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Olfactory experiences are hard to verbalize, partly because most languages lack devoted odor 

vocabularies. Yet, there is a need for a standardized odor vocabulary, but no descriptive 

system for describing the full range of odor experiences has been agreed upon. Many studies 

of the English odor vocabulary have been based on perceptual data such as odor-descriptor 

ratings, thereby being limited to a small set of pre-selected descriptors. In the present study, 

we present a data-driven approach that automatically identifies odor descriptors in English, 

and then derive their semantic organization on the basis of their distributions in natural texts. 

Olfactory descriptors are automatically identified on the basis of their degree of olfactory 

association, and their semantic organization is derived with a distributional-semantic word 

embedding model. We identify and derive the semantic organization of the descriptors most 

frequently used to describe odors and flavors in English, both within and across source-

based, abstract and evaluative descriptor categories. Our method is to a large extent able to 

capture semantic differences between descriptors related to aroma and flavor qualities, rather 

than e.g. functional or linguistic aspects, in that it primarily differentiates descriptors with 

respect to valence and edibility, and the semantic space derived from it is qualitatively 

similar to a space derived from perceptual data. 
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Introduction 

The human sense of smell has often been assumed to be vestigial in comparison to other senses. 

People are poor at discriminating and identifying familiar odors (e.g., De Wijk & Cain, 1994; Engen, 

1991). In particular, people find it hard to name odors (Herz & Engen, 1996; Jönsson & Stevenson, 

2014), and olfaction has even been described as "the muted sense" (Olofsson & Gottfried, 2015). With 

some notable exceptions (e.g. Burenhult & Majid, 2011; Wnuk & Majid, 2014), most languages lack a 

vocabulary that primarily is used to denote odor qualities. Instead of using devoted terms for 

describing odors (similar to, e.g., color terms), speakers often use either source-based descriptions, 

identifying odors on the basis of its source (e.g., citrusy), abstract descriptions, referring to some 

abstract (e.g., musty) or metaphorically used cross-modal sensory property (e.g., light), or evaluative 

descriptions, describing hedonic evaluation of the odor (e.g., pleasant) (Burenhult & Majid, 2011; 

Croijmans & Majid, 2016; Majid et al., 2018; Majid & Burenhult, 2014). Olfaction has therefore been 

found to be one of the senses that is hardest to verbalize (e.g., in terms of poor linguistic codability, 

see Majid et al., 2018).  

Yet, in many industries and businesses, there is a need for a standardized vocabulary for classifying 

the perceptual space of odors and facilitating objective communication about smells. Although various 

olfactory taxonomies have been proposed within specific domains (e.g. Burlingame et al., 2004; Fisher 

et al., 2018; Jellinek, 1997; Noble et al., 1987; Suffet & Rosenfeld, 2007), no descriptive system for 

describing a wider variety of odor qualities has been agreed upon (Kaeppler & Mueller, 2013). 

In this work, we present a study on the semantic organization of the English odor vocabulary, using an 

approach that is based on natural language data. Based on the distribution of words in olfactory and 

gustatory contexts in a three-billion-word corpus of written English, we identify olfactory descriptors 

by quantifying the degree of olfactory-semantic content they convey. We then derive their semantic 
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organization using a distributional-semantic word embedding model. In this model, semantic distances 

between words are represented as vector distances in a multi-dimensional space. Crucially, our method 

provides a fully data-driven approach for identifying a large set of olfactory descriptors and their 

semantic organization that is based on the distribution of words in texts from the Internet. We further 

investigate the dimensions of our semantic space using measures of word valence, word edibility 

associations and word concreteness, and finally validate our method against perceptual data in the 

Dravneiks odor-term rating data set (Dravnieks, 1985). 

Several studies have investigated the perceptual and semantic space of odors using quantitative and 

multivariate analyses of perceptual data such as the Dravnieks data set. Khan et al. (2007) used 

principal component analysis (PCA) to reduce the dimensionality of the Dravnieks data. They found 

the primary dimension (PC1) to reflect odor pleasantness, a finding that was confirmed in a series of 

perceptual rating tasks. Similarly, Zarzo (2008) found the primary dimension (PC1) of odor-descriptor 

ratings similar to the Dravnieks data to be related to pleasantness, and the second dimension (PC2) to 

reflect edibility. Koulakov et al. (2011) found that the positions of the odors in the Dravnieks data set 

in a three-dimensional space could be approximated by a 2-dimensional curved manifold (explaining 

52% of the variance in the data) whose primary dimension (the elevation of the manifold) was 

associated with odor pleasantness. Castro et al. (2013) derived a 10-dimensional perceptual space from 

the Dravnieks data using non-negative matrix factorization, a dimensionality reduction technique that 

constrains the principal dimensions to be positive. They found each dimension to be sparsely occupied 

by a small set of odors, and each odor profile to primarily be characterized by a single dimension. 

They interpreted these dimensions as meta-descriptors (e.g., ‘fragrant’, ‘woody’, ‘fruity’, and 

‘sickening’), reflecting fundamental and distinct perceptual qualities of individual odors. Importantly, 

the identified dimensions corresponded either to "relative pleasantness" or to "cues of potential 

palatibility / nonpalatibility" (Castro et al., 2013: 13). More recently, Licon et al. (2018) investigated 

the semantic space of odors on the basis of PCA analysis of odor-descriptor ratings. Participants rated 

105 odors with respect to whether and how well they were described by 24 predefined descriptors
1
, 

and with regard to their perceptual dimensions in terms of pleasantness, edibility, familiarity and 

intensity. In line with previous studies, they found the primary dimension (PC1) in their semantic 

space to be most highly correlated with pleasantness ratings, and the secondary dimension (PC2) to be 

primarily correlated with edibility ratings. Together, these studies provide plenty of evidence for the 

idea that odors are semantically and perceptually differentiated primarily with respect to pleasantness, 

on the one hand, and edibility, on the other. 

There is only a handful of recent studies that have investigated the semantic and perceptual space of 

odors on the basis of natural language data. Some studies have used pre-trained distributional-semantic 

word embedding models to predict the applicability of odor descriptors to odor molecules. Nozaki & 

Nakamoto (2018) trained a neural network model to predict odor descriptor categories from chemical 

properties of odorants. Descriptor categories were identified on the basis of hierarchical clustering of 

cosine distances between descriptor vectors, derived from a pre-trained distributional-semantic word 

embedding model. Their model was able to predict one of 20 descriptor clusters with a 53% accuracy. 

Gutiérrez et al. (2018) took advantage of the correspondence between a perceptual and a semantic 

odor space, the former derived from perceptual odor-descriptor ratings, and the latter from pre-trained 

semantic vectors, to predict perceptual ratings from a small set of 19 descriptors in the DREAM data 

set (Keller et al., 2017) to 131 descriptors in the Dravnieks data set. This was done both for an 

identical set of odor molecules available in both data sets (i.e., their “direct semantics” model), as well 

as for a novel set of molecules only available in the Dravnieks data set (i.e., their “imputed semantics” 

model), for which DREAM descriptor ratings were estimated from chemoinformatic features of the 

shared odor molecules. Thus, Gutiérrez et al. (2018) showed that perceptual ratings for novel 

chemicals can be estimated from semantic vector representations combined with molecular 

information. These studies indicate that, for a given set of odors, there will be a high correspondence 

                                                      
1
 The choice of descriptors was done on the basis of several odor atlases and the comprehensive review of Zarzo 

and Stanton (2009).  
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between their perceptual space derived from odor-descriptor ratings, and their semantic space derived 

from a distributional-semantic word embedding model. Their applicability is, however, limited to a 

pre-selected set of descriptors, either from which categories are identified, or for which odor-

descriptor ratings are readily available. 

