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A B S T R A C T

In the last two decades, interest in food production and consumption has progressively grown, alongside the 
booming popularity of craft beer, fueled by micro-breweries and home brewing. Beer is a complex mixture of 
compounds — from carbohydrates to proteins and ethanol — shaped by the recipe, ingredients, and production 
process. Less obvious is that the human tongue, in synergy with the oral cavity and nose, acts as a powerful 
sensor array. Tasting experiences can be viewed as “analytical sessions”, where sensory signals processed by the 
brain determine not only if the beer is appreciated but also which tastes and flavours are perceived.

In our study, we investigated the connection between the “objective” chemical profile of beer and the “sub-
jective” sensory descriptions from user reviews. We analysed 88 beers using near-infrared (NIR), visible, and 
nuclear magnetic resonance (NMR) spectroscopy, pairing them with text reviews processed through natural 
language processing (NLP) tools and converted into numerical data via a bag-of-words approach. Principal 
Component Analysis-Generalized Canonical Analysis (PCA-GCA) revealed correlations between chemical signals 
and topics like “hops,” “brown colour,” and “booze”. NMR data showed the strongest correlations, especially for 
hops-related terms, while visible spectra linked to colour descriptors. Automated topic extraction often per-
formed comparably to manual term selection, suggesting potential for scalable studies. Despite limitations like 
dataset size and beer variety, this approach shows promise for aligning chemical composition with sensory 
perception, with applications for product development and broader food analysis.

A novel approach integrates text corpora with analytical data through chemometrics, linking language 
complexity to instrumental responses. Results showed strong correlations, like NMR signals with hops-related 
terms and visible spectra with beer colour. This previously unexplored connection opens the door to 
designing food products tailored to consumer preferences. The approach is broadly applicable, from food science 
to medical diagnosis or aligning expert opinions with factual data.

1. Introduction

In recent years no one can escape cooking shows on television. This 
reflects a growing trend that has been on the rise for at least a decade. 
The public is increasingly conscious of various aspects related to food 
production, preparation, and consumption. Consequently, new restau-
rants and food production techniques are continuously emerging, 
accompanied by experimentation with recipes and food pairings. This 
phenomenon is driven by high quality standards and embodies a lan-
guage often referred to as the “craft rhetoric”, where craft/handmade is 
opposed to industrial [1], and mass production is opposed to artisanal 
[2]. While this rhetoric extends beyond the food industry, it particularly 

thrives in the case of food and beverage [3]. Over the past two decades, 
the beer industry has also experienced significant transformations, 
propelled by the proliferation of craft and micro-breweries [4,5] and by 
the spread of home brewing [6], mostly in the Western countries.

This decade has also witnessed a remarkable surge in data genera-
tion, collection, storage, and processing. The line between the physical 
and digital realms is increasingly blurred, therefore it comes as no sur-
prise that the food sector has become deeply intertwined with infor-
mation technology [7], which plays a pivotal role not only in aspects 
related to production, safety, and health but also in market dynamics, 
where it aims to detect emerging trends and consumer opinions. The 
concept of “computational gastronomy”, introduced by Goel et al., en-
capsulates the practice of data-driven research encompassing flavour, 
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food pairing, recipes, health, and nutrition [8]. Data-driven computa-
tional approaches are the foundation for numerous transformative 
changes and decision-making across various fields. Virtually any market 
can reap benefits from efficiently collecting, processing, and interpret-
ing customer-generated data, for example in textual form sourced from 
social media, blogs, and specialized websites [8,9]. From the analysis of 
such text corpora, new directions emerge for customizing products to 
meet precise consumer expectations and taste preferences. This not only 
holds the potential for safer [7], healthier, and tastier food products 
catering to distinct customer segments but also enables manufacturers to 
expand their market reach and customer base [10].

In the field of computational gastronomy, chemical-physical ana-
lyses play a central role. These analyses have proven successful in 
characterizing a diverse range of food matrices along various production 
chains, serving multiple purposes such as addressing health and safety 
concerns, ensuring food authentication [11,12], detecting fraud [12], 
and ensuring the quality of both raw and processed materials. Analytical 
chemistry [13] acts as the indispensable toolkit for achieving objective 
characterizations of these food matrices. Typically, non-destructive and 
efficient methods are employed, often relying on spectroscopic tech-
niques [14–18]. The study of molecular and chemical aspects of food 
and its constituents falls under the umbrella of “foodomics” [19] and, 
when beer is under examination, one can refer to “beeromics” [20,21]. 
Analytical chemistry in synergy with advanced data analysis, or better, 
“chemometrics” [22,23], can be profitably used to build new tools to aid 
consumers when choosing and pairing [24] foodstuff, and producers to 
meet the consumers’ expectations.

The aim of our study is to investigate the links between the “objec-
tive” world of analytical chemical profiling – e.g., using spectroscopy – 
and the “subjective” world of consumers tasting and describing food – e. 
g., using text descriptions of beer products. The “objective” perspective 
about beer has been investigated both from the points of view of its 
chemistry and composition [25–28] and also of the consumers’ prefer-
ences [1,29], which are traditionally assessed by directly interviewing 
small groups of people. However, with the growth of the Internet and of 
online communities, mining online-posted text reviews has increasingly 
become a useful method for gathering data and assessing product 
appreciation and reception [30,31]. This leads to the “subjective” 
perspective about beer in which many psychological, socio-cultural, 
biological, and situational factors influence the choice and consump-
tion of this beverage [32]. People discuss their preferences in different 
social settings, including websites like ratebeer.com (website closed in 
early 2025), beeradvocate.com, and untappd.com, which currently host 
years of user-generated reviews about beer, with both textual data and 
numeric ratings. The analysis of online reviews of beer has been mainly 
investigated by marketing scholars to perform customer segmentation 
[33], to predict consumers’ satisfaction and product success [34] as well 
as to explain the users’ ratings [35]. These approaches and studies 
considered large groups of beer, with the aim of extracting valuable 
information about the consumers, for marketing decision-making, with 

no direct connection with the actual chemical and sensory properties of 
the product. This aspect could however help with marketing and pro-
motion of certain types of beer, targeting for specific market segments. 
By knowing the compositional fingerprints of beer and their associated 
sensory traits the producer can try to change the recipe to obtain by 
design specific types of sensory responses that the consumers would 
most likely appreciate.

