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Crowd Sourcing Word-Colour Associations

Abstract

It is known that colours evoke memories and emotions and that these associations are
valuable in design. However, it is difficult to ascertain universal associations because
often the word-colour associations are culture- and context-specific. Nevertheless, some
important universal colour associations have been shown to exist, at least if the variable
of culture is removed. Laboratory studies, however, although effective struggle to
collect sufficient information to allow the data to be useful in a practical setting. In this
study, a crowd-sourcing internet experiment was carried out to find colours that are
associated with different words and the results were compared with those from a
previous laboratory study. Approximately 150 participants made a total of 1350 word-
colour associations to generate palettes for 30 target words. Comparison with
corresponding data from the laboratory study suggests that crowd-sourcing is a

promising route and should be explored further.



1 Introduction

There is a rich history of work that relates colours to language through their colour
names. For example, the Berlin and Kay study (Berlin and Kay, 1969) was
concerned with basic colour names and found some similarities between different
cultures in the development and use of at least the most basic colour names such
as red, yellow and blue. The Berlin and Kay study was interesting in that it
contributed to the Sapir-Whorf hypothesis; this much-debated hypothesis states
that the language a person speaks will affect their thought (or, in this particular
case, their colour perception). This debate still rages on and more recently there
has been opposition to the universalist view represented by the original Berlin
and Kay study (Wierzbicka, 2006). There have also been studies to map the use
of colour names to specific colorimetric boundaries (Sivik & Taft, 1994). However,
another aspect of the relationship between colour and language is the use of
language to represent the emotions or concepts that colours may evoke. It is this
aspect of colour and language that this paper is concerned with.

Feelings and memories are evoked by colours (Aaronson, 1970; Madden et al.,
2000) and even by colour names (Williams & Foley, 1968). Whether these
associations are learned associations or shaped by nature or whether they are
innate is not clear. The nature of these associations is also confusing in the
literature. Some researchers have referred to colour emotions (Xin et al., 1998;
Ou et al., 2004) and it is certainly the case that colours can elicit an emotional
response. On the other hand, it has been argued that the colour associations may
be more cognitive (Caivano 1998; Chen et al., 2019). No matter what the cause
or the precise nature of these associations they are important in many aspects of
marketing (Amsteus ef al., 2015), retail (Bellizzi, 1983; Ares & Deliza, 2010), art
(Gage, 1999) and design (Jiang, 2020).

The importance of colour associations is evident in the observation that the
internet abounds with information, often presented as infographics, about colour
associations. However, often these infographics oversimply colour associations
and can be caricatured as stating that ‘red means this and blue means that.’ The
reality, however, is that colour associations are complex and multifaceted. Grieve

has argued that colours have no meanings per se but, rather, than the meanings
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they are associated with originate from their use in a particular situation or with a
particular object (Gieve, 1991). There is evidence that colour associations vary
with culture (Jacobs et al., 1991; Aslam, 2006) and product category (Kauppinen-
Raisanen & Luomala, 2010). Nevertheless, it is clear that some universal colour
associations exist, at least within cultures (Ou et al., 2004; Gao et al., 2007) even
if the extent to which those colour meanings change when applied to a specific
product category might be less clear (Won & Westland, 2017). Consequently a
number of studies have been carried out to measure and understand colour
associations. Important contributions have been made by Sato (e.g. Xin et al.,
1998) and by Luo and Ou (e.g. Ou et al., 2004) in a number of experiments that
typically have used semantic differential scaling or categorical scaling as
investigative techniques. With these methods participants are shown colours
(either physical samples or colours on screen) and are asked to indicate the
strength of the association of the colour with regard to two bi-polar terms (such
as maleness and femaleness) in the case of semantic differential scaling or the
strength of the association with a single term (such as maleness) using a fixed-
number discrete scale in the case of categorical scaling. Whilst these methods
provide valuable data and have produced some models that allow the
associations of any colour to be determined (with regard to the limited number of
terms used in the experiments) they are not easy to apply in a design context.
Many design processes begin with a brief and it is here where concepts that
define the intended design originate; in these situations, the designer seeks
colours that can represent or communicate these concepts (Won & Westland,
2018). In part to address this issue, a recent study presented participants with a
word on a computer screen and asked them to select colours that they associate
with this word (Chen et al., 2019). The term palette in this work is used simply to
refer to a collection of colours. This is consistent with its use in colour science
(Hu et al., 2009; Lindner & Susstrunk, 2013) although we note that in other fields
the term has different meanings. We also distinguish the term colour palette from
the term colour scheme; the latter implies that the colours have some

relationships (for example, colour harmony).