Other studies have shown how natural language data can be used to quantify words and phrases with 

respect to their olfactory and gustatory association and specificity. Whereas some descriptors most 

frequently are used to express odor or flavor qualities (e.g., smelly), others are more general and often 

used in other contexts (e.g., sharp). Further, some descriptors are used specifically for a limited set of 

odors or flavors (e.g., flowery), whereas others apply to a wider range of qualities (e.g. strong). In 

order to identify the vocabulary associated with wine qualities in a corpus of wine reviews, Crojimans 

et al. (2019) employed Termhood analysis, a method that automatically identifies domain-specific 

vocabulary on the basis of the degree to which words or phrases are used in specific contexts in 

comparison to their general use. They identified 146 unique terms that were used to construct a text-

based wine wheel. Iatropoulos et al. (2018) proposed a corpus-based measure of olfactory / gustatory 

association (similar to Termhood analysis), the Olfactory Association Index (OAI). OAI is the log2 

probability that descriptor d occurs in a olfactory-related context as opposed to a non-olfactory 

context, i.e., 

         
   
   

 

where tfd is the total frequency of d and ofd is the frequency of d in olfactory-related contexts. OAI was 

found to be strongly correlated (ρ = .693) with experimental ratings of olfactory association, collected 

by Lynott & Connell (2009), attesting to the viability of OAI as a measure of olfactory association. 

Iatropoulos et al. (2018) further devised a measure of olfactory / gustatory specificity, the Olfactory 

Specificity Index (OSI), defined as the negative log2-probability that descriptor d occurs in a olfactory-

related context, 

          
   

        
 

where D is the set of all descriptors investigated. As such, OSI estimates the information contained in 

a descriptor about olfactory contexts. High OSI indicates a high information content in terms of the 

descriptor being used in a limited set of contexts, and a low OSI is indicative of low information 

content in that the descriptor is used across a broad range of contexts. OSI was found to be negatively 

correlated (r = -.250) with inter-individual inconsistency of odor descriptor use, quantified in terms of 

descriptor-to-odor rating variance across subjects. Thus, olfactory descriptors that score low on OSI 

are used more inconsistently across speakers, presumably because they are used for a broader range of 

odor percepts and therefore allow for a wider usage across individuals.  

Although these methods provides a data-driven way to identify descriptors used to describe odor and 

flavor qualities, they are uninformative regarding how those descriptors are organized semantically. In 

the present work, we overcome this by first identifying sets of descriptors with the highest olfactory 

association, using OAI. We then derive the semantic organization of these descriptors on the basis of 

word vectors from a distributional-semantic word embedding model. Importantly, in order to capture 

the meanings of the descriptors as applied to odor and flavor qualities, we use word vectors from a 

language model that is specifically trained on olfactory and gustatory contexts. 
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Method 

Corpus 

We identified olfactory descriptors and trained our language model using the University of Maryland 

Baltimore County (UMBC) webbase corpus (Han et al., 2013). The UMBC corpus consists of English 

written texts of more than three billion words in 100 million web pages from over 50,000 websites. 

We used the part-of-speech (POS) tagged version of the corpus with POS tags in the Penn Treebank 

format (Marcus et al., 1994; Taylor et al., 2003). We used the POS tagging to disambiguate between 

homonyms from different word classes. 

The corpus was pre-processed by converting all words to lower case, lemmatizing content words 

(using the NLTK python module, see Bird et al., 2009), and dividing texts into sentences. We also 

identified 116 two-word or three-word collocations (shown in the supplementary materials), consisting 

of phrases either used in the Dravnieks data set (e.g., "black pepper", "rotten fruit", "nail polish 

remover") or considered to be commonly used to describe flavors and odors (e.g., "bad breath", 

"essential oil", "sweet and sour"), that were merged.  

From the preprocessed corpus, we extracted an olfactory sub-corpus of around 7.9 million words in 

293 960 olfactory and gustatory contexts. This was done by identifying sentences that contained any 

of 105 olfactory- or gustatory-related key words (e.g., ’odor’, ’fragrance’, ’taste’, ’savor’, the full list 

of words is shown in the supplementary materials). 

Descriptor identification 

From the olfactory corpus, we extracted all nouns and adjectives that occurred at least 10 times within 

a ±4 word olfactory/gustatory context window of the olfactory/gustatory key words, resulting in the 

initial identification of 7010 words. OAI and OSI of these words was calculated on the basis of 

olfactory/gustatory frequency and total frequency, and their corresponding lemmas / concepts were 

extracted (e.g., using "CITRUS" as lemma for "citrusy" or "citrus-like"). Among the words, we 

identified a number of word categories that we considered as unsuitable descriptors that were 

removed. These included technical terms, proper names, foreign terms (mainly latin), parts of 

lexicalized compounds, abbreviations, and terms that were included due to errors in the corpus (e.g., 

wrong POS tag or repeated texts). A subset of 2122 words of the remaining words were then manually 

classified as source-based, abstract, or evaluative. To the extent possible, this was done in accordance 

with the guidelines in the supplementary materials of Majid et al. (2018). However, some descriptors, 

such as hyperonyms (e.g., "fruit") and basic category adjective derivatives (e.g., "citrusy"), could 

potentially be classified as either source-based or abstract. Here, we chose to classify hyperonym 

nouns (e.g., "fruit") as source-based, as these refer to a specific category. All basic category terms 

(e.g., "citrus" and "citrusy") were classified as source-based, as these refer either to a specific object 

per se or the quality of that specific object. Hyperonym adjective derivatives (e.g., "fruity"), on the 

other hand, were classified as abstract, as these refer to a categorical quality, rather than the quality of 

a specific object.  

Measures of word valence, edibility and concreteness 

In order to further investigate the dimensions along which the descriptors primarily are differentiated, 

we took advantage of freely available data sets containing ratings of words on different semantic 

dimensions. Given previous findings, we wanted to see whether and to what extent our identified 

dimensions corresponded to pleasantness / valence, on the one hand, and to edibility, on the other.  

For word pleasantness / valence, we used the word valence ratings provided by Warriner et al. (2013). 

This data set consists of ratings of approximately 14 000 word lemmas, rated in terms of valence, 

arousal and pleasantness on 1-9 grade lickert scale. For valence, participants rated words with respect 
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to how happy or unhappy they made them feel. Participants were informed that low ratings 

corresponded to feelings of being happy, pleased, satisfied, contented or hopeful, and high ratings to 

feelings of being unhappy, annoyed, unsatisfied, melancholic, despaired, or bored (Warriner et al., 

2013:1193). We extracted valence ratings for those words that overlapped with the lemmas of the 

descriptors used in our study. In total, 1 717 - around 81% - of our descriptors were assigned a valence 

rating. 

As en estimate of word edibility, we used the two data sets containing ratings of the perceived strength 

of association between words and sensory modalities, provided by Lynott & Connell (2009, 2013). 

They had participants rate 400 nouns (Lynott & Connell, 2013) and 423 adjectives (Lynott & Connell, 

2009) on a 1-5 grade lickert scale with respect to the extent to which they associated each word with 

the visual, auditory, tactile, olfactory and gustatory sensory modality. Again, olfactory and gustatory 

ratings for words that overlapped with the lemmas of our descriptors were extracted. However, this 

resulted in the assignment of ratings to only 272 of our descriptors, making up about 13%. Therefore, 

we only include these ratings in our analyses in cases where ratings are available for at least 25% of 

the included descriptors.     

We were also interested in investigating whether any dimension corresponded to word concreteness, 

that is, the extent to which a word denotes a perceptual entity (Brysbaert et al., 2014). Importantly, 

concreteness is highly related to the distinction between source-based, abstract and evaluative 

descriptors, evaluative descriptors such as pleasant being abstract, and source-based descriptors such 

as apple being concrete. Concreteness is also related to the distinction between nouns and adjectives, 

the former mainly denoting perceptual entities, and the latter frequently referring to abstract properties. 

We used the concreteness ratings of Bryesbart et al. (2014). This data set consists of ratings of 37 058 

words of different word classes, that were rated on 1-5 point lickert scale. Of these, 1931 corresponded 

to the lemmas of our descriptors, making up about 91% of all of our descriptors. 

The correlations between the variables are shown in Table 1. As can be seen in the table, olfactory and 

gustatory ratings are highly correlated with each other, as well as with OAI. This suggests that OAI 

can serve as an indirect measure of edibility.    

Table 1. Correlations between descriptor rating variables, based on data for 272 descriptors for which all ratings 

are available. P-values are corrected for multiple comparisons on the basis of the method proposed by Holm 

(1979). Shadings highlight the strongest correlation of each variable. 