In our study 88 beers were examined using both analytical chemistry 
techniques and user-generated text data. These beers were analysed with 
near-infrared (NIR, [36–39]), visible [40–42] and nuclear magnetic 
resonance (NMR, [43–47]) spectroscopies. Text reviews about the same 
88 beers were obtained from a popular beer rating website and were 
then processed and analysed by using simple natural language pro-
cessing (NLP, [48,49]) tools. Text analysis methods [50,51] were 
applied to process the text reviews and to convert them into numeric 
format, using the bag-of-words approach [50]. The obtained complete 
data matrix consisted of wordcounts of relevant English terms used to 
describe the 88 beers. To fully investigate the possible links with the 
collected analytical chemical signals a chemometric pipeline was 
developed. First, meaningful subsets of terms were extracted from the 
complete text dataset, using two approaches: topics extraction [52] by 
penalized matrix decomposition (PMD, [53]) and manually-defined sets 
of terms related to specific aspects of beer making and tasting. Then, the 
links between individual subsets of terms and each spectral datasets 
were investigated by using principal component analysis-generalized 
canonical analysis (PCA-GCA, [54]). The results showed interesting 
correlations of the spectral datasets with general topics such as flavours 
of “hops”, the appearance stated as “brown colour”, the alcohol content 
seen as a way to get drunk (“booze”), and the idea of “refreshment”.

To the best of the authors’ knowledge, very few studies attempted to 
link experimental chemical-physical measurements to user-generated 
text data. A study was published in 2021 by Fox et al., who tried to 
link reviews obtained from ratebeer.com to chemical and tribology data 
[55]. They also modelled the numerical ratings from the website, which 
in our case were not included in the study due to the abundance of in-
formation and results to be discussed, as three spectral datasets were 
collected and processed. The major difference between the two studies is 
that, although the analysis of the textual data and the chemical-physical 
data was multivariate, it was not conducted jointly. Moreover, the 
sample size and composition are extremely different: while Fox et al. 
focused on four beer products and their non-alcoholic versions, in our 
study a much larger and more diverse collection of beers was consid-
ered, and at the same time three different spectroscopic techniques were 
employed (namely NIR, NMR and visible). The “Brewfinder” by Price 
[56] is a project that resulted in an online visualization tool [57] based 
on a principal component analysis of a matrix of frequencies of flavour 
terms obtained from ratebeer.com. However, in this case no chemical 
data are included or related to the text data.

A novel approach is here proposed to integrate and compare the 
information content of a text with analytical instrumental responses 
where chemometrics is the key to link this very diverse data. Beer 
products are an ideal benchmark to test such an approach, and the re-
sults of our study, even if possibly affected by limitations due to the 
dataset size, suggest an important and promising direction for further 
matching the chemical composition of food with the consumers’ 
appreciation and taste, with interesting practical directions for the 
producers as well.

2. Materials and methods

The first part of the materials and methods section is devoted to the 
text data: first, the text data collection will be described (Section 2.1.1); 
then, the methods applied to process the text corpora for obtaining the 
numerical wordcounts matrix are discussed (Section 2.1.2); then the 
analysis methods used for processing the wordcounts matrix are re-
ported (Sections 2.1.3 and 2.1.4). Part two covers the spectral datasets 

Abbreviations

GCA Generalized Canonical Analysis
MCR Multivariate Curve Resolution
NIR Near-Infra Red
NLP Natural Language Processing
NMR Nuclear Magnetic Resonance
OPTICS Ordering Points to Identify the Clustering Structure
PCA Principal Component Analysis
PC Principal Component
PMD Penalized Matrix Decomposition
Vis Visible
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used in this study (Section 2.2). Finally, part three deals with the method 
used for linking the text to the spectral data (Section 2.3). The whole 
experimental data analysis workflow is depicted in Fig. 1.

2.1. Text analysis

The aim of text analysis [50,58] methods is to extract information 
from text documents by converting the text data to a format suitable for 
analysis. With these methods, it is possible to operate on different levels 
of detail [50,58], from the simplest approach of counting the occur-
rences of words or groups of words (i.e., their count or frequency of 
appearance in the processed documents) to the analysis of whole sen-
tences with methods like sentiment analysis [59,60] or latent semantic 
analysis [61] (i.e., extraction of the semantic structure of text by 
considering relationships and relative positions among words).

In the present study, the text data were converted to wordcounts. 
This approach envisages the creation of a so-called bag-of-words model 
[50], which consists of a list of terms (a vocabulary), and their counts in 
each document used for building the model. The wordcounts are ar-
ranged in an array whose rows represent the documents (or samples), 
and each column is associated with one term. This matrix can be ana-
lysed with common multivariate methods, and the results can be inter-
preted according to the most influent terms.

2.1.1. Text data collection
The text data describing the beer samples under examination con-

sisted of user comments/reviews obtained from ratebeer.com, a website 
currently shut down (not operative since February 2025) on which the 
users could review any beer they have tasted by writing a comment and 
giving scores according to five parameters (aroma, appearance, taste, 
palate, overall). Many users of such websites, especially the most prolific 
in tasting and reviewing, often use in their written comments descriptors 
taken from the “standard” sensory terminology (more details about this 
in Section 3.1.1), probably being inspired by the different aspects of the 

five rating parameters. All comments were collected during August 2017 
and were organized as an array of 88 text corpora, i.e., one corpus for 
each beer sample, each corpus containing the concatenated comments 
that were gathered from the website.