In the previous study (Chen et al., 2019), colour palettes were generated for each
of 30 words based on selections made by two groups of participants (from China

and United Kingdom). There was a great deal of similarity between the colour
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palettes produced from the two groups but some important differences were
observed. For example, many UK participants selected red to represent the word
‘bad’ whereas few Chinese participants used red (see Figure 1).

UK Chinese
participants participants

bad

hot

Figure 1: Colour palettes selected by participants in a study by Chen et al., (2019) in
which each participant selected three colours to represent a word. Note that Chinese
participants used less red to represent the word bad but that UK and Chinese
selections were very similar for the word hot.

The primary limitation of that study (Chen et al., 2019) was that palettes were
collected for only 30 words. This may be sufficient to demonstrate and even
validate the technique but it is far too few words for any practical application of
the study. For example, it has been estimated that an average 20-year-old native
speaker of American English knows 42,000 lemmas (a lemma is a word such as
‘run’ which indexes related words such as run, ran, runs and running) and on
average learns a new lemma every two days (Brysbaert et al., 2016). However,
in practical use less than 10,000 lemma may be needed (Nation, 2006).
Nevertheless, even obtaining palettes for a few thousand words seems
challenging and might reasonably require 1440 hours of laboratory time (0.016
hours x 3000 words x 30 participants) or 40 weeks. A radical approach to
automatically generate a colour palette for a word was published that used an
internet search to collect images that represent words and then used
unsupervised machine learning to cluster the colour data from those images
(Lindner & Susstrunk, 2013). However, although systems that use a machine-
learning approach are being developed (ColourMyldeas, 2020) the relationship
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between the colour palettes selected by this machine-learning approach and
those selected by human participants has yet to be determined. An alternative
approach is to use crowd sourcing to collect data over the internet. In one study,
participants were asked to name colours that were presented to them over the
internet on a browser (Moroney, 2003); although colour names were collected for
many colours, each participant provided names for only a few colours so that the
experimented was distributed over a large number of participants remotely. A
similar colour naming experiment has been developed by Griffin & Mylonas
(2019).

The purpose of this study is to adopt an online crowd-sourcing approach to word-
colour associations and to compare the colour palettes with those that are
generated with more traditional laboratory experiments. If crowd-sourcing can be
used to obtain reliable estimates of colour palettes that are associated with words
then it provide a plausible route to a system that might be able to determine these
associations for a large enough number of words to make the system useful in,

for example, a design context.

2 Experimental

An online experiment was constructed using HTML and javascript in which
participants were presented with a word on the screen and were asked to select
a colour that they associated with this word. A total 30 participants were used in
the experiment (see Table 1) and these were the same words that were used in
a laboratory study (Chen et al., 2019) so that a comparison could easily be made.
Participants were recruited by email. In the previous laboratory study the
experiment was also conducted with samples shown on a screen but the
difference was that the screen was calibrated, and the viewing conditions were
highly controlled. This work therefore compares a highly controlled laboratory
study with a less controlled study carried out over the internet.

Only UK participants were solicited and the email asked them to undertake the

study only if they were from the UK. However, it is impossible with a crowd-



sourcing study such as this to exclude the possibility that a small number of

participants might have been from a different background.

Table 1: The list of 30 words that were used in the study

Active
Bad
Clean
Cold
Cultural
Dangerous
Dead
Female
Fresh
Future
Good
Healthy
Hot
Lucky
Male

Married
Medical
Modem
Natural
Old

Poor
Powerful
Religious
Rich
Safe
Sweet
Traditional
Unlucky
Urban
Young

Participants who visited the website were asked to select a colour that was
associated with a word (shown at random from the list in Table 1) using a colour
picker (JSColor, 2020). The colour picker allowed participants to select a colour
using an interface based on a 2-D array of hue and chroma with a lightness slider

)
, i

Figure 2: Colour picker (JSColor, 2020) used by participants in the study to select
colours for each word.

as shown in Figure 2.

After this, a different word was randomly selected from the list and the procedure
repeated. If the same word appeared twice for the same participant they were
free to select the same colour as before or a different colour. Participants
continued until they decided to leave the page (on average participants each
provided one or more colours for about 10 words).