 

Language model 

The sentences in the olfactory corpus was used to train a distributional-semantic word embedding 

model. In this model, semantic distances between words are represented as vector distances in a multi-

dimensional space. The semantic vectors are the hidden layers of a 3-level feedforward neural network 

trained to predict a target word on the basis of its context. Words that occur in similar contexts have 

similar meanings and therefore also similar vector representations. The model was trained with the 

continuous-bag-of-words (CBOW) algorithm of word2vec, using the Python gensim package 

Variable 
OAI OSI Valence Gust. Olf. Concr. 

r p r p r p r p r p r p 

OAI - - -0.03 1.00 0.07 1.00 0.66 <.0001 0.58 <.0001 -0.02 1.00 

OSI -0.03 1.00 - - -0.10 1.00 -0.17 .160 -0.20 .040 0.09 1.00 

Valence 0.07 1.00 -0.10 1.00 - - 0.20 .040 0.10 1.00 0.07 1.00 

Gust. 0.66 <.0001 -0.17 0.16 0.20 .040 - - 0.65 <.0001 -0.04 1.00 

Olf. 0.58 <.0001 -0.20 .036 0.10 1.00 0.65 <.0001 - - 0.07 1.00 

Concr. -0.02 1.00 0.09 1.00 0.07 1.00 -0.04 1.00 0.07 1.00 - - 
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(Řehůřek & Sojka, 2010). We used a context-window of ±4 words, a hidden layer consisting of 200 

units, a minimum word frequency count of 10, and 30 training iterations.    

Data pre-processing 

We extracted word vectors from our language model that corresponded to subsets of our identified 

descriptors (see below), on the one hand, and to the set of source-based descriptors used in the 

Dravnieks data set, on the other. Each word vector was standardized and from the standardized word 

vectors, descriptor distance matrices were derived. The distance D between descriptor i and j was 

calculated as 

Di,j =  0.5 × (1 - ρi,j) 

As such, the distance D is the pearson (ρ) correlation between word vectors, converted to the 0-1 

range, with 0 reflecting semantic identity (i.e, corresponding to ρ = 1) and 1 indicating semantic 

opposition (i.e., corresponding to ρ = -1).  

A distance matrix was also derived on the basis of the standardized Dravnieks rating vectors of the 

selected Dravnieks descriptors (see below), using the same method. 

Statistical analysis 

In order to identify descriptor clusters and to further investigate the primary dimensions along which 

the descriptors are differentiated, the distance matrices were analyzed with hierarchical clustering and 

PCA. As clustering method, we used the Agglomerative Nesting (AGNES) algorithm (Kaufman & 

Rousseeuw, 1990), as implemented in the R package 'Cluster' (Maechler et al., 2019). AGNES is a 

bottom-up clustering method that successively merges clusters on the basis of their distance, 

quantified on the basis of Ward's minimal variance method (Ward, 1963). PCA analysis was 

conducted with the prcomp() function, implemented in the base R stats package ({R Core 

Development Team}, 2018). In order to provide stronger evidence for our interpretations of the 

principal components, we also investigate how well the components correlate with OAI and OSI, as 

well as with independent measures of word valence, concreteness and gustatory/olfactory association.    

Results 

Top descriptors combined 

Initially, we investigated the semantic organization of the top source-based, abstract, and evaluative 

descriptors combined. To this end, we selected the top 50 source-based, the top 50 abstract, and the 

top 50 evaluative descriptors in terms of OAI score with at least 20 occurrences in the olfactory 

corpus
2
. Due to their ambiguous nature, basic category adjectives (e.g., "citrusy") were excluded in 

these analyses. For the selected 150 descriptors, we derived a distance matrix as described above. 

Hierarchical cluster analysis 

First, we analyzed the distance matrix with hierarchical clustering. The clustering is illustrated in 

Figure 1. The main partitioning differentiates between descriptors that mainly are used for unpleasant, 

strong or overpowering experiences, and descriptors that are used for pleasant or flavorful experiences. 

On the basis of the clustering, we further distinguished between five main clusters which contain 

semantically similar descriptors. It should be stressed that this partitioning primarily was done on the 

basis of our intuitions. In addition to our clustering, we also calculated the Dunn clustering Index for  

                                                      
2
 Many of the descriptors with less than 20 occurrences in the olfactory corpus were highly uncommon and 

limited to highly specific contexts, e.g., mignonette. Here, we focus on descriptors that are used in everyday 

language.  
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Figure 1. Hierarchical clustering of distance matrix of the top 50 source-based, the top 50 abstract, and the top 

50 evaluative descriptors. 

between 4 to 15 cluster partitions. The Dunn Index is the ratio of the smallest distance between 

observations not in the same cluster to the largest intra-cluster distance (Dunn, 1974). A higher value 

corresponds to a more optimal clustering solution in terms of keeping across-cluster items separated. 

This analysis found 10 cluster partitions to be optimal (Dunn's Index: 0.17). Thus, our five clusters 

each contain two sub-clusters which together make up the optimal clustering solution. 

The first of our five clusters, referred to as Stale & Repulsive in Figure 1, primarily contains abstract 

and evaluative descriptors often used to describe highly unpleasant odors such as stale, repulsive, 

pungent and disgusting. It also contains a few source-based descriptors that may be used for 

unpleasant odors such as rotten-egg, woodsmoke, and cordite. The second cluster, Distasteful & 

Unpleasant, primarily contains abstract and evaluative descriptors related to (un)palatability and 

unpleasant flavors (e.g., palatable, distasteful, offensive), and descriptors denoting basic flavors, 

which, importantly, often are used to describe negative flavor experiences (e.g., bitter, sour, salty). 

The third cluster, Floral & Fragrant, contains both source-based and abstract descriptors denoting 

minty (e.g., menthol, spearmint, peppermint), floral (e.g., jasmine, lilac, floral) and fragrant / aromatic 

(e.g., perfumed,musk, incense) odors. The fourth cluster, Spicy & Sweet, contains source-based and 

abstract descriptors denoting sweet (e.g., caramel, vanilla, licorice), spicy (e.g. black pepper, 

peppercorn, sumac) and herbal (e.g., tarragon, marjoram) aromas. The fifth and final cluster, Distinct 

& Appetizing, contains abstract and evaluative descriptors denoting highly positive aroma and flavor 

experiences (e.g., delicious, exquisite, delightful), on the one hand, and specific and in many cases 

positive aroma and flavor experiences (e.g., fruity, spicy, juicy), on the other. Importantly, this 

descriptor clustering seems to a large extent to reflect semantic differences between descriptors that 

involve aroma and flavor qualities, rather than, being based on, for instance, functional (e.g., clustering 

food products together) or categorical (e.g., clustering all source-based descriptors together) criteria. 

This indicates that our word embedding model is able to capture and distinguish between the aroma 

and flavor qualities that the descriptors denote.       

PCA analysis 

In the PCA analysis of the distance matrix, the first four PCs together explain more than 70% of the 

variance in the data (32.09%, 17.23%, 12.37% and 8.79%, respectively), and we therefore restrict our 

analysis to those. In Figure 2, the normalized loadings and contributions of the top 30 and bottom  30 

descriptors of each component are illustrated. Table 2 shows the correlations between the four PCs,  
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Figure 2. Normalized component loadings and contributions of the top 30 and bottom 30 descriptors of each 

component of the PCA model of the top 150 descriptors. 

 

OAI and OSI, as well as the valence, edibility and concreteness ratings, and Figure 3 illustrates these 

correlations. Taken together, our results show that PC1 primarily is related to Valence / Pleasantness, 

Edibility / Gustation, but also to a somewhat less extent to Concreteness. More specifically, whereas 

descriptors with high scores on PC1 tend to primarily be related to pleasant odors and flavors (e.g.,  

 
Table 2. Correlations between the first four principal components of the PCA model of the top 150 descriptors, 

on the one hand, and OAI / OSI and the semantic variables, on the other. P-values are corrected for multiple 

comparisons on the basis of the method proposed by Holm (1979). Shadings highlight the strongest correlation 

of each variable.  