2.1.2. Text data processing: bags-of-words models and wordclouds
Text data processing consists of a series of steps aimed at converting 

the input text corpora into a format suitable for further analysis. To this 
aim, Natural Language Processing [48,49] is used. The approach of 
counting how many times each word has occurred in the input text 
corpora is called bag-of-words modelling [30,50,62,63]. When only the 
occurrence of individual words (e.g., “warpigs”, “galaxy”, “awesome”) is 
considered, then the distance relationships among the words in a sen-
tence are neglected (e.g., the sentences: 1. “Warpigs galaxy is awesome” 
and 2. “Many years ago I visited the galaxy. The trip lasted two months 
and I could experience different landscapes and people, such as the 
Warpigs. Overall, the trip was awesome” would translate in a data row 
of occurrence 1 1 1 in correspondence of the columns referring to the 
terms “warpigs”, “galaxy” and “awesome”, i.e. the individual words are 
considered separately and independently, and their distance relation-
ship in the sentence is ignored). This type of text model is called 
bag-of-words of unigrams. If instead the occurrences of groups of n words 
are considered (e.g., “warpigs galaxy awesome” all together), the model 
would be a bag-of-words of on n-grams (i.e. in this case sentence 1. 
would translate in a data row of occurrence 1 in correspondence of the 
column “warpigs galaxy awesome” and sentence 2. would translate in a 
data row of occurrence 0, since the words are not appearing close to each 
other). The bag-of-words is composed by its own “vocabulary”, which is 
the list of all the individual words/terms (each one being either an uni- 
or an n-gram) contained in the modelled text corpus, and the corre-
sponding wordcounts. By processing more text corpora together, the 
resulting wordcount matrix would have as many rows as the number of 
processed corpora, and as many columns as the terms in the vocabulary. 
In the present work the unigrams bag-of-words model was used, so the 

Fig. 1. Data analysis workflow: web-scraping (a) is followed by the extraction of the comment’s section (b), whose text undergoes the text cleaning producing the 
wordcounts matrix (c). Automatic topics extraction (with PMD) and manual selection of meaningful groups of terms are performed on the wordcounts matrix (d). To 
each topic and group of terms PCA-GCA is applied to inspect the link with the spectral data (e). The example comment shown in the figure is real (only the username 
was changed).
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columns of the wordcounts matrix correspond to individual words. The 
rows of this matrix correspond to one beer, whose text corpus consists of 
the user-generated comments concatenated in an individual string of 
text.

The information stored in a bag-of-words can be represented using a 
wordcloud, a visualization tool [64] that allows to highlight the most 
important terms of a collection of words. The importance of a term is 
usually determined by its frequency of appearance within the text 
corpus (information contained in the wordcount matrix), and the 
clearest way of representing it is done by using both size and colour 
coding: the bigger the word in the cloud, the more frequent/important it 
is. The top five words generally have a colour different from black.

2.1.3. Text data processing: cleaning and English selection
To convert the text data to a numeric format suitable for analysis, a 

series of cleaning steps is required. The cleaning procedure is funda-
mental: since punctuation and very common but uninformative particles 
(e.g., “and”, “the”, “is”, “with”) are always prevalent in any text corpora, 
they should be removed. A detailed description of the cleaning steps 
taken in this work is provided in the Supplementary Materials (Section 
S1).

We also decided to focus on the English language only. This allowed 
working with a “more homogeneous” dataset, avoiding splitting the 
same information across terms belonging to different languages. All the 
terms belonging to other languages were therefore excluded from the 
final Counts dataset. The procedure for precisely selecting the English 
terms is rather interesting but for conciseness it was moved to the 
Supplementary Materials (Section S2).

The cleaning processing resulted in a bag-of-words consisting of 662 
English terms (represented as a wordcloud in Fig. 2), corresponding to a 
reduction of 99.09 % from the starting text corpus. It is worth remem-
bering that the main aim of these processing steps was to obtain a set of 
terms useful for describing beers, i.e., sensory-like terms. An extremely 
high reduction rate must therefore be expected. From this moment on, 
this list of 662 terms will be referred to as the “experimental beer 
vocabulary”.

2.1.4. Wordcount data preprocessing
The traditional preprocessing of wordcounts matrices goes under the 

acronym of tf-idf (term frequency-inverse document frequency, [65]). 
This approach is usually employed for machine learning purposes and in 
the classification context [66,67]. However, in the present work a 
“chemometric perspective” was preferred with the aim of being able to 
interpret the data and understand their structure, instead of “only using” 
them. Therefore, a preprocessing consisting of row-normalization and 
column-autoscaling (unit variance scaling) was chosen. The wordcounts 
matrix was row-normalized using the sum along the rows, to account for 
the different numbers of comments associated with each sample (i.e., 
each beer). As an alternative, the number of comments was also tried for 
row-scaling when studying the most suitable preprocessing method, and 
it was found less efficient than the row sum, probably because not only 
the number of comments is important, but also their length and 
complexity, whose information may be better captured by the word 
counts. Autoscaling was finally employed for giving all terms the same 
importance prior to any modelling step.