To evaluate similarity between palettes, a method for quantifying the visual
difference AEp between two palettes is available (Pan & Westland, 2018; Yang
et al., 2020) and was adopted. The algorithm to calculate AEp is according to the

following 5 steps given N colours in each palette:

1. For each colour in one palette, the colour differences between this colour and
each of the colours in the second palette are calculated. The minimum of these
N colour differences is recorded.

2. Step 1 is repeated for all the colours in the first palette, for each finding their
closest corresponding colours in the second palette, resulting in N colour
differences.

3. The N minimum color difference values are averaged and the mean value
symbolized as m;.

4. Steps 1-3 are repeated, but this time for each of the colours in the second
palette. In other words, for each of these colors the closest corresponding
colour in the first palette is found. The mean value of these N color differences
is symbolized as mo.

5. The values of m{ and mz are averaged to obtain the visual colour difference

AEp between the two palettes

Smaller values of AEp are associated with greater similarity between two palettes.
The colour differences can be calculated using any standard colour difference
equation. In the original algorithm CIELAB colour difference was used (Pan &
Westland, 2018); however, in a later study it was found that using the
CIEDE200(2,1,1) equation have better agreement with the psychophysical data
(Yang et al., 2020). Therefore in this study the CIEDE200(2,1,1) equation is used.
Note, however, that the algorithm was originally intended for use with pairs of
colour palettes that contained the same number of colours. In this study the
number of colours in the laboratory experiment is usually not exactly the same as
the number in the crowd-sourcing experiment (though these numbers are similar).

However, modification of the algorithm to adapt for this situation is trivial.

3 Results



About 150 participants took part in the experiment. A total number of 1462
responses were obtained and, on average, 48 colours were obtained per word.
This number is comparable with the 45-colour palettes obtained in the laboratory
experiment (Chen et al., 2019). Note, however, that the random presentation
order of the words in this experiment, and the fact that participants could complete
as many words as they wanted to, the size of colour palettes obtained varied from
a 32-colour palette (for the word young) to a 69-colour palette (for the word
healthy). Table 1 shows the size of the colour palettes that were obtained for each
of the words from the crowd-sourcing study. Figure 3 shows representative colour
palettes for 6 of the 30 words used in the study.

active clean

1@_

cold female

Figure 3: Colour palettes for 6 of the 30 words.

The similarity between the colour palettes generated from the crowd-source
experiment and those generated from the previously published laboratory
experiment was obtained by calculating the AEp values. The mean value was 6.7
CIEDE2000 units (minimum 1.2; maximum 9.4, standard deviation 1.8). Table 1
shows the AEp score (between the crowd-sourced and laboratory study) for each
of the words in the study. Figure 4 shows the two words with the largest
differences (‘religious’ = 9.0 and ‘rich’ = 9.1) and the two words with smaller

differences (‘dead’ = 1.2 and ‘cold’ = 5.0) according to the AEp metric.



More research is needed with the AEp metric. Psychophysical data have been
used to validate it in the sense that the larger the AEp the greater the difference
between the palettes (and from Figure 4 it is evident that the two palettes with the
lowest AEp scores are visually similar). However, what is less clear is how small
does the AEp value need to be before we can say that two palettes are similar or
indistinguishable. Threshold studies will be needed to determine the critical value
in the same way that these studies were used to determined pass/fail values for
conventional colour-difference equations. However, experience with other
studies suggests that a AEp value of 6 is relatively small. For example, in one
study where participants were asked to select a small colour palette to represent
fashion runway images, the average AEp score between the palettes generated
by the participants (in other words, the inter-observer error) was about 9 and the
average AEp score between palettes generated automatically using supervised
machine learning and the palettes generated by the participants was about 13
(Lai & Westland, 2020). The AEp between the Chinese palette and the UK palette
for hot (see bottom row of Figure 1) was 5.7 (Chen et al., 2019).

It is evident from Figure 4 that there is quite close agreement in the colours for
the words dead and cold between the laboratory and crowd-sourced experiments
and less agreement for the words traditional and safe.

