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Project 17: Constructing Utopias in Restoration London
Project Leads: Nicholas Smolenski, Astrid Giugni

Team: Audrey Liu, Leona Lu, Erika Wang

Project Overview

Micro-Analysis: Coal Taxes, Sentiment Analysis, Cosine

Micro-Analysis: St Paul’s Cathedral, Sentiment Analysis, and
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Figure 1: Top 20 Tokens appeared 1n
17th century texts

Great Fire of 1666, 1t was reconstructed
into a utopia of Europe. Who was this

pe

utopia constructed for? Who determined its

analyze semantic trends 1n digitized texts
from EEBO-TCP to answer these
questions. Using methods such as
word-embedding, sentiment analysis, and
hapax richness, we provide a macro-view
on themes 1n the seventeenth century, as

well as specific case studies on coal taxes
and St Paul's Cathedral.

Text Cleaning- VARD 2.0

We used Vard 2.0 to normalize non-standard spellings in seventeenth-century
printed text. We used 50% threshold to avoid over-normalization.

Word Embedding

We applied Word2Vec and GloVe to create geometric representations of words.
We evaluated semantic relationships across word vectors, using distance to
calculate cosine similarity.

Sentiment Analysis: BING-Dictionary

We used the BING dictionary to assign sentiment of either positive or negative to
words 1n our text. Sentiment Score = # positive words / # total

Hapax Richness:

We evaluated the uniqueness of text by calculating the number of words that
appear once divided by total number of words.

Macro-Analysis: Word-Embedding

015 Charles 11 depicted
as Phoenix

0.10 - \

2 "?ﬁ'?a.
L, \\ Great Fire of London Legend
'(fg) .05+ “{;‘:"’"._.-- v Christ
§ \ w King
0.00 -
‘005 o S Q-—..o

1660 - 1666 1666 - 1678 1678 - 1686 1686 - 1700

Figure 2: Cos-Similarity between "Phoenix", "Christ", and "King"

The phoenix, a metaphor used throughout London’s reconstruction, became
viewed with increasing political motives over pragmatic ones.

A utopian society was initially intended to be built for the people, prioritizing
pragmatic initiatives over symbolic ones. However, the purpose of
reconstruction became more politically oriented with the approval of more
costly projects.
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Sentiment Analysis Comparing 'Coal’, 'Tax', and 'St Paul's'

0.8- \
NN\ )
€ 0.6-
= ” / Words
% ﬁﬂ&'% A/ ; u/H fﬁk A [‘\ : g’:) I?’Iaul's
2 o (TR e T | — Tax
70 u? \

0.2-

1600 1625 1650 1675 1700
Date

1. The 1666 Fire and the reconstruction might have generated backlash,
possibly due to coal, as indicated by a decrease 1n positive sentiment of
words related to St Paul’s, especially after 1650.

2. The slight increase 1n positive sentiment of words related to coal and tax
could imply that writers started depicting coal and taxes in a more
positive manner in response to backlash.

Cosine Similarity Between Tax and Heaven and Tax and Houses
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Cosine Similarity with CBOW
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1. An increase 1n cosine similarity between houses & taxes and heaven &
taxes, implies an emphasis on economic pragmatism within
contemporaneous literature and a portrayal of taxes as a vehicle for the
greater good.

Limitations and Next Steps

Limitations:

e Printed texts from the working class were often less preserved and
underrepresented 1n our data set, which means it may not be completely
representative of the population.

e Using VARD to normalize spelling did not guarantee all spelling variations to
be normalized, thus hapax richness could be higher than anticipated and
sentiment analysis could be skewed due to the pre-made dataset being unable
to recognize certain words and assign a sentiment value.

e Unsupervised Learning as texts are not labeled with genre.

Next Steps:

e Since our analysis results indicate correlation rather than causation, we plan to
investigate causation among various variables to form a more concrete
understanding of seventeenth-century England.

Hapax Richness

Sentiment Analysis on St. Paul's Cathedral
using BING lexicon, from 1660-1700
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1. Our mitial results indicate that changes 1n sentiment reflect a few major
historical events relevant to the reconstruction (1.e. Great Fire, coal taxes,
consecration)

Hapax Richness of St Paul's Texts
from 1660-1700
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1. Though overall trends are similar, sentiment and hapax richness have an
inverse relationship during key historical events, which can connect to the
genre of the text (1.e. poetry as a form of protest relates to positive hapax
richness and negative sentiment)

2. Hapax richness and sentiment analysis can be used for a future testable
hypothesis relating to genreship
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Macro-Analysis: Basic EDA of Text

Average type/token count from 1600 to 1700
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KFindings :

e Texts from EEBO-TCP Database are predominately long:
implication that we mostly analyze books and pamphlets
instead of poetry

e Token count increase with Type count (displaying a linear
relationship)
o lexical richness 1s correlate with text genre/length

e Pre-1650 (English civil war) displayed a higher type/token
count compared to post-1650
o Political instability causes decrease in #type/token and the
return of monarchy causes increase # type/token
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Macro-Analysis: Word Embedding

frequency
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What is Word Embedding
® Word vectalization: similar word has similar distance

Why GloVe
e Utilize enter corpus instead of just within the context
window (Word2Vec): producing better result
semantically and syntactically for larger dictionary

e Count base instead of predictive based (developed
based on Word2Vec model)