2.1.5. Extraction of meaningful topics via penalized matrix decomposition 
(PMD)

To work with subsets of the wordcount matrix, different ways for 
automatically defining groups of related terms can be used. A set of 
related words can be defined as a “topic” [52]. Many methods for 
automatically extracting meaningful topics were considered and tested: 
principal component analysis (PCA [68]), multivariate curve resolution 
(MCR, [69]), archetypical analysis [70,71], coclustering [72], latent 
Dirichlet allocation [73] and penalized matrix decomposition (PMD, 
[53]). Since the two main aims were (i) obtaining meaningful groups of 
terms and (ii) that these groups should have reduced dimensionality, 
PMD was chosen for the quality of the obtained topics and the sparseness 
of the groups (groups with maximum ten terms were obtained). PMD is a 
bilinear decomposition method for obtaining meaningful clusters based 
on non-negative matrix factorization [74] which applies two-sided 
sparsity. This means that both scores and loadings are sparse, and this 
corresponds to our desired situation: the groups of terms should corre-
spond to groups of beers, capturing the peculiar aspects that makes them 
a cluster. In other words, a topic can emerge if a specific feature or set of 
features is shared among groups of beers (i.e., if the scores are sparse). A 
brief recall to the basics of the method can be found in the Supple-
mentary Materials (Section S3).

2.1.6. Use of the text data
As stated before, the text data could not be fruitfully used as a whole, 

but an approach based on the selection of meaningful subsets of words 
had to be applied. The most interesting subsets, namely two manually 
selected topics and four topics selected by PMD, will be further discussed 
and visually represented in Section 3.1.2. Please notice that even if 
groups of terms and topics are basically synonyms, it was decided to refer 
to the manually defined topics as “groups of terms” and to use “topics” 
for referring to the ones automatically obtained by PMD.

2.2. Spectral data

The spectral datasets of our study were obtained using visible, NIR 
and NMR spectroscopies. The present study was developed in parallel 
with two other works by the authors based on the same datasets: a 
technical work proposing a features extraction/data fusion method [75], 
in which the visible, NIR and NMR datasets were used for testing the 
methodology, and a metabolomics-oriented article focused on the NMR 
beer dataset alone [21]. The NMR dataset of this paper is like the one of 
Cavallini et al. [21], but without the ethanol resolved signals (i.e., the 
dataset has two fewer columns). An important difference from the two 
related works is that for the present study all datasets were reduced from 
100 to 88 samples, since 12 of them were replicates that underwent 
thermal treatment: these samples were removed, as it is more logical to 

Fig. 2. Wordcloud of the top 100 terms of the experimental beer vocabulary, by 
frequency. The top 5 terms are also highlighted in red. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web 
version of this article.)
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consider the non-treated samples more similar to the products that 
consumers can buy, taste and review, making them a more reliable 
match with the text dataset. Additional details about the beer samples 
are provided in Table S1.

2.3. Linking datasets: Principal component analysis-generalized canonical 
correlation (PCA-GCA)

The issue of linking two datasets is at the core of the present study. 
Different approaches can be taken, and one of the most established 
chemometric methods for inspecting the relations between two data 
blocks is partial least squares (PLS, [76,77]) regression. However, the 
PLS regression models obtained using the extracted topics provided very 
poor results, suggesting that strict prediction of single terms or even 
topics is probably not attainable with the available data.

For this reason, it was decided to investigate the connections be-
tween spectral and text data using a method able to find common sub-
spaces among data blocks, which is a combination of principal 
component analysis and generalized canonical correlation (PCA-GCA, 
[54]). The aim of PCA-GCA is to find linear combinations of the blocks 
under examination, fitting as well as possible a set of orthogonal com-
mon components. This set of common components is not necessarily 
contained in the column space of any data block, but it is instead in the 
combined space represented by the concatenated matrix obtained by 
joining the data blocks in the variables’ direction [54]. GCA aims at 
finding the trends in the data blocks that correlate the strongest. Since 
this method only focuses on correlation, within-block variability may be 
not captured at best. PCA operated on the individual blocks prior to GCA 
helps enhancing the stability of the extracted common components [54].

Combining PCA with GCA leads to a stepwise procedure in which the 
first step is devoted at determining the subspaces’ dimensionalities 
(each block having its own dimensionality). Then, the correlation co-
efficients and the block-wise explained variances are obtained by GCA 
and are used for deciding the number of common components. Each 
common component is in fact obtained by separately estimating one 
component from each data block, in a way that all the block-related 
components are as similar as possible (i.e., they are as strongly corre-
lated as possible). The number of common components is chosen ac-
cording to how strong the correlation is and by evaluating the amount of 
variance explained from each data block. A brief recall to the basics of 
the method can be found in the Supplementary Materials (Section S4).

2.4. Software

All analyses were carried out under MATLAB environment (2017b 
and 2021a, Mathworks, MA, USA). Text data processing and visualiza-
tion was done using the functions provided by the Text Analytics 
Toolbox (version 1, Mathworks, MA, USA) and in-house written scripts. 
The text corpora were processed using word embeddings trained using 
MATLAB’s word2vec function, whose code is based on the original al-
gorithm developed by Mikolov et al. [78,79]. Word embedding visual-
ization was performed using the t-SNE function provided in the MATLAB 
Statistics and Machine Learning Toolbox (version 11.2). The PMD al-
gorithm used for topics extraction was written by Jose Camacho Paez 
and it is based on the work by Witten et al. [53]. The PCA-GCA toolbox 
for MATLAB [80] was provided as a curtesy by Ingrid Måge and it is 
based on [54,81].

3. Results

The results section is organized into two parts. First, the beer vo-
cabulary will be described and inspected, starting from the established 
standard terminology (Section 3.1.1), which will be compared with the 
experimental vocabulary (i.e., the results of the terms extraction from 
the text data will be reported, in Section 3.1.2). Then, the results of 
linking the text data with spectral data by means of PCA-GCA will be 

discussed in Section 3.2.