Variable N 
PC1 (32.09%) PC2 (17.23%) PC3 (12.37%) PC4 (8.79%) 

r p r p r p r P 

OAI 150 0.32 .002 0.43 <.0001 -0.03 1.00 -0.21 .150 

OSI 150 0.19 .222 -0.10 1.00 -0.28 .009 -0.06 1.00 

Valence 101 0.73 <.0001 -0.04 1.00 -0.20 .530 0.29 .058 

Gustation 41 0.63 <.0001 -0.32 .487 0.41 .111 -0.09 1.00 

Olfaction 41 -0.01 1.00 0.27 .808 -0.17 1.00 0.19 1.00 

Concreteness 126 0.51 <.0001 0.18 .530 -0.54 <.0001 -0.31 .009 
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Figure 3. Correlations between descriptor PCs in the top 150 descriptor PCA and variables, with descriptors 

differentiated on the basis of descriptor type. A. PC1 and Valence. B. PC1 and Gustation. C. PC2 and OAI. D. 

PC3 and Concreteness. E. PC3 and OSI. 
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sorbet, caramel, luscious), low scoring descriptors mainly express unpleasant odors qualities or odor 

sources (e.g., offensive, bad breath, putrid). High scoring descriptors also tend to be either source-

based or abstract and refer to edibles or flavor qualities, whereas low scoring descriptors most 

frequently are abstract or evaluative, referring to unpleasant odor qualities more generally. In line with 

these observations, PC1 is highly correlated to both evaluative ratings and gustatory association 

ratings (see Table 2 and Figure 3), but also to concreteness. 

These findings are in line with the results of previous studies investigating the semantic organization 

of olfactory descriptors on the basis of rating data (e.g. Khan et al., 2007; Zarzo, 2008) in that they 

show that odor descriptors primarily are differentiated in terms of pleasantness and edibility. This 

finding thus provide initial support for the viability of mapping the organization of the odor lexicon on 

the basis of word embeddings. PC2, on the other hand, is clearly not related to valence. Descriptors 

expressing both pleasant (e.g., perfumed, aftershave) as well as unpleasant (e.g., pungent, sickening) 

odor experiences have high negative loadings on PC2. Instead, as shown by the fairly strong 

correlation between PC2 and OAI, PC2 is related to degree of olfactory association. Descriptors that 

are strongly associated with olfaction have high negative loadings on PC2. For PC3, it is mainly 

source-based and concrete descriptors that have high positive loadings (e.g., perfume, jasmine, 

mothball), and abstract and evaluative descriptors that have high negative loadings (e.g., salty, 

palatable, disgusting). Thus, as further shown by the fact that PC3 is highly correlated to concreteness 

ratings but none of the other variables, PC3 is primarily related to descriptor concreteness. 

Consequently, whereas mainly source-based descriptors score high on PC3, abstract and evaluative 

descriptors score low. PC4, finally, is also negatively correlated with concreteness ratings. However, 

with all three types of descriptors evenly distributed across PC4, it is harder to make any interpretation 

regarding PC4.  

In Figure 4, the semantic distribution of the descriptors are further illustrated in PC1, PC2 and PC3 

score plots. Figure 4 also illustrates the main correlations between PCs and the variables.   

Top descriptors of each category separated 

We then further explored the distribution of descriptors within descriptor categories, by selecting 

descriptors with the highest OAI scores and at least 20 occurrences from each category separately. We 

selected the top 150 source-based and the top 150 abstract descriptors, this time with basic category 

adjectives included. Since there are a lot fewer evaluative descriptors in our data set, all evaluative 

descriptors with at least 20 occurrences were included, resulting in the selection of 85 descriptors. For 

the selected descriptor sets, we again derived three separate distance matrices as described above. In 

the following, we describe the analyses of each descriptor category in turn, starting with source-based 

descriptors, abstract descriptors and finally evaluative descriptors. 

Source-based descriptors 

Hierarchical clustering. Again, we first analyzed the source-based descriptor distance matrix with 

hierarchical clustering. This clustering is illustrated in Figure 5. Interestingly, in this analysis, the main 

partitioning mainly seems to differentiate between descriptors referring to unedible sources, on the one 

hand, and descriptors referring to edibles, on the other. The first main partitioning contains descriptors 

referring to unpleasant, stale and chemical sources, on the one hand, and flowery and fragrant sources, 

on the other. The second partitioning contains descriptors referring to fruits and sweets, herbs and 

spices, and other edibles. Again, as based on our intuitions, we further distinguished between five 

main clusters with semantically similar descriptors. Dunn's index (>0.12) indicated an optimal 

clustering solution of 11 clusters or more. However, our five-cluster-partitioning received the second 

highest score of 0.1197. The first source-based cluster, Stale & Chemical, primarily contains 

descriptors referring to highly unpleasant odor sources and chemicals (e.g., rotten egg, bad breath, 

piss and amonia). The second cluster, Flowery & Fragrant, on the other hand contains descriptors 

referring to flowery, pleasant and fragrant odor sources (e.g., deodorant, perfume, lavender and rose).  
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Figure 4. PCA score plots of PC scores of the top 150 descriptor PCA model, also showing variable scores. A. 

Descriptors for which no variable score was available are shown in light gray. A. PC1 and PC2 score plot 

together with Valence rating scores. B. PC1 and PC2 score plot with OAI. C. PC1 and PC3 with concreteness 

scores and descriptor type. 

 

What these two clusters have in common is that they both contain descriptors referring to unedible 

odor sources. The third cluster, Fruity & Sweet, contains descriptors primarily referring to fruits (e.g., 

strawberry, mango), sweeteners (e.g., caramel, honey, syrup) and some other flavorful ingredients 

(e.g., anise, mint, peanut butter). The fourth cluster, Herbal & Spicy, primarily contains descriptors 

referring to herbs and spices (e.g., black pepper, salt, oregano, thyme). The fifth and final cluster, 

Edible, contains descriptors referring to heavy, meaty and savory ingredients (e.g., truffle, cheese, 

venison), dishes (e.g., dumpling, risotto, kebab), desserts (e.g., cheesecake, sorbet, gelato) or food-

related hyperonyms (e.g., morsel, treat, appetizer). 
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Figure 5. Hierarchical clustering of distance matrix of the top 150 source-based descriptors. 

PCA analysis. We chose to investigate the first three PCs, that together explain 64.8% of the variance 

in the data; 38.78%, 18.52%, and 7.5% respectively. Figure 6 shows the normalized loadings and 

contributions of the top 30 and bottom 30 descriptors of each component, Table 3 shows the 

correlations between the three PCs and the variables (i.e., OAI, OSI, valence, edibility and 

concreteness), and Figure 7 illustrates these correlations.  

 

Descriptors with high scores on PC1 tend to refer to odor sources with pleasant smells (chocolate, 

apricot, strawberry), and descriptors with low scores to odor sources with unpleasant smells (e.g., 

excrement, armpit, ashtray).  In line with this, PC1 is highly positively correlated with valence ratings, 

and to some extent negatively correlated with OAI (see Figure 7). 

 

We note, however, that it primarily is source-based descriptors referring to edibles that score the 

highest on PC1, and that many of the highly pleasant but unedible descriptors have lower scores. For 

example, flower descriptors (e.g., lilac, jasmine, flower) have negative PC1 scores. Thus, considering 

that valence and edibility are correlated (see Table 1), it could be that PC1 either conflates valence and 

edibility, or, that it primarily is related to edibility, and that it correlates with valence ratings due to the 

correlation between valence and edibility. Importantly though, it is clear that PC1 captures the same 

qualitative aspects of odor descriptors that also are found in ratings-based accounts (e.g., Kahn et al. 

2007). However, PC2 seems to be more straightforwardly interpreted as reflecting edibility. Food- 
 

Table 3. Correlations between the first three principal components of the PCA model of the top 150 source-

based descriptors, on the one hand, and OAI / OSI and the semantic variables, on the other. P-values are 

corrected for multiple comparisons on the basis of the method proposed by Holm (1979). Shadings highlight the 

strongest correlation of each variable. The number of ratings available on each variable is also shown. 

