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69 Rooibos samples

22 hours of training

Still only a “first pass”

240 Cheeses

Narrowed to 70

3-Day workshop

75 hours of training

Modified 3 years after publication



> 4200 reviews
2296 Scotches
912 Americans
227 Canadians
211 Irishes

> 2300 reviews
1282 Scotches
538 Americans
150 Irishes
114 Canadians

> 1.5 million reviews

> 350,000 reviews

> 3 million reviews

Previous Work:
Ickes, Lee, and Cadwallader, 2017
Valente, 2016
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▪ Lorem ipsum dolor sit amet, consectetuer adipiscing elit, sed

diam nonummy nibh euismod tincidunt ut laoreet

▪ Collecting Text

▪ Web Scrapers

▪ Text Cleaning

▪ Language Models

▪ Lemmatizers/Stemmers

▪ Grouping Related Words

▪ Principal Component Clustering

Manual Text Coding

Focus Groups

Free Text Surveys

Descriptive Analysis Consensus Training



Web Scrapers
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PROBLEM:

Col lect ing descr ipt ions for  a  
large,  d iverse sample of  products  

SOLUTION:

Web scraping of  product  reviews

Tools Used:
BeautifulSoup (Python),
rvest (R)
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Messy Data
Lots of data = lots of analysis time

No universal tool (website-specific code)

Fast (>1 product/second)
Don’t need product samples

Large sample size



Text Cleaning



PROBLEM:

Non-descr ipt ive words (e .g .  
good,  the,  pr icey)  in  product  
descr ipt ions

The taste  is  sp icy ,  tart ,  and 
peppery with  white  pepper ,  
lemon zest ,  and touches of  
honey,  vani l la ,  and berr ies that  
come out  as  the sp ices  fade with  
a  dry mouthfeel .

Desired Descr iptors

PROBLEM:

Non-descr ipt ive words (e .g .  
good,  the,  pr icey)  in  product  
descr ipt ions



PROBLEM:

Non-descr ipt ive words (e .g .  
good,  the,  pr icey)  in  product  
descr ipt ions

The taste is sp icy ,  tart ,  and 
peppery with  white pepper ,  
lemon zest ,  and touches of  
honey,  vani l la ,  and berr ies that  
come out  as  the sp ices fade with  
a  dry mouthfeel .

Parts  of  Speech (Manual)

PROBLEM:

Non-descr ipt ive words (e .g .  
good,  the,  pr icey)  in  product  
descr ipt ions

SOLUTION:

Language Model - Part  of  Speech 
F i l ter ing Nouns Ve rbs Ad je ct iv e s



PROBLEM:

Non-descr ipt ive words (e .g .  
good,  the,  pr icey)  in  product  
descr ipt ions

The taste is sp icy ,  tart ,  and 
peppery with  white pepper ,  
lemon zest ,  and touches of  
honey,  vani l la ,  and berr ies that  
come out  as  the sp ices fade with  
a  dry mouthfeel .

Parts  of  Speech (Automated)

PROBLEM:

Non-descr ipt ive words (e .g .  
good,  the,  pr icey)  in  product  
descr ipt ions

SOLUTION:

Language Model - Part  of  Speech 
F i l ter ing Nouns Ve rbs Ad je ct iv e s

Tools Used:
SpaCy (Python)



15% of  occurrences  of  the word 
“c love”  are  tagged as  verbs

Most  NLP tools  were tra ined on 
novels ,  journal  art ic les ,  tweets ,  

NOT descr ipt ive  text
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No tagger for sensory relevance (yet)
No language model is 100% accurate

Takes context into account
Flexible



PROBLEM:

Mult ip le  forms of  the same word

SOLUTION:

Lemmatiz ing  & Stemming
FRUIT-Y

-S

-INESS

-IER



Lemmatizers are more state  of  
the art ,  but  they’re  not  perfect

Some lemmatizers turn  “c love”  
into “c leave”,  something  no 

stemmer would  do!
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Stemmers
Easy to write and customize

Small list of endings for adjectives
Creates artifacts (e.g. turning “red” to “r”)
Can’t handle irregular forms

Lemmatizers

Maintains readability
Better handling of irregular forms

Utilizes part of speech tags

Doesn’t combine adjectives and nouns
May be limited by dictionary
More computationally intensive



Clustering
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PROBLEM:

Grouping a  large (>10 3)  l i s t  of  
words into categor ies ,  l ike  in  a  
f lavor  wheel

SOLUTION:

S ingular  Value Decomposit ion +  
C luster ing



Dimensions to keep

Latent Semantic Analysis, 

Principal Components Analysis, 

Latent Dirichlet Allocation…

Significance tests,

Rules of thumb...

K-means

Centroid,

Single Linkage…

Elbow Method,

Average Silhouette,

Gap Statistic…

Correspondence Analysis

6 Dimensions (Scree plot)

Dimensionality reduction method

Clustering method

Hierarchical Clustering Analysis

Aggregation method

Ward’s Method

Number of partitions

Hartigan Index
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Many arbitrary decisions
Highly dependent on arbitrary decisions

Commonly co-occurring ≠ synonymous

Can group very large numbers of words
Visualization options

Can find broad synonym clusters





Potential Tools

Web Scraping BeautifulSoup (Python)

rvest (R)

Language Modeling spaCy (Python)

Stanford CoreNLP (Java)

cleanNLP (R)

Lemmatizing textstem, koRpus, cleanNLP, lexicon (R)

spaCy (Python)

TreeTagger

Clustering Base R, cluster, flashClust (R)

scikit-learn, SciPy (Python)

Network Analysis IGraph (R/Python/Mathematica/C++)

Gephi

https://www.crummy.com/software/BeautifulSoup/
https://github.com/tidyverse/rvest
https://spacy.io/
https://stanfordnlp.github.io/CoreNLP/
https://github.com/statsmaths/cleanNLP
https://github.com/trinker/textstem
https://github.com/unDocUMeantIt/koRpus
https://github.com/statsmaths/cleanNLP
https://cran.r-project.org/package=lexicon
https://spacy.io/
https://www.cis.uni-muenchen.de/~schmid/tools/TreeTagger/
https://www.r-project.org/
https://cran.r-project.org/package=cluster
https://cran.r-project.org/package=flashClust
https://scikit-learn.org/stable/index.html
https://scipy.org/
https://igraph.org/redirect.html
https://gephi.org/




Questions?