3.1. Investigation of the beer vocabulary: established terminology and 
experimental topics

To better understand the results of linking the text data to the 
spectral data, a comparison between the content of the text data and the 
established terminology about beer sensory tasting is fundamental. This 
section will therefore start with a description of the standard established 
beer sensory vocabulary (Section 3.1.1), which will be followed by some 
considerations about the experimental beer vocabulary as obtained from 
the users’ comments (Section 3.1.2).

3.1.1. Established terminology of beer flavour and aroma
Sensory description of foodstuff is generally done by means of a 

lexicon [82,83], which is a set of terms used for documenting and 
describing the sensory perceptions of a selected food [82]. By defining a 
lexicon, it is possible to perform sensory studies with a panel of evalu-
ators who are “speaking the same language”, so that the results of their 
assessments can be compared and quantitatively elaborated. During the 
years, the beer flavour terminology [84] has been constantly enriched, 
updated and used for characterizing [85] different commercial beers, 
but it also made easier the communication between stakeholders, sci-
entists and also consumers. An example of the beer flavour wheel, first 
introduced by Meilgaard et al. [84], is shown in Fig. 3.

The purpose of this visual device is to allow locating quickly and 
easily any sensory term. The sensory terms are grouped into classes 
(middle ring with stronger background colour in Fig. 3) and organized in 
tiers within each class. The second-tier terms are located on the external 
ring, which represents the highest level of detail in this classification 
system: as defined by Meilgaard et al., each “separately identifiable 
flavour characteristic has its own name” [84]. If the second-tier terms 
represent the most detailed description of a flavour characteristic, the 
first-tier terms represent the family to which these terms belong to: for 
instance, within the aromatic, fragrant, fruity, floral class, the first-tier 
term fruity represents the flavour characteristics directly related to 
typical fruit flavours, like citrus, apple, banana, blackcurrant, melon, pear, 
raspberry, and strawberry.

Fig. 3. The beer flavour wheel generated by Abraham Kabakoff [86].
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3.1.2. Experimental beer vocabulary
Many of the 662 terms composing the experimental beer vocabulary 

are clearly derived from the standard beer flavour terminology. How-
ever, it can be noted that the experimental vocabulary also includes 
many other “sensory-like” terms which often are just synonyms of the 
standard terms. Also, additional descriptors covering the different as-
pects of beer tasting, e.g., its appearance, the real-word circumstance of 
consuming it and the consumer’s opinions about the products appear in 
the experimental vocabulary. As motivated in Section 2.1.5, the whole 
dataset was reduced to six sub-sets characterized by a “topic”. To 
facilitate the inspection and comparison among the six topics, a visual 
representation is given in Fig. 4.

Six groups of terms were manually defined, according to macro as-
pects of beer tasting, such as general sensory-like terms, recognition of 
malt- or hops-related flavours, appearance/colour, experience-memory 
linked to the consumption of beer, and personal judgement. Only the 
manually defined hops- and appearance/colour groups (Fig. 4a and b) 
were used in the modelling steps, mainly as a sort of benchmark for 
assessing the similar topics automatically extracted by PMD (i.e., PMD- 
hops and PMD-brown colour).

Twenty topics were also extracted, using PMD. Twelve of them 
showed clear links to the sensory world: many terms came directly from 
the standard beer flavour terminology. Two topics seemed to be related 
to negative experiences, with characteristic terms, sometimes vulgar, 
such as waste, ass, piss, urine, suck, headache, blah or cost (from beers that 
did not quite match quality/price expectations?). On the contrary, three 
topics seemed to be related to positive experiences (goto, gateway, reli-
able, staple, favorite, flagship), bringing back memories (memory, reliable) 
and specific situations in which thirst needs to be quenched (summer, 
beach). Finally, two topics included very mixed terms that hindered the 
identification of a common theme. Of these automatically PMD- 
extracted topics only four of them provided interesting and interpret-
able results, which will be discussed in Section 3.2.

3.2. Linking the topics to the spectral data with PCA-GCA

The PCA-GCA association with the spectral data was computed for all 
PMD topics, but only those showing correlations above 0.70 were 
further inspected: the results for four of them (corresponding word-
clouds in Fig. 4c–f) are reported. A summary of the nine most mean-
ingful and interesting comparisons is provided in Table 1.

3.2.1. “Hops”

3.2.1.1. Hops: NMR and PMD-hops. PMD-hops provided the best com-
mon component correlation result with the NMR data (0.91) and it ap-
pears to be related to the presence of hops [87,88]. Terms like resin and 
pine (in the Counts loadings, Fig. 5c) refer to the resins extracted from 
the hops’ cones while boiling the beer wort [89], during the beer 
brewing process. Another term from the beer flavour terminology is 
piney, and it can be found under the “vegetal” class and the first-tier term 
resinous, in the beer flavour wheel (Fig. 3). This also confirms the topic’s 
association with the hops.

The top-scoring chemical compound in the NMR loadings is trig-
onelline, a plant metabolite generally found and studied in relation to 
coffee [90,91] for its pharmacological [92,93] and health benefits [91]. 
It has recently been found in beer [43,45,94] and described as a 
plant-associate metabolite whose concentration increases with boiling 
[95]. Hops are generally added right before boiling the beer wort, so that 

Fig. 4. The topics and groups of terms modelled with PCA-GCA. In (a) the hops-related and in (b) the appearance/colour-related manually defined groups of terms. 
In (c) PMD-booze, in (d) PMD-hops, in (e) PMD-brown colour, and in (f) PMD-refreshment. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)

Table 1 
List of the nine discussed comparisons. For each general topic the pairs of 
compared data blocks are reported, together with the corresponding correlation 
value and the figure in which the results are displayed. The correlation values 
that changed significantly when highly influential samples were removed are 
marked with *.