 

Variable n 
PC1 (38.78%) PC2 (18.52%) PC3 (7.5%) 

r p r p r p 

OAI 150 -0.25 .024 0.41 <.0001 -0.03 1.00 

OSI 150 -0.02 1.00 -0.12 0.930 -0.07 1.00 

Valence 121 0.45 <.0001 0.09 1.00 0.07 1.00 

Concreteness 134 0.15 .654 0.16 .654 -0.05 1.00 
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Figure 6. Normalized component loadings and contributions of the top 30 and bottom 30 descriptors of each 

component of the PCA model of the top 150 source-based descriptors. 

 

related descriptors (e.g., treat, appetizer, dumpling) score high on PC2, and descriptors referring to 

flowery, fresh and fragrant odor sources (e.g., jasmine, musk, perfume) score low. Descriptors 

referring to unpleasantly smelling odor sources, generally have low PC2 loadings with scores close to 

zero. Further, PC2 is unrelated to pleasantness/valence, but positively correlated with OAI, which, in 

turn is highly positively correlated with edibility (see Table 1). PC2 therefore more clearly seems to be 

related to edibility. It is harder to interpret the meaning of PC3, since it does not correlate with any of 

the variables. However, descriptors referring to fresh (bubble gum, kool-aid, menthol) and sweet (e.g., 

sweetner, maple syrup, strawberry) sources score high on PC3, and descriptors referring to heavy and 

salty sources (e.g., kebab, venison, crepe), indicating that PC3 to some extent is related to a light-

heavy continuum. In sum, whereas PC1 primarily is related to pleasantness /valence, and to some 

extent also to edibility, PC2 is primarily related to edibility and independent of pleasantness. 

Abstract descriptors 

Hierarchical clustering. The results of the hierarchical clustering of the abstract distance matrix is 

shown in Figure 8. Again, the clustering primarily differentiates between descriptors that mainly are 

used for unpleasant experiences, on the one hand, and descriptors used for pleasant experiences, on the 

other. We further separated these two main partitioning into five main clusters with semantically 

similar descriptors. In the first partitioning, we identified two distinct clusters. The first cluster, 

referred to as Distinct & Toxic in Figure 8, consists of descriptors referring to basic flavors (e.g., 

gamey, oily, bitter, sour), often used for negative experiences, descriptors referring to toxic 

experiences (noxious, poisonous, toxic), as well as perception-related descriptors (detectible, 

perceptible, noticeable). The second cluster, referred to as Stale in Figure 8, contains descriptors that 

refers to directly unpleasant and stale experiences (e.g., rancid, pungent, stale, putrid). In the second 
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Figure 7. Correlations between the PCs in the top 150 source-based descriptor PCA and variables. A. PC1 and 

Valence. B. PC1 and OAI.  

partitioning with pleasant descriptors we identified three main clusters. The first, labeled Sweet, Floral 

& Fragrant, contains descriptors referring to sweet, minty and fresh experiences (e.g., sugary, minty, 

refreshing) as well as perfumey, fragrant, strong and sensual experiences (e.g. bridal, perfumed, 

unmistakable, sensuous). The second cluster, Edible, contains descriptors referring to food-related and 

culinary experiences (e.g. nutty, cheesy, crispy and zesty). The fifth and final cluster, Refined, contains 

descriptors referring to complex and cultural experiences often considered to be of a higher standard 

(e.g., aristocratic, aesthetic and eclectic). For the abstract descriptors, the optimal cluster solution as 

based on Dunn's index consists of 10 clusters (Dunn's Index: 0.15). 

 

 

 

Figure 8. Hierarchical clustering of distance matrix of the top 150 abstract descriptors. 
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PCA analysis. For the PCA analysis, we further investigated the first four PCs, explaining more than 

67% of the variance (30.42%, 20.57%, 9.41%, and 7.07%, respectively). The normalized loadings and 

contributions of the top 30 and bottom 30 abstract descriptors of each component are shown in Figure 

9. Table 4 shows the PC and variable correlations, and Figure 10 illustrates these correlations.  

 

On PC1, it primarily is fairly concrete descriptors referring to food-related and culinary experiences 

(e.g., cheesy, nutty, peppery) that have high positive loadings and low scores, and a few descriptors 

expressing complex and cultural experiences (e.g., aesthetic, musical, congenial) that have negative 

loadings and high scores. PC1 is also negatively correlated with OAI and to some extent to 

concreteness. Thus, given the high correlation between OAI and gustatory ratings, PC1 seems to 

primarily be related to (un)edibility, with descriptors expressing fairly concrete, food-related 

experiences scoring low on PC1. 

 

 
 

Figure 9. Normalized component loadings and contributions of the top 30 and bottom 30 descriptors of each 

component of the PCA model of the top 150 source-based descriptors. 
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Table 4. Correlations between the first three principal components of the PCA model of the top 150 abstract 

descriptors, on the one hand, and OAI / OSI and the semantic variables, on the other. P-values are corrected for 

multiple comparisons on the basis of the method proposed by Holm (1979). Shadings highlight the strongest 

correlation of each variable. The number of ratings available on each variable is also shown. 

 

For PC2, on the other hand, descriptors expressing unpleasant experiences have high positive loadings 

and low scores, and descriptors expressing sweet, refreshing, culinary and food-related and pleasant 

experiences have high negative loadings and high scores. PC2 also has a strong positive correlation 

with Valence, and is positively correlated with gustatory ratings. Thus, it seems clear that PC2 

primarily is related to valence, but also to some extent to edibility, probably because abstract odor and 

flavor experiences that are pleasant also often tend to be culinary.  

Descriptors expressing sensual, sweet, fragrant, and pleasantly complex experiences, often with an 

abstract meaning (e.g., sensuous, intoxicating, invigorating) have high positive loadings and low 

scores on PC3, and descriptors referring to basic flavors and  food-related experiences, often 

interpreted as having a negative connotation (e.g., salty, beany, bland), unpleasant experiences, as well 

as more concrete properties (e.g., bottled, slimy, carbonated), have negative loadings and high scorese. 

PC3 is further negatively correlated with Valence and olfactory ratings, but positively correlated with 

Concreteness. Thus, PC3 seems to be a quite complex dimension differentiating between descriptors 

expressing highly pleasant odor and aroma experiences in abstract ways, and descriptors with more 

concrete meanings, describing neutral and sometimes negative, every-day odor and flavor experiences 

and food- and drink-related properties. For PC4, finally, rather concrete descriptors referring either to 

food-related experiences or other concrete properties have high loadings and low scores, and more 

abstract descriptors with more complex and metaphorical uses have low loadings and high scores. PC4 

is also negatively correlated with Concreteness, and thus, similarly to PC3, seems to be related to 

concreteness. 

Evaluative descriptors 

Hierarchical clustering. Figure 11 shows the results of the hierarchical clustering of the evaluative 

distance matrix. Once again, it is clear that the clustering differentiates between descriptors that 

mainly referring to unpleasant experiences, on the one hand, and descriptors denoting pleasant 

experiences, on the other. Based on our intuitions, we further divided these two partitionings into four 

main clusters with semantically similar descriptors. This four-cluster partitioning received the second 

highest score on Dunn's index (.139), being very close to the score of the optimal clustering solution of 

15 clusters (Dunn's index = .147). The first cluster, named Unpleasant & Distasteful in Figure 11, 

contains descriptors referring to highly unpleasant odor and flavor experiences (e.g., foul, sickening, 

disgusting). The second cluster, Acceptable, contains a few descriptors denoting unpleasant 

experiences (e.g., unpleasant, offensive, aversive), but also a few rather neutral terms (e.g., acceptable, 

agreeable, edible). In the third cluster, Delicious, there are descriptors expressing positive experiences 

(e.g., pleasant, favorite, alluring), many of which are flavor-related (e.g., piquant, mouth-watering, 

appetizing). The fourth and final cluster, Magnificent, contains descriptors expressing highly pleasant 

experiences that in many cases imply a high standard or top quality (e.g., marvelous, magnificent, 

heavenly). 

