Structure (PDS) (also okay)

Connections between meaning dimensions:
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From types to tokens: [17, ?]

� Analysis so far is for a lexicon of types: Each word counts
once.

� Must consider how words are used in real texts by frequency:
Tokens.

� Rebuild ousiograms with usage frequency incorporated.
� A set of distinct corpora:

� English fiction from Google Books (120 years). [11, 16]
� Jane Austen’s novels.
� Sherlock Holmes stories.
� New York Times (20 years). [21]

� Wikipedia (2019/03). [22]

� RadioTalk: Transcriptions of talk radio. [3]

� Twitter through Storywrangler. [1]
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A special thing has happened:
� The PDS framework emerged only from analyzing a lexicon

(types).
� Applying PDS framework to disparate corpora (tokens)

reveals a linguistic ‘safety bias’.
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Prototype ousiometer—Twitter:
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Prototype ousiometer—Harry Potter:

Blue: Harry Potter and the Half-Blood Prince
Orange: Harry Potter and the Deathly Hallows
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Power and Danger time series for books:
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Prototype ousiometer—Terry Pratchett’s Discworld:
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� Rough agreement with Russell’s circumplex model, [20] which
itself doesn’t disagree with a 2-𝑑 orthogonal framework.
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Dungeons &Dragons—Two alignment� axes for character:

4

{lawful⇔ chaotic}
(vertical) and

{good⇔ evil}

(horizontal).

4From this Reddit thread�, where, naturally, the choices are enthusiastically
debated.

lawful-good neutral-good chaotic-good
∼ ∼ ∼

structured-powerful-
safe

neutral-powerful-
safe

unstructured-
powerful-safe

lawful-neutral chaotic-neutral
∼ (true) neutral ∼

structured-neutral unstructured-neutral

lawful-evil neutral-evil chaotic-evil
∼ ∼ ∼

structured-
dangerous

neutral-dangerous unstructured-
dangerous
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Aligns with rotated version of Cipolla’s� Basic Laws of Human
Stupidity:
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Findings, observations, possibilities:

� Power-danger-structure framework emerges in distinct
settings, fitting types and tokens.

� Safety bias of communication refines Pollyanna Principle of
positivity

� Happiness/Goodness = Power + Safety
� Ousiometer can be improved and refined.
� Possible: Emotions map onto powerful-safe and danger axes.
� Power-danger framework for survival.
� Possible: Telegnomics for stories—Measuring character arcs,

plots.
� Complement to information theory which is

meaning-free. [23]

See concluding remarks in the foundational paper. [5]
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The Compass of Meaning:

Online appendices: Paper(s), flipbooks, code, ...
https://storylab.w3.uvm.edu/ousiometrics�

Synonyms Valence Arousal Dominance Goodness Aggression Structure Power Danger Structure
happy 0.50 0.24 0.27 0.53 0.26 0.18 0.57 -0.16 0.18

delighted 0.44 0.16 0.18 0.44 0.17 0.17 0.44 -0.18 0.17
excited 0.41 0.43 0.21 0.39 0.40 0.29 0.56 0.04 0.29

astonished 0.01 0.28 0.07 0.00 0.27 0.10 0.18 0.19 0.10
aroused 0.21 0.45 0.17 0.19 0.43 0.23 0.43 0.19 0.23
tense -0.10 -0.06 0.15 -0.01 0.05 -0.19 0.03 0.04 -0.19

alarmed -0.31 0.32 -0.01 -0.32 0.31 0.03 -0.03 0.45 0.03
angry -0.38 0.33 0.10 -0.33 0.39 -0.07 0.02 0.51 -0.07
afraid -0.49 0.28 -0.26 -0.59 0.17 0.09 -0.32 0.52 0.09

annoyed -0.40 0.28 -0.16 -0.46 0.21 0.07 -0.19 0.47 0.07
distressed -0.36 0.27 -0.18 -0.43 0.19 0.10 -0.19 0.43 0.10
frustrated -0.42 0.15 -0.25 -0.50 0.06 0.05 -0.33 0.38 0.05
miserable -0.44 -0.04 -0.31 -0.52 -0.13 -0.02 -0.47 0.26 -0.02

sad -0.28 -0.17 -0.35 -0.38 -0.28 0.02 -0.47 0.05 0.02
gloomy -0.39 -0.09 -0.21 -0.43 -0.13 -0.09 -0.40 0.20 -0.09