Data 
blocks

General 
topic

Spectra Text (wordcloud for 
comparisons)

Correlation Fig.

Hops NMR PMD-hops (Fig. 4d) 0.91 5
​ NMR hop-terms (Fig. 4a) 0.91 6

Brown colour NMR PMD-brown colour (Fig. 4e) 0.85 
(0.51*)

7

​ Vis PMD-brown colour (Fig. 4e) 0.75 8
​ NMR appearance/colour terms (

Fig. 4b)
0.86 9

​ Vis appearance/colour terms (
Fig. 4b)

0.88 10

Booze NMR PMD-booze (Fig. 4c) 0.74 11
​ NIR PMD-booze (Fig. 4c) 0.74 

(0.56*)
12

Refreshment NMR PMD-refreshment (Fig. 4f) 0.76 13
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heat allows converting the hop acids to become soluble and extracting 
them. For these reasons, trigonelline can also be associated with the 
hops. Since the loadings associated with resin, pine on the Counts and 
trigonelline on the NMR data share the same negative direction, a 
connection between them can be deduced, confirming that PMD-hops 
can be related to the hops.

By inspecting the samples’ distribution in the scores plot of Fig. 5b, at 
negative scores values India pale ales (IPAs), imperial IPAs (IIPAs) and 
generic ales are mostly found. The presence of three lagers can be 
explained with their recipes, which are rich in hops: sample MI.3 
(Helping Hand, Mikkeller) is described as a “hoppy pilsner” [96]; sample 
TO.1 (Hop Love Pils, To Øl) is described as “brewed with lots of hops”; 
sample MI.4 (American Dream, Mikkeller) is described as “packed with 
American hops”. Terms like bold and potent also contribute to the sam-
ples’ separation along the scores: the most extreme samples at negative 
scores in Fig. 5b belong to IIPA style, whose first “I” stands for “impe-
rial”: this attribute is used for very strong beers, both from the point of 
view of alcoholic strength and flavour richness. A clear link with the 
terms bold and potent can therefore be recognized and justified.

On the opposite end of the plot, at positive scores, only lagers from 
producers such as Hite, Heineken, Budwiser, Pilsner Urquell and San 
Miguel are present. These are very widespread brands, and their style 
does not involve much addition of hops or spices. They seem to be 
mainly characterized by variables related to sugars (dextrins and 
trehalose) and malt (polyphenols), as if in absence of a rich/peculiar 
bouquet of flavours the most basic taste of beer emerges. This is also 
confirmed by the opposite direction of the topic’s terms bold and potent, 
which are logically distant from beers with more common and “flat” 
flavours.

An interesting contrast can be identified between two metabolites 
from the NMR loadings: trehalose and pyruvate (hydrate). Trehalose 
[97] is a disaccharide that is involved in the anaerobic carbohydrate 
metabolism in yeast cells, as an intermediate on the path for the for-
mation of glycogen [98], an “energy storage” compound for yeast cells. 
Pyruvate, on the contrary, is an intermediate on the path that leads to 

the production of ethanol, alcohols, aldehydes, and esters. The opposite 
directions that trehalose and pyruvate have also correspond to the two 
main beer style families, namely ales and lagers. Ale beers tend to be 
richer in flavour and to have higher alcoholic strength: these products 
can be related to fermentation processes in which the yeasts produce a 
larger variety of metabolites. A link with the pyruvate path can therefore 
be traced, as opposed to the production of lagers, where the yeasts may 
also express to a larger extent the metabolic path related to trehalose and 
glycogen.

It is interesting to notice that in the Counts scores there is a set of 
samples that share the same score values: the words belonging to this 
topic may have been used in an extremely similar way for these samples, 
which may have ended up practically identical from the terms’ point of 
view.

3.2.1.2. Hops: NMR and hop-terms (manual selection). The results ob-
tained with PMD-hops closely resemble those obtained from the model 
built using the manually selected terms related to the hops: as shown in 
Fig. 6, similar common component correlation values were obtained. 
The inclusion of more terms probably made it possible to break the 
group of samples with very similar values along the Counts scores (i.e., 
the group of samples “horizontally aligned” in the scores plot in Fig. 5b).

3.2.2. “Brown colour”

3.2.2.1. Brown colour: NMR and PMD-brown colour. PMD-brown colour 
is characterized by interesting terms such as wood, brown, roast, syrup 
and dark. This combination suggests that features related to beers with 
darker colours and brownish hues were captured by the topic: hence, the 
name “brown colour”. In the model relating the NMR data with PMD- 
brown colour, the common component correlation value looks good at 
a first glance, but by inspecting the distribution in the score plot of 
Fig. 7b it becomes very clear that one sample is driving the correlation. 
As a matter of fact, if sample SL.1 (at very negative scores in both 
components) is removed, the correlation value drops to 0.51, meaning 

Fig. 5. Hops: NMR and PMD-hops (10 terms). PCA-GCA results obtained by comparing the NMR dataset and PMD-hops (a). The common scores are in (b), the Counts 
loadings are in (c), the NMR loadings are in (d).
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that even if a connection between glucose and maltose and the brown/ 
roasted colour of PMD-brown colour seems plausible, the situation 
described in the figure might not be real.

3.2.2.2. Brown colour: Vis and PMD-brown colour. However, by 
inspecting PMD-brown colour in relation to the Vis data, a completely 
different situation was found: the result is a common component 

Fig. 6. Hops: NMR and hop-terms (manually selected, 25 terms). PCA-GCA results obtained by comparing the NMR dataset and the hop-terms (a). The common 
scores are in (b), the Counts loadings are in (c), the NMR loadings are in (d).