Variable n 
PC1 (30.42%) PC2 (20.57%) PC3 (9.41%) PC4 (7.07%) 

r p r p r p r p 

OAI 150 -0.48 <.0001 -0.11 1.00 0.01 1.00 0.06 1.00 

OSI 150 0.06 1.00 0.14 1.00 -0.08 1.00 -0.13 1.00 

Valence 103 0.01 1.00 0.67 <.0001 -0.42 <.0001 0.04 1.00 

Gustation 62 -0.33 .152 0.40 .022 0.23 1.00 0.19 1.00 

Olfaction 62 0.07 1.00 -0.29 .344 -0.42 .011 -0.04 1.00 

Concreteness 136 -0.34 <.0001 -0.00 1.00 0.40 <.0001 -0.46 <.0001 
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 Figure 10. Correlations between the PCs in the top 150 abstract descriptor PCA model and variables, also 

showing secondary variable ratings. Descriptors for which no variable score was available are shown in light 

gray. A. PC1-OAI correlation together with Concreteness ratings. B. PC2-Valence correlation with Gustation 

ratings. C. PC3-Concreteness correlation with Olfaction ratings. D. PC4-Concreteness correlation. 
 

PCA analysis. For the PCA analysis, we further investigated the first three PCs, explaining more than 

64% of the variance (41.30%, 12.13%, and 10.59%, respectively). The normalized loadings and 

contributions of the top 30 and bottom 30 abstract descriptors of each component are shown in Figure 

12, Table 5 shows the PC and variable correlations, and Figure 13 illustrates these correlations.  
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Figure 11. Hierarchical clustering of distance matrix of the top evaluative descriptors. 

 

PC1, explaining more than 40% of the variance of the data, is clearly related to pleasantness. Whereas 

descriptors expressing unpleasant experiences have high PC1 loadings and low PC1 scores, 

descriptors referring to high pleasantness and high quality experiences have low loadings and high 

scorese. Further, PC1 is highly positively correlated to Valence ratings. On PC2, on the other hand, 

descriptors expressing both pleasant and unpleasant experiences have high loadings and low scores. 

PC2 descriptor loadings appear to be fairly unsystematic, although many descriptors referring to 

pleasant food-related experiences (e.g., delicious, appetizing, mouth-watering) tend to have high 

loadings, and unsavory having a particularly low loading (see Figure 12). PC2 is also negatively 

correlated with OAI. Since OAI in turn is positively correlated with gustatory ratings, it could be that 

PC2 is related to a pleasantness cline with respect to food-related experiences. Descriptors with low 

PC2 scores and high PC2 loadings refer to pleasant food-related experiences (e.g., delicious, 

appetizing, mouth-watering). For PC3, finally, descriptors expressing pleasant as well as unpleasant 

experiences have high positive loadings without any apparent systematicity, and PC3 is uncorrelated 

with all of the variables. Thus, it is unclear what PC3 is related to.  

 

Comparison between a ratings-based and word embedding-based descriptor space  

As a final step, we compared a descriptor space derived from our word embedding model to a 

descriptor space derived from the perceptual data of the Dravnieks descriptor-odor ratings, using 145 

source-based descriptors in the Dravnieks data (see supplementary materials for a list of all 

descriptors). For the selected descriptors, we extracted semantic vectors from the word embedding 

model, on the one hand, and descriptor-odor rating vectors from the Dravnieks data, on the other. On 

the basis of these (standardized) set of vectors, we calculated one ratings-based and one word 

embedding-based distance matrix. These distance matrices were then analyzed with hierarchical 

clustering and PCA. In the following, we compare the fit between these two analyzes, starting with the 

results of the hierarchical clustering. 

Hierarchical clustering 

The results of the hierarchical clustering is shown in Figure 14. The figure compares the ratings-based 

descriptor clustering (top panel) to the clustering based on the semantic vectors (bottom panel). The 

ratings-based clustering primarily differentiates descriptors referring to highly unpleasant odor sources 

(e.g., garlic, feaces, cat urine) from all other descriptors. However, this cluster also contains a couple   
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Figure 12. Normalized component coordinates and contributions of the top 30 and bottom 30 descriptors of each 

component of the PCA model of the top 85 evaluative descriptors. 

of descriptors referring to edibles which not necessarily have an unpleasant smell (soup, meat, fried 

chicken), but nevertheless have fairly heavy and musty aromas. The word embedding clustering, on 

the other hand, primarily differentiates descriptors denoting edibles (e.g., strawberry, chocolate, 

potato) from descriptors referring to unedibles (e.g., rose, smoke, solvent). These results indicate that 

whereas a semantic space of source-based descriptors that is derived from odor-descriptor ratings 

primarily is organized along the pleasantness dimension (in line with previous findings), a semantic 

space derived from semantic vectors of a word embedding model is first and foremost differentiated 

on the basis of edibility. With that being said, qualitatively, there is also several correspondences 

between the clusterings. Based on our intuitions, we further divided both clusterings into five main 

clusters containing semantically similar descriptors. In the ratings-based clustering, the first cluster, 

named Fruity & Flowery in Figure 14, contains descriptors referring to fruity (peach, cherry), flowery 

(rose, violet), as well as pleasant and fragrant (cologne, perfume) odor sources. The second cluster, 

Aromatic & Spicy, contains descriptors referring to sweet (caramel, syrup), aromatic (chocolate, 

Table 5. Correlations between the first three principal components of the PCA model of the evaluative 

descriptors, on the one hand, and OAI / OSI and the semantic variables, on the other. P-values are corrected for 

multiple comparisons on the basis of the method proposed by Holm (1979). Shadings highlight the strongest 

correlation of each variable. The number of ratings available on each variable is also shown. 

 

Variable n 
PC1 (41.30%) PC2 (12.13%) PC3 (10.59%) 

r p r p r p 

OAI 85 -0.26 .168 -0.38 .003 -0.21 .430 

OSI 85 -0.06 1.00 0.22 .408 0.13 1.00 

Valence 73 0.91 <.0001 0.15 1.00 -0.14 1.00 

Concreteness 79 -0.08 1.00 0.01 1.00 -0.01 1.00 
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Figure 13. Correlations between the PCs in evaluative descriptor PCA model and variables. A. PC1-Valence 

correlation. B. PC2-OAI correlation.  

coffee) and spicy (cinnamon, anise) sources. In comparison, the first cluster of the word embedding 

clustering (Fruity & Aromatic in Figure 14) contains descriptors referring to fruity, sweet and aromatic 

sources, and the second cluster, Edible & Heavy, contains descriptors denoting spicy sources as well 

as other (often heavy and savory) edibles (e.g., bean, meat, cheese). Thus, there are obvious 

correspondences between the two first clusters of each clustering solution. The third cluster of the 

ratings-based clustering, Green & Heavy, contains descriptors referring to (both edible and unedible) 

sources with heavy, powdery, and smokey odor qualities (e.g., chalk, soot, cognac), as well as 

descriptors referring to grassy, green and herbal sources (e.g., herb, weed, dill). In comparison, the 

third cluster of the word embedding clustering, Flowery & Green, contains descriptors denoting 

flowery, pleasant and fragrant odor sources, thus corresponding to the initial cluster of the ratings-

based clustering. However, this cluster also contains descriptors referring to green and herbal sources, 

thus showing a partial overlap with the third cluster of the ratings-based clustering. There is also, 

finally, a quite clear correspondence between the two final clusters of the two clustering solutions. In 

the ratings-based clustering, the fourth cluster, Chemical, contains descriptors referring to mainly 

chemical and alcoholic odor sources (e.g., ether, disinfectant, solvent), and the fifth cluster, Stale, 

contains unpleasant (e.g., garlic, feaces, cat urine) and acidic (e.g., acid, vinegar) odor sources, as 

well as a few heavy and musty edibles (soup, meat, fried chicken). In the word embedding clustering, 

it is, conversely, the descriptors of the fourth cluster (Stale) that primarily refer to highly unpleasant 

sources (but also a few chemicals), whereas the descriptors of the fifth cluster (Chemical) mainly 

denote chemical, alcoholic and acidic sources.  