depressed -0.48 -0.05 -0.36 -0.58 -0.17 -0.01 -0.54 0.27 -0.01
bored -0.35 -0.33 -0.30 -0.40 -0.38 -0.14 -0.55 -0.02 -0.14
droopy -0.06 -0.15 -0.20 -0.13 -0.22 0.03 -0.25 -0.08 0.03
tired -0.38 -0.18 -0.31 -0.45 -0.26 -0.07 -0.50 0.11 -0.07
sleepy 0.10 -0.37 -0.25 0.03 -0.46 0.02 -0.29 -0.36 0.02
calm 0.37 -0.40 -0.22 0.28 -0.51 0.11 -0.14 -0.56 0.11

relaxed 0.36 -0.41 -0.12 0.32 -0.46 0.03 -0.08 -0.56 0.03
satisfied 0.46 0.01 0.18 0.48 0.04 0.10 0.38 -0.30 0.10
at ease — — — — — — — — —
ease 0.30 -0.11 -0.01 0.27 -0.15 0.09 0.10 -0.29 0.09

content 0.26 -0.20 0.06 0.29 -0.18 -0.03 0.09 -0.33 -0.03
serene 0.30 -0.37 -0.13 0.25 -0.42 0.03 -0.10 -0.48 0.03
glad 0.44 0.26 0.24 0.45 0.27 0.19 0.52 -0.10 0.19

pleased 0.44 0.05 0.29 0.51 0.13 0.03 0.47 -0.25 0.03
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Vol. 79, No. 8 Whole No. 601, 1965 

Psychological Monographs: General and App l i ed 

S E M A N T I C D I F F E R E N T I A L P R O F I L E S F O R 1,000 
M O S T F R E Q U E N T E N G L I S H WORDS1 

David R. Heise2 
University of Chicago 

Semantic differential (SD) factor scores on the Evaluation, Activity, and 
Potency dimensions are presented for 1,000 most frequently used English 
words. Also given are the standard errors of the factor scores, the results of 
several reliability studies, and a listing (for all words) of 3 types of derived 
scores: polarizations, n Affiliation contents, n Achievement contents. Test­
ing procedures and statistics on the sample of raters are detailed. Some uses 
of the dictionary are suggested, and an example of its use in a study of 
motivation is presented including empirical results. Conditions favoring 
further cumulation of SD data are discussed. 

T H E semantic differential (SD) has 
proven to be an accurate instrument 

for recording affective associations of stim­
uli, particularly to the extent that such as­
sociations are culturally or subculturally 
denned so that measurements may be aver­
aged over groups of individuals (Norman, 
1959). In a wide variety of studies, includ­
ing many involving cross-cultural samples 
of raters, i t has been demonstrated that 
affective judgments on bipolar adjective 
scales reliably resolve into three major 
dimensions or factors which Osgood has 
named Evaluation, Activity, and Potency 

'This paper is part of a doctoral dissertation 
submitted to the Department of Sociology at the 
University of Chicago. The work was done while 
the author was receiving support from Predoctoral 
Fellowships 2M 7090-C1 and 2M 7090-C2 from the 
National Institute of Mental Health, United 
States Public Health Service. Computing work on 
the IBM 7090 done at the University of Chicago 
Computation Center was supported by National 
Science Foundation grants administered by the 
Computation Center. Work involving the IBM 
1401 was done at the University of Chicago Bio­
logical Sciences Computation Center under Grant 
FR00013 from the United States Public Health 
Service. 

The author wishes to thank Salvatore R. Maddi, 
Fred L. Strodtbeck, and Charles E. Osgood for 
their suggestions and criticisms. The author also 
is grateful for the cooperation of the officers and 
enlisted men at Great Lakes Naval Training 
Center, Great Lakes, Illinois; the interest and aid 
of Frank J. Holland, Lt. (jg.), MSC, was especially 
helpful. 

2 Now at the University of Wisconsin. 

(Osgood, 1962; Osgood, Suci, & Tannen-
baum, 1957). Meaningful differences among 
words, sounds, colors, pictures, facial ex­
pressions, and a wide variety of concepts 
have been found using measurements on 
these dimensions. 

The principles of SD methodology may 
be summarized as follows: 

1. Ratings on bipolar adjective scales— 
whatever the number and variety of scales 
used—are largely a function of a few di­
mensions of judgment. 