Fig. 7. Brown colour: NMR and PMD-brown colour (10 terms). PCA-GCA results obtained by comparing the NMR dataset and PMD-brown colour (a). The common 
scores are in (b), the Counts loadings are in (c), the NMR loadings are in (d). (For interpretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.)
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correlation of 0.75, as shown in Fig. 8. The most correlated terms appear 
to be dark, roast, brown and roasty, suggesting that the brown and dark 
hues are captured by the Vis data, even if the spectral loadings inter-
pretation can be quite difficult.

In this case, the common component correlation is mainly driven by 
the samples at positive scores in both directions, as represented in 
Fig. 8b: OR.3 strong ale, FU.1 amber lager, TY.2 amber lager, SL.1 brown 
ale, MA.2 lager strong, SL.3 Oktoberfest. These samples are mainly 
strong and darker beers, which is in line with the terms they are asso-
ciated with.

3.2.2.3. Brown colour: NMR-Vis and appearance/colour terms (manual 
selection). PMD-brown colour seems therefore to be related, at least to 
some extent, to the appearance of the beer, mainly to its colour. If all the 
appearance-related terms of the experimental beer vocabulary are 
considered (defined by manual selection), both the NMR and Vis data-
sets perform well: NMR provides a correlation of 0.86 (Fig. 9), while Vis 
provides a slightly better correlation of 0.88 (Fig. 10).

In the case of the manually-selected appearance/colour-related 
terms (group b in Fig. 4), the most frequent ones are directly linked to 
beer colour: orange, amber, golden, clear, pale and colour followed by 
more specific terms such as hazy, foamy, dark, lace (the web-like pattern 
produced by the beer’s foam when it dries on the glass’ walls), “copper”, 
“clean”, “yellow” and so on. For the NMR dataset, terms referring to 
darker (orange, black, amber, copper) and hazy (cloudy, hazy, murky, 
opaque) beers results related to metabolites typical of ales and hopped 
beers (trigonelline, pyruvate and propanol). On the contrary, NMR sig-
nals such as trehalose, dextrins and polyphenols result more linked to 
terms like clear, thin, yellow, pale, golden, straw and gold, which are 
characteristic of lighter and clearer beers. The direction of the loadings 
of Fig. 9d corresponds to the trend in which at negative scores mainly 
ales are found, and on the other end of the distribution almost only la-
gers are found.

A situation similar to Fig. 9 is reported in Fig. 10: the Count loadings 

are ordered in almost the same way, with the light/clear beer charac-
teristic terms on one end (negative scores), and the terms related to 
darker colours on the other end (positive scores). The Vis loadings of 
Fig. 10d seem to indicate that stronger absorption occurs in the 400–500 
nm region, which corresponds to the blue/violet absorption interval, 
whose observed colour is yellow/orange, the colour of beer [99]. Posi-
tive association with the Vis loadings may therefore be linked to stronger 
absorption of light, which means darker colour; on the contrary, in the 
case of terms like yellow, pale, straw and golden, which are negatively 
correlated with the Vis loadings, this means that less light is absorbed, 
and therefore the observed colour should result less intense, as it is 
generally observed with the lagers and light beers linked to these terms.

3.2.3. “Booze”

3.2.3.1. Booze: NMR and PMD-booze. PMD-booze is very interesting 
because of its most important terms: boozy, alcohol and syrupy. Ac-
cording to Urban Dictionary [100], the top definition for the term booze 
in everyday English slang is: “An alcoholic beverage, specifically any type 
of beer. It doesn’t matter which […]”. This suggests that the information 
captured by PMD-booze may be related both to the sensory-like detec-
tion of alcohol and to drinking aimed to drunkenness. No meaningful 
interpretation for terms like hidden or hide could be found.

The NMR dataset performs quite well with PMD-booze, with a 
common component correlation of 0.74. However, the strongest beers in 
the dataset do not end up at positive scores, as the loading sign of the 
terms boozy and alcohol may suggest (Fig. 11c). A quite strong associa-
tion with polyphenols was however found, and since the source of most 
polyphenols in beer is barley [101], it is possible that the syrupy term is 
related to the sweet/malty taste of beer. However, no terms such as 
sweet, malty or barley are associated with this topic, therefore this link is 
just hypothetical.

3.2.3.2. Booze: NIR and PMD-booze. The same situation is found with 

Fig. 8. Brown colour: Vis and PMD-brown colour (10 terms). PCA-GCA results obtained by comparing the Vis dataset and PMD-brown colour (a). The common scores 
are in (b), the Counts loadings are in (c), the Vis loadings are in (d). The Vis data were compressed by PCA, and 3 PCs were used for computing the PCA-GCA model; 
for this reason, there are three loading vectors in this figure. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.)
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the NIR dataset, with a common component correlation of 0.74. How-
ever, the samples’ distribution suggests that this correlation is highly 
influenced by few samples, which are located at negative scores values 

(Fig. 12). These samples are FB.3 and TO.2 and are the strongest beers in 
the dataset (ABV respectively 10 % and 9.3 %). If these two samples are 
excluded, the common component correlation drops to 0.56. The rather 

Fig. 9. Brown colour (broad meaning): NMR and appearance/colour terms (manually selected, 95 terms). PCA-GCA results obtained by comparing the NMR dataset 
and the appearance/colour terms (a). The common scores are in (b), the Counts loadings are in (c), the NMR loadings are in (d). (For interpretation of the references 
to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 10. Brown colour (broad meaning): Vis and appearance/colour terms (manually selected, 95 terms). PCA-GCA results obtained by comparing the Vis dataset and 
the appearance/colour terms (a). The common scores are in (b), the Counts loadings are in (c), the Vis loadings are in (d). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.)
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grouped set of samples close to the origin of the score plot represent the 
bulk beers that have ethanol content lower than 7 %. This unbalanced 
situation is probably the direct result of having very few extreme sam-
ples and a substantial group of “average” samples. However, the fact 
that terms like alcohol and boozy are the most related to these samples 

and the NIR signals of ethanol (they both have negative loadings) sug-
gests that this correlation may exist. The inclusion of samples with 
higher ABV% values could demonstrate this, as it is evident that the 
original study sampling is quite unbalanced from this perspective.