In order to quantify the overlap between the two clustering solutions, we calculated the cophenetic 

correlation (Sokal & Rohlf, 1962), which, in our case, measures the correlation between the 

cophenetic distance matrices of our clusterings. We also tested the significance of the obtained 

correlation coefficient on the basis of a permutation test. This was done by randomly permutating the 

descriptor labels of the word embedding clustering 10 000 times, and calculating the cophenetic 

correlation between each of the permutated word embedding clusterings, on the one hand, and the 

ratings-based clustering, on the other. The distribution of the correlations from each permutation then 

serves as the probability distribution against which the observed correlation is tested; it approximates 

the probability distribution for the correlation that can be expected under the null hypothesis that the 

two clustering solutions are unrelated. The observed cophenetic correlation between the dendrograms 

is 0.268. Although this correlation is rather small, it is far larger than the correlation that is expected 

under the null hypothesis of the dendrograms being unrelated (range: -0.019, 0.068). Considering the 
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Figure 14. Hierarchical clustering of of the 146 source-based descriptors in the Dravnieks data set. Top panel: 

clustering performed on the ratings-based distance matrix. Bottom panel: clustering performed on the distance 

matrix based on word embeddings. 

differences between the original datasets that the distance matrices are based upon (a collection of 

natural texts, on the one hand, and odor-descriptor ratings, on the other), these results are highly 

promising. 

PCA analysis 

For the results of the PCA analyses of the two distance matrices, we only investigate the first two 

principal components, as earlier work has shown the primary dimension of the Dravnieks data to 

reflect pleasantness, and the second to be related to edibility (e.g. Castro et al., 2013). We were 

particularly interested in whether this also is the case for the PCA space derived from the semantic 

vectors of our word embedding model, and therefore investigated the correlations between PC1 and 

PC2 of the word embedding distance matrix, on the one hand, and PC1 and PC2 of the ratings data, on 

the other. 

Figure 15 illustrates PC1 and PC2 scores of the Dravnieks descriptors obtained in the PCA analysis of 

the ratings-based distance matrix. The figure also shows the clusterings identified by the hierarchical 
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clustering. Visual inspection of the figure largely confirm the findings of earlier studies (Khan et al., 

2007; Zarzo, 2008). The primary dimension PC1, explaining 33.49% of the variance in the data, is 

primarily related to pleasantness. Whereas descriptors referring to pleasant odor experiences score low 

on PC1, descriptors expressing unpleasant experiences score high. The secondary dimension, PC2, 

explaining 19.45% of the variance in the data, seems to primarily be related to edibility; descriptors 

referring to edibles score high, and descriptors referring to non-edibles score low. Indeed, descriptors 

referring to chemical and alcoholic odor sources, that is, in many cases toxic substances, stand out 

with particularly low PC2 scores. 

The correlation between PC1 and PC2 of the ratings-based PCA analysis, and PC1 and PC2 of the 

word embeddings-based PCA analysis is shown in Table 6, and further illustrated in Figure 16. Figure 

17, finally, illustrates PC1 and PC2 scores of the word embedding PCA analysis, together with PC1 

and PC2 scores of the ratings-based PCA analysis. As shown in Table 5, PC1 of the word embedding 

model is highly positively correlated with PC1 of the ratings-based model. However, it also has a 

moderate negative correlation with PC2 of the ratings-based model. As shown in Figure 16 and 17, 

descriptors referring to pleasant odor and flavor sources (e.g., pineapple, fruit, sweet) tend to have low 

scores on PC1 of the word embedding PCA model, and descriptors referring to unpleasant sources 

(e.g., sewer, cadaver, dead animal) tend to have high scores. However, it is also the case that 

descriptors referring to edibles tend to score low, and descriptors denoting unedibles tend to score 

high.  Taken together, these findings indicate that while PC1 of the word embedding model primarily 

 

Figure 15. PCA score plot of PC1 and PC2 scores of the Dravnieks descriptors in the ratings-based PCA model, 

together with descriptor clusters identified in the hierarchical clustering analysis. 
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Table 6. Correlations between PC1 and PC2 of the word embedding PCA model, and PC1 and PC2 of the 

ratings-based PCA model of. P-values are corrected for multiple comparisons on the basis of the method 

proposed by Holm (1979).  

  Word embedding model 

  PC1 PC2 

  r p r p 

Ratings-

based model 

PC1 0.519 <.0001 0.381 <.0001 

PC2 -0.390 <.0001 0.329 .0005 

 

is related to pleasantness, it is also related to edibility, thus primarily differentiating between 

pleasant/edible and pleasant/unedible. PC2, on the other hand, has a moderate positive correlation to 

both PC1 and PC2 of the ratings-based model. Figure 16 and 17 further shows that although 

descriptors referring to edibles score low on PC2, and descriptors referring to unedibles tend to score 

high, there is also a tendency for pleasant odor sources (e.g., camphor, musk, cedar) to score low, and 

unpleasant sources (e.g., soup, fried chicken, mouse) to score high. Thus, PC2 also seems to conflate 

edibility and pleasantness so that it primarily differentiates pleasant/unedible and unpleasant/edible. 

 

 

 

 

 

 

 

Figure 16. Correlations between the PC scores of the Dravnieks descriptor PCA models, comparing the PC 

scores of the word embedding model to the ratings-based model. A. The correlation between PC1 of the ratings-

based model and PC1 of the word embedding model, also illustrating PC2 of the ratings-based model. B. The 

correlation between PC2 of the ratings-based model and PC2 of the word embedding model, also illustrating 

PC1 of the ratings-based model.   
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Figure 17. PCA score plots of PC1 and PC2 scores of the word embedding model of the Dravnieks descriptors, 

also showing PCA scores of the corresponding ratings-based model. A. PC1-PC2 score plot of the word 

embedding model, also showing PC1 scores of the ratings-based PCA model. B. PC1-PC2 score plot of the word 

embedding model, also showing PC1 scores of the ratings-based PCA model. 

Discussion 

In this paper, we develop and test a method that uses structured collections of natural texts and 

machine learning algorithms to automatically identify odor and flavor descriptors and derive the 

semantic organization of those descriptors. Our method automatically identifies descriptors in texts on 

the basis of their olfactory and gustatory association (i.e., OAI, see Iatropoulos et al., 2018), as based 

on their distributions in olfactory and gustatory contexts in natural text collections. The semantic space 

of these descriptors is then derived using a distributional-semantic word embedding model, which 

represents semantic distances between words as vector distances in a multi-dimensional space. Our 

method can be used for a potentially unlimited set of descriptors without requiring any perceptual data. 

A few recent studies have instead investigated the semantic and perceptual space of odors using 

natural language data. Some studies have used language data to quantify descriptors with respect to 

how strongly they are associated with olfaction and gustation. Croijmans et al. (2019) used a text-

based, computational approach on a collection of wine reviews in order to identify the vocabulary used 

to describe wine qualities. Iatropoulos et al. (2018) developed the method employed in the present 

study, the Olfactory Association Index (OAI), which quantifies words with respect to how strongly 

associated they are with olfactory and gustatory contexts. Other studies have used pre-trained 

distributional-semantic word embedding models to predict the applicability of odor descriptors to odor 

molecules (Gutiérrez et al., 2018; Nozaki & Nakamoto, 2018). Gutiérrez et al. (2018) found that 

semantic vector representations can be used to predict odor-descriptor ratings, thereby showing that 

there is a high correspondence between a perceptual odor space derived from odor-descriptor ratings, 

on the one hand, and a semantic space derived from a distributional-semantic word embedding model, 

on the other.  
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Taken together, these studies show that corpus-based, computational methods can be used to 

automatically identify olfactory and gustatory vocabulary, and, further, to derive a semantic space of 

those descriptors which is similar to a space that is derived from perceptual data.  

However, previous studies have either been limited to a pre-determined set of odors and descriptors, 

and therefore not applied to the full range of descriptors used in everyday situations, or they have not 

been concerned with the semantic relationships between the descriptors, and therefore been 

uninformative regarding how those descriptors are organized semantically. For example, although 

Croijmans and colleagues were able to identify the set of terms that most frequently are used to 

describe wine qualities, their findings were uninformative regarding how those terms are semantically 

related. In their wine aroma wheel, the automatically identified terms were "manually classified" 

(Crojimans et al. 2019: 14). In this study, we overcome these shortcomings by first automatically 

identifying smell and taste descriptors in texts on the basis of their olfactory association, and then 

deriving the semantic space of those descriptors is using word embedding modeling specifically 

trained and olfactory and gustatory contexts. 