2. These dimensions or factors are mean­
ingfully related to affect. 

3. A few appropriate scales can be used 
to obtain reliable measurements on any one 
dimension. 

4. Measurements made on a given dimen­
sion are comparable for stimuli of greatly 
different character (words, colors, sounds, 
etc.). 

The instrument's usefulness has been 
recognized generally, and already applica­
tions are too extensive and varied for re­
view here. However, the present eclectic 
use of SD methodology as "a research tool" 
does not seem to exploit its potentialities 
fully. 

Unlike most present research instru­
ments in the social sciences, the SD is 
amenable to standardized application in 
studies of personality, culture, and society. 
Using the SD, a systematic body of data 
can be assembled on the affective associa­
tions of sociocultural elements in different 

“Semantic differential profiles for 1,000 most
frequent English words.”�
David R. Heise,
Psychological Monographs: General and Applied,
79, 1, 1965. [8]
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Remeasuring meaning:

Confusion and Conflation:

Pleasure, Arousal, Dominance: Mehrabian
and Russell revisited

Iris Bakker & Theo van der Voordt & Peter Vink &

Jan de Boon

# Springer Science+Business Media New York 2014

Abstract This paper presents a discursive review of the dimensions pleasure, arousal
and dominance that Mehrabian and Russell developed in 1974 to assess environmental
perception, experience, and psychological responses. Since then numerous researchers
applied these dimensions to assess the experience of the physical environment and its
perceived qualities. Although the dimensions appeared to be useful, there is a long-
lasting debate going on among environmental psychologists about the interpretation of
pleasure, arousal and dominance and its underlying mechanisms. Due to the lack of
clarity researchers use different adjectives to describe environmental experiences,
which makes any comparison between research findings difficult. This paper shows
that the three dimensions can be linked to the current ABC Model of Attitudes:
pleasure, arousal and dominance can be respectively related to affective, cognitive
and conative responses, i.e. Affect, Cognition and Behaviour (ABC). In addition,
connecting the three dimensions to the triad feeling, thinking and acting, can also help
to improve our understanding, interpretation and measurement of pleasure, arousal and
dominance. Based on this review, it is proposed to re-introduce the three dimensions
and to replace the nowadays often used two dimensional model with pleasure and
arousal by a three dimensional model, including dominance as a third dimension, to
represent the complete range of human responses.
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DOI 10.1007/s12144-014-9219-4
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“Pleasure, arousal, dominance: Mehrabian and Russell
revisited”�
Bakker et al.,
Current Psychology, 33, 405–421, 2014. [2]

� Test whether EPA and VADmatch.

� Explore historical problems of defining end point descriptors for
meaning dimensions.

The PoCSverse
Ousiometrics
92 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References I

[1] T. Alshaabi, J. L. Adams, M. V. Arnold, J. R. Minot, D. R.
Dewhurst, A. J. Reagan, C. M. Danforth, and P. S. Dodds.
Storywrangler: A massive exploratorium for sociolinguistic,
cultural, socioeconomic, and political timelines using
Twitter.
Science Advances, 7:eabe6534, 2021. pdf�

[2] I. Bakker, T. Van Der Voordt, P. Vink, and J. De Boon.
Pleasure, arousal, dominance: Mehrabian and Russell
revisited.
Current Psychology, 33:405–421, 2014. pdf�

[3] D. Beeferman, W. Brannon, and D. Roy.
RadioTalk: A large-scale corpus of talk radio transcripts.
arXiv preprint arXiv:1907.07073, 2019. pdf�

The PoCSverse
Ousiometrics
93 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References II

[4] M.M. Bradley and P. J. Lang.
Affective norms for English words (ANEW): Stimuli,
instruction manual and affective ratings.
Technical report c-1, University of Florida, Gainesville, FL,
1999.

[5] P. S. Dodds, T. Alshaabi, M. I. Fudolig, J. W. Zimmerman,
J. Lovato, S. Beaulieu, J. R. Minot, M. V. Arnold, A. J.
Reagan, and C. M. Danforth.
Ousiometrics and Telegnomics: The essence of meaning
conforms to a two-dimensional powerful-weak and
dangerous-safe framework with diverse corpora presenting a
safety bias, 2021.
Available online at https://arxiv.org/abs/2110.06847. pdf�

The PoCSverse
Ousiometrics
94 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References III

[6] G. Grand, I. A. Blank, F. Pereira, and E. Fedorenko.
Semantic projection recovers rich human knowledge of
multiple object features from word embeddings.
Nature Human Behaviour, 6(7):975–987, 2022. pdf�

[7] T. J. Gray, C. M. Danforth, and P. S. Dodds.
Hahahahaha, Duuuuude, Yeeessss!: A two-parameter
characterization of stretchable words and the dynamics of
mistypings and misspellings, 2019.
Available online at https://arxiv.org/abs/1907.03920. pdf�

[8] D. R. Heise.
Semantic differential profiles for 1,000 most frequent English
words.
Psychological Monographs: General and Applied, 79(8):1,
1965. pdf�

The PoCSverse
Ousiometrics
95 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References IV

[9] A. Mehrabian and J. A. Russell.
An Approach to Environmental Psychology.
MIT Press, 1974.

[10] A. Mehrabian and J. A. Russell.
The basic emotional impact of environments.
Perceptual andMotor Skills, 38:283–301, 1974. pdf�

[11] J.-B. Michel, Y. K. Shen, A. P. Aiden, A. Veres, M. K. Gray,
The Google Books Team, J. P. Pickett, D. Hoiberg,
D. Clancy, P. Norvig, J. Orwant, S. Pinker, M. A. Nowak,
and E. A. Lieberman.
Quantitative analysis of culture using millions of digitized
books.
Science Magazine, 331:176–182, 2011. pdf�

The PoCSverse
Ousiometrics
96 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References V

[12] S. M. Mohammad.
Obtaining reliable human ratings of valence, arousal, and
dominance for 20,000 English words.
In Proceedings of The Annual Conference of the Association
for Computational Linguistics (ACL), Melbourne, Australia,
2018. pdf�

[13] S. M. Mohammad.
Word affect intensities.
In Proceedings of the 11th Edition of the Language
Resources and Evaluation Conference (LREC-2018),
Miyazaki, Japan, 2018. pdf�

[14] F. Moretti.
Distant Reading.
Verso, New York, 2013.

The PoCSverse
Ousiometrics
97 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References VI

[15] C. Osgood, G. Suci, and P. Tannenbaum.
TheMeasurement of Meaning.
University of Illinois, Urbana, IL, 1957.

[16] E. A. Pechenick, C. M. Danforth, and P. S. Dodds.
Characterizing the Google Books corpus: Strong limits to
inferences of socio-cultural and linguistic evolution.
PLoS ONE, 10:e0137041, 2015. pdf�

[17] C. S. S. Peirce.
Prolegomena to an apology for pragmaticism.
TheMonist, 16(4):492–546, 1906. pdf�

The PoCSverse
Ousiometrics
98 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References VII

[18] A. J. Reagan, B. F. Tivnan, J. R. Williams, C. M. Danforth,
and P. S. Dodds.
Sentiment analysis methods for understanding large-scale
texts: A case for using continuum-scored words and word
shift graphs.
EPJ Data Science, 6, 2017. pdf�

[19] R. Reisenzein.
Wundt’s three-dimensional theory of emotion.
Poznan Studies in the Philosophy of the Sciences and the
Humanities, 75:219–250, 2000.

[20] J. A. Russell.
A circumplex model of affect.
Journal of Personality and Social Psychology, 39:1161, 1980.
pdf�

The PoCSverse
Ousiometrics
99 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References VIII

[21] E. Sandhaus.
The New York Times Annotated Corpus.
Linguistic Data Consortium, Philadelphia, 2008.
Available online at: https://doi.org/10.35111/77ba-9x74.

[22] I. Semenov.
Wikipedia word frequency, 2019.
https:
//github.com/IlyaSemenov/wikipedia-word-frequency,
accessed 2021/04/02.

[23] C. E. Shannon.
A mathematical theory of communication.
The Bell System Tech. J., 27:379–423,623–656, 1948. pdf�



The PoCSverse
Ousiometrics
100 of 100
Measuring essential
meaning
History

Definitions

Emotions

Revisiting the Revisiting of the
Measuring of Meaning

Problems

Remeasuring meaning

Ousiograms
Extremousionyms

Dimension names

Safety bias

Applications
The Ousiometer

Correspondences

Nutshell

Extras

References

References IX

[24] L. M. Solomon.
A factorial study of complex auditory stimuli (passive sonar
sounds).
Unpublished Doctoral Dissertation, University of Illinois,
1954. pdf�

[25] W.M.Wundt.
Grundriss der Psychologie.
Kröner, 1922.