A Monte-Carlo analysis was carried out to obtain more insight on whether the AEp
scores in Table 1 are smaller than we would expect if there was no relationship
between the palettes from the crowd-sourced experiment and the laboratory
experiment. To achieve this, for each word, a palette was randomly generated;
the CIELAB coordinates for each patch were randomly selected from the ranges,
L* (0 - 100), a* (-50 - 50) and b* (-50 — 50). Figure 5 shows 10 palettes than have
been randomly selected in this way.
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Table 1: A list of the words shown in the experiment, the number of colour patches

collected for each word, the AE difference between the laboratory and crowd-sourced

palettes, and the Monte Carlo simulation.

active
bad
clean
cold
cultural
dangerous
dead
female
fresh
future
good
healthy
hot

lucky
male
married
medical
modern
natural
old

poor
powerful
religious
rich

safe
sweet
traditional
unlucky
urban
young

number
50
47
45
55
51
46
39
50
45
42
42
69
43
50
55
57
49
61
53
46
42
57
41
34
49
49
43
61
59
32

el

DEP
5.5
5.8
5.4
5.0
8.8
4.7
12
6.4
9.4
7.2
6.4
6.8
7.5
7.1
8.6
7.5
5.6
8.0
8.1
7.7
7.5
4.6
9.0
9.1
8.8
6.6
7.8
6.3
6.1
4.7

Monte Carlo
Mean
143
12.9
13.8
13.8
125
14.8
13.7
13.7
13.2
11.7
133
14.0
18.0
14.7
125
13.0
129
11.6
111
10.4
11.2
13.5
12.8
125
125
12.6
11.4
117
11.8
13.0

Min
12.2
10.6
11.2
114
10.9
121

9.7
12.0
11.0

7.1
10.5
11.9
15.1
124
10.9
11.5
10.7
10.1

9.2

8.7

8.9
119
111

7.5
11.2
10.8

9.7
10.5
10.2

8.4

Figure 4: Colour palettes for two similar palettes (first row: dead; second row: cold) and
two more different palettes (third row: religious; fourth row: rich) according to the AEp
metric. The laboratory palettes are on the right and the crowd-sourced palettes are on

the left.

11



Figure 5: A set of 10 randomly generated 55-colour palettes from the Monte-Carlo
simulation.

The AEp between the randomly generated palette and the laboratory palette was
calculated. This was repeated 100 times for each word, each times generating a
new random palette with the same number of patches as in the crowd sourced
experiment (Figure 5 shows 10 of the patches generated for the word, ‘dead’).
The rightmost two columns in Table 1 show the average AEp between the
laboratory experiment and the randomly generated palettes and the minimum
AEp. If the AEp from the crowd sourced experiment is lower than the AEp from the
randomly generated palettes in > 95% of case then we can be 95% certain that
this level of AEp would not occur by chance. For almost all the words, the AEp
score from the crowd sourced experiment was lower than in every one of the 100
simulations for that word; this indicates than the low levels of AEp in the crowd
sourced experiment are unlikely to have occurred by chance. Note that the
minimum AEp score from the random palettes was greater than the crowd

sourced score in all cases apart from the words ‘future’ (where the random palette
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was closer to the laboratory experiment in 1% of cases) and ‘rich’ (where the
random palette was closer to the laboratory experiment in 2% of cases).

4 Discussion

This work is concerned with collecting data on the associations that exist between
colours and words. Over at least the last 30 years a number of studies have
reported evidence that there are universal word-colour associations. Most studies
show that there is more similarity between colour meanings than differences
between cultural groups (Lucassen et al., 20101; Gao et al., 2007). Nevertheless,
when cultural differences do exist they can be significant and it is recommended
that care needs to be taken before assuming that a word-colour association found
in one cultural group applies to another group. It is also evident that colour
meanings can vary greatly with context (Taft, 1997). For example, the colour red
can be associated with many words and concepts. Red can be associated with
blood (in the context of a poster about a vampire move), with danger (in the
context of an emergency top button), with strawberries (in the context of a yoghurt
pot) and may others. It is no surprise, therefore, that in the colour palettes
generated in this study and in the earlier laboratory study (Chen et al., 2019) it is
clear that word-colour associations are far from being one to one relationships.
The same colour can appear in palettes that represent many different words and
concepts. A tool that could provide users with colour palettes for a target word
would be useful even if only as inspiration for further thinking. However,
laboratory studies are poorly placed to provide sufficient data to enable such a
tool to be constructed. This study has explored the use of crowd-sourcing as a
way to generate large amounts of data on word-colour associations which might
enable data- or consumer-led design tools. The work in this paper suggests that
crowd sourcing can deliver colour palettes that are similar to those found in more
rigorous studies but clearly more work (including work that uses more words and
more participants) is required. Although we used a simulation to provide evidence
that the palettes from the two experiments were similar, we accept that the
evidence is not as strong as it could be since concluding that the two palettes are
more similar than randomly generated palettes is a weak test. What is really

needed is the ability to be able to use a threshold value of the AEp metric for
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calculating the visual difference between palettes. Our work has therefore
highlighted the need for additional studies in this area.
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