We investigated the semantic organization of the descriptors with the highest olfactory association in 

terms of OAI, both by looking at the top 50 source-based, top 50 abstract and top 50 evaluative 

descriptors combined, and by investigating the top 150 source-based, the top 150 abstract, and the top 

85 evaluative descriptors. All analyses involved hierarchical clustering and PCA analysis of a 

descriptor distance matrix that was derived from the semantic vectors of the descriptors at hand. 

Previous work that has investigated the semantic organization of odor descriptors on the basis of 

perceptual data (e.g., Dravnieks 1985) have found that odor descriptors primarily are differentiated in 

terms of pleasantness, but also with respect to edibility (e.g., Kahn et al. 2007; Zarzo 2008; Koulakov 

et al. 2011; Licon et al. 2018). Further, the distinction between source-based, abstract and evaluative 

descriptors is highly related to a difference in concreteness, the former descriptors being concrete and 

the latter abstract. We therefore further investigated whether and to what extent the principal 

dimensions identified in our analyses corresponded to pleasantness, edibility, and concreteness.  

The analysis of the three classes of descriptors combined clearly indicates that our method is able to 

categorize and distinguish descriptors on the basis of qualitative differences of the perceptual 

experiences that they denote, rather than primarily differentiating between them based on functional or 

linguistic criteria. It could very well be that functionally distinct classes of descriptors would cluster 

together, such as differentiating between food products and food-related things, hygiene- and body-

related concepts, substances and materials, flowers and plants, abstract properties, and evaluative 

concepts. However, although there is a tendency for descriptors from some of these classes to co-

cluster, many of them are distributed across several of the identified clusters (see Figure 1). Food 

products and abstract properties are distributed across all clusters. Evaluative concepts are found in 

four clusters. Hygiene- and body related concepts are found in two clusters, and so is also substances 

and materials, as well as flowers and plants. Further, given that the distance between the word vectors 

of the word embedding model is based on the syntactic context that the descriptors occur in, which in 

turn is co-dependent on other lexical properties such as word morphology and part-of-speech, 

descriptors could also be expected to cluster on the basis of non-semantic lexical properties. For 

instance, the clustering could primarily differentiate between nouns and adjectives, or source-based 

descriptors from non-source based descriptors, which would further be divided into abstract and 

evaluative descriptors. But this is not the case either - nouns and adjectives are represented in all five 

clusters, and all three descriptor types are found in four out of five clusters. The clustering is instead 

primarily done on the basis of pleasantness, with descriptors referring to unpleasant experiences in the 

first cluster and descriptors denoting pleasant experiences in the last. Edibility also seems to play it's 

part. The two main partitionings, differentiating between pleasant and unpleasant experiences, are 

further divided into clusters which either mainly contain descriptors associated with non-edibles (i.e.., 

the clusters Stale & Repulsive and Floral & Fragrant) or with edibles (i.e., Distasteful & Unpleasant, 

Spicy & Sweet and Distinct & Appetizing), thereby also distinguishing descriptors in terms of edibility. 
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A similar conclusion can be drawn from the PCA analysis. Here, the primary dimension seems to 

differentiate between source-based and abstract descriptors referring to pleasant edibles or pleasant 

flavor and odor qualities, on the one hand, and abstract and evaluative descriptors referring to more 

general unpleasant odor qualities, on the other. Thus, the PCA analysis primarily differentiates 

descriptors on the basis of valence / pleasantness, but edibility is also of importance, and these 

dimensions seems to be confounded to some extent. The second dimension of the PCA analysis seems 

to be related to olfactory association, differentiating between descriptors that most frequently are used 

to express odor experiences, from those that more often also are used in other situations. The third 

dimension is primarily related to a concreteness cline more directly, differentiating between highly 

abstract and evaluative descriptors, on the one hand, and highly concrete, source based-descriptors, on 

the other, independent of pleasantness and edibility. Here, the importance of non-semantic lexical 

differences between descriptors is shown. 

The analyses of descriptors within each descriptor category further indicate that or method primarily 

differentiate descriptors on the basis of pleasantness and edibility, although these dimensions seem to 

be weighted differentially between the three classes. For source-based descriptors, the hierarchical 

clustering primarily differentiates descriptors referring to edibles from descriptors denoting non-

edibles, further dividing those on the basis of pleasantness. However, in the PCA analysis, descriptors 

are primarily differentiated in terms of pleasantness, and secondarily with respect to edibility. For 

abstract descriptors, the opposite pattern is found. The hierarchical clustering primarily differentiates 

abstract descriptors in terms of pleasantness, whereas in the PCA analysis, the primary dimension 

seems to be related to edibility, and the secondary dimension to pleasantness. Evaluative descriptors, 

finally, are almost exclusively differentiated on the basis of pleasantness both in the hierarchical 

clustering and the PCA analysis. Given the semantic nature of this class of descriptors, differentiating 

between objects, events and experiences in terms of affective quality, this is to be expected and 

provides further support for the feasibility of our method.       

As a final step, we compared a word embedding-based descriptor space to a ratings-based descriptor 

space, derived from the descriptors ratings in the Dravnieks data set (Dravnieks, 1985). This was done 

by comparing the fit between the descriptor clustering and descriptor PCA space based on the 

semantic vectors, on the one hand, to the ratings-based descriptor clustering and PCA space. The 

comparison between the clustering solutions showed that whereas the ratings-based clustering 

primarily differentiate between descriptors with respect to pleasantness, the word embedding 

clustering primarily distinguish descriptors on the basis of edibility. However, qualitatively, there is a 

great deal of similarities between the five main clusters of each cluster solution, and our analyses of 

the cophenetic correlation (Sokal & Rohlf, 1962) between the clusterings show that the overlap is far 

greater than would be expected under the null hypothesis of no overlap. In our comparison of the PCA 

spaces, we found the primary dimension of the word embedding PCA space to primarily be related to 

the primary dimension of the ratings-based space, but also to the secondary dimension of the ratings-

based space, thus differentiating between pleasant/edible and pleasant/unedible. The second dimension 

of the word embedding space was moderately related to both the primary and secondary dimension of 

the ratings-based space, distinguishing between pleasant/unedible and unpleasant/edible. Thus, 

whereas a descriptor space derived from odor-descriptor ratings keep the pleasantness and the edibility 

dimensions orthogonal, a descriptor space derived from word embeddings will to a greater extent 

confound these dimensions.      

We have developed a method that automatically identifies odor and flavor descriptors in natural texts 

on the basis of how probable they are to occur in olfactory and gustatory contexts, as opposed to other 

contexts. Our method then derives the semantic organization of the identified descriptors on the basis 

of their distribution in those contexts. As such, an important part of the method involves identifying 

olfactory and gustatory contexts, which is done by identifying a set of olfactory- or gustatory-related 

key words such as 'odor' and 'taste'. It is an open question as to how robust our method is with respect 

to which key words are included. It could very well be that it is highly sensitive to the key words that 
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are being used, and that our results would have been quite different had we chosen a smaller set of key 

words, or limited ourselves to olfactory words. This could be further evaluated in future research.  

Conclusions 

In this paper, we have presented and evaluated a method that uses a fully data-driven and automatic 

approach to identify olfactory and gustatory descriptors and derive their semantic organization, using 

natural language data. In this method, descriptors are identified on the basis of their olfactory and 

gustatory association. Their semantic organization is then derived from a distributional-semantic word 

embedding model, that is specifically trained on olfactory and gustatory contexts. Our method is able 

to categorize and distinguish descriptors on the basis of qualitative differences of the perceptual 

experiences that they denote, in that it primarily differentiates between descriptors in terms of 

pleasantness / valence and edibility. The semantic space derived by our method is further similar to a 

space that is derived from perceptual data, such as odor-descriptor ratings. However, whereas the 

pleasantness and edibility dimensions are kept orthogonal in a semantic space derived from perceptual 

data, these two dimensions are to a greater extent confounded in semantic space derived with our 

method. Further work is needed to further assess the robustness of our method.         
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