Fig. 11. Booze: NMR and PMD-booze (10 terms). PCA-GCA results obtained by comparing the NMR dataset and PMD-booze (a). The common scores are in (b), the 
Counts loadings are in (c), the NMR loadings are in (d).

Fig. 12. Booze: NIR and PMD-booze (10 terms). PCA-GCA results obtained by comparing the NIR dataset and PMD-booze (a). The common scores are in (b), the 
Count loadings are in (c), the NIR loadings are in (d). The NIR data were compressed by PCA, and 7 PCs were used for computing the PCA-GCA model. For the sake of 
clarity, only the first three loading vectors are depicted together with general assignments of water, carbohydrates, and ethanol.
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3.2.4. “Refreshment”
PMD-refreshment is mainly characterized by terms like lemony, chill, 

thirst, quencher and lime. Hence, the name “Refreshment”. Fresh and 
light beers can be found at positive scores, corresponding to the direc-
tion of these terms (Fig. 13b). Metabolites such as acetaldehyde, dextrins 
and trehalose also share this direction, as opposed to the strongly hops- 
related metabolites trigonelline, propanol and pyruvate. Acetaldehyde is 
a key component of lemon [102], and may be associated to freshness. 
Samples like LE.1 - “Sommerøl” (= Danish for “summer beer”), MA.4 - 
“San Miguel Fresca” (= Spanish for “fresh”), TO.4 - “Sun Dancer” and 
NO.2 - “Lemon Ale” are found at positive scores, in line with this 
“freshness” trend. In slight opposition to these groups of 
freshness-related terms is zesty, a term generally related to the citrus 
flavour, but also very used in the beer flavour description in association 
with the flavour of hops.

At negative scores in Fig. 13b are most ales and IPAs, in the same 
direction as trigonelline, but also propanol, which is linked to alcohol, 
ripe, fruit aromas [103]. If PMD-refreshment is about getting refresh-
ment by looking for fresh, lemony flavours, IPAs and ales do not fit for 
this purpose, being more spiced and stronger in general (higher ABV, but 
also richer in flavour).

4. Conclusions and further developments

In the present study a novel approach to integrate and compare the 
information content of text corpora with analytical instrumental re-
sponses by means of chemometric methods was presented, applied and 
discussed. The general aim of our work was to assess the links between 
the analytical information and the user-generated descriptions of a set of 
beer samples. From the point of view of text data, subsets of meaningful 
terms were selected employing both automatic (PMD, for the definition 
of a number of “topics”) and manual approaches, with different out-
comes. The obtained results showed interesting correlations between the 
chemistry of beer and the words people use to describe their beer taste 
experiences. A summary of the correlation findings is given in Table 1.

From the point of view of the spectral data, the NIR dataset proved to 
be the least informative in relation to the text data. Unexpectedly, the 
NMR dataset showed correlations with many analysed topics and sub-
sets. In some cases, such as with PMD-brown colour, the visible dataset 
showed a stronger correlation with the topic’s information compared to 
the NMR dataset. However, even if the correlation improved, inter-
preting the Vis loadings is more complex, since the visible bands cannot 
be directly related to specific chemical compounds.

Regarding the automatic topics extraction, it is interesting to notice 
that the PMD selection procedure often produced subsets of the 
(generally larger) manually selected sets. Since in many cases compa-
rable results were obtained, this could mean that an automated pro-
cedure applied to different/larger datasets of chemical characterizations 
and textual reviews could be fruitfully processed in an automated way 
using the PMD method for topic extraction. Considering the other topics 
(not present in Table 1), even though many of the twenty PMD-extracted 
topics made sense, no significant correlation with any of the spectral 
datasets was found. This part of distinct information surely deserves to 
be more deeply investigated.

Based on the present results, different directions may be taken. For 
instance, other automatic topic extraction methods may be evaluated, 
potentially using PMD topic extraction as a benchmark reference. 
Moreover, many topics may be fused based on the computation of a 
correlation index. Combinations of the spectral dataset through low- or 
mid-level data fusion approaches may be worth investigating.

Considering the dataset’s limitations, future developments should be 
based on a more homogeneous beer dataset. The aim could be expanding 
the view, either by collecting a much larger pool of beer samples (with 
particular attention to balancing the beer styles, production sites, pro-
ducers, and ABV content) and replicate the whole study on a larger scale, 
and/or by gathering a larger text dataset to study how the current 
dataset is related to the “rest of the world” of beer, from the point of view 
of the consumer. Another interesting addition to this study would surely 
be the generation and integration of sensory evaluations produced by a 
trained panel of experts.

Fig. 13. Refreshment: NMR and PMD-refreshment (10 terms). PCA-GCA results obtained by comparing the NMR dataset and PMD-refreshment (a). The common 
scores are in (b), the Counts loadings are in (c), the NMR loadings are in (d).
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Finally, improvements to the text analysis procedure should be 
investigated as well, focusing on further refinement of the text data of 
the present study. For instance, n-grams instead of unigrams may be 
used for creating the bags-of-words, so that the relations linking more 
words can also be included in the text data for modelling, leading to 
more precise characterizations of the beer samples. The methods of 
sentiment analysis are also an interesting direction to explore.

We think that the proposed approach can be potentially extended to 
and tested in any context where it is necessary to integrate subjective 
textual information with objective analytical data, for instance medical 
diagnosis with clinical data, or expert opinions with factual data.
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