Limitations
e We ran 5 1terations as Word Embedding Models are
extremely computational expensive. We will produce
better model with 1000 1terations

e Genre of text highly correlated with the top token and
correlation. Labeling of author/audience will help with
classification and decreasing bias in our model

Next Step
e Map phrasal embedding value on top of word value

e Increase iterations and classify corpus into different
genre to decrease bias and increase model performance

e Experiment and track result for different Word
Embedding algorithms
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prevalence
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Macro-Analysis: Topic Modeling (Latent Dirichlet Algorithm)

top terms

. chri, law, holy, christ, god

- christ, death, life, sin, god

. church, religion, churches, doctrine, faith
. fair, head, enter, well, young

. hall, god, elf, hold, again

. himself, themselves, sin, self, men

. pre, obe, uch, ome, chri

"~ put, body, nothing, little, god

. sea, river, called, city, country

- uch, elf, ome, hall, hold

top_terms

- cap, called, che, flora, hist
- fair, head, enter, well, young

. Ire, die, efe, arglwydd, fie
- King, great, prince, time, himself

- love, man, see, heart, never
. men, way, great, others, mere

- queen, quote, sum, cunt, atom

. sea, river, called, city, country
. sir, lord, earl, william, thomas
. water, take, blood, oil, wine

What is Topic Modeling?
e Use Model to discover the abstract topics that occur in
a collection of documents

Why LDA Model?

e Distributional hypothesis: similar topics make use of
similar words

e Statistical mixture hypothesis: documents talk about
several topics for which a statistical distribution can be
determined (Dirichlet Distribution)

Prevalence V.S. Coherence
e Coherence: the probabilistic coherence of each topic
(how associated words are 1n a topic)
e Prevalence: Statistical distribution of topics

Limitations
e Dirichlet topic distribution cannot capture correlations

e Fixed number of topics to be harvested

Findings
e Popular topic include:
o Religion: christ,holy,god,church,faith,...
o Livelihood: men, self, sin....
0 Monarchy: queen, king, prince, great,...

o Environment : sea, city, country, river, ....
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topic, themes, ...
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Macro-Analysis: Algorithm Flow Sheet

LDA Topic Modeling

Recipe

s i T
LU [J ICH S

o0% S0% 20%

Take this recipe and generate a document
pased on the model’s “rules”

B —

GloVe Co-Occurrence Matrix

Result

word word word word word
word word word word word
word word word word word
word word word word word
word word word word word
word word word word word
word word word word word
vord word word word word
word word word word word
word word word word word

I

Probability and Ratio

P(klice)
P(k|steam)

P(klice)/P(k|steam)

k = solid
1.9%107* 66 x107"
2910°° T78x10*
8.9 8.5 x 102

k = gas

k = water

3.0 x 1072
2.2 x 1079

1.36

k = fashion

I Tox 10"

1.8 x 107?
0.96
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Case Study: Coal Tax

Context
e Coal taxes were passed in 1667 and

Sentiment Analysis C ing 'Coal’, "Tax’, and 'St Paul's’
entiment Analysis Comparing 'Coa ax, an aul's 1670 to help pay for the

0.8 - reconstruction of London after the
A A ‘ /\ ‘ ‘ ‘ Great Fire of 1666
' ' ‘ ‘ Ll / ‘ N e Backlash against coal dues took
| | ¥ ‘ '~ place from 1687 to 1697 given that
. 5 \ ‘ W ' ’ ‘ there were to be two more decades of
€ 06- | | coal taxes being distributed to the
-..g , :9 "Il | \ \ / words already expensive project.
A A ‘l W A L AR T,
E i'l‘im‘vﬁuﬁiﬁullIll”[’AimlluI'As‘l!--n-lllnlall\“lll!l!l\nlllll!l! Rk Our Focus
2 N ' Vil \‘" AN “\“ “ \‘ ’ ' \/ — ™ o How did the upper/ruling class
O 0.4- . .
V[ / alk | respond to the backlash against coal
| taxes?
| | e How does this reflect the relationship
| | between the upper and lower
5 | classes?
o e o e o e How does this contribute to the
Nt formation of a utopia?
“ word sentiment
1 delight positive
Sentiment Analysis 2 saint positive
e [he use of natural processing language (NPL) and text analytics to extract and 2 | cin negative
quantify emotion and subjective information - [— ——
e The BING dataset determines whether a word has positive or negative sentiment
e Positive sentiment = # positive words / # total words # | ready -
6 worthy positive
/ condemned negative
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Case Study: Coal Tax

Cosine Similarity Between Tax and Heaven and Tax and Houses
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Cosine Similarity with CBOW

Cosine Similarity
e After assigning a vector to each word, we performed cosine similarity between 2
different words.

e Cosine similarity is the calculation of the similarity between two n-dimensional
vectors by looking for a cosine value from the angle between the two.

e A cosine similarity of +1 means that two words are perfectly correlated, 0 means

that they are not correlated, and -1 means that they are strongly opposite.

> A XB,;

=1

AB ,
Al [ S s
i=1 =1

similarity(A,B) =

Word2Vec

e \Word2Vec represents words as
vectors based on several features,
such as window size and vector
dimensions.

e Similar words tend to have the same
vector values and are grouped In the
same block.

CBOW
e [he method we used to calculate
vector values was Continuous Bag of
Words (CBOW)
e Surrounding words are combined to
predict the word Iin the middle.

INPUT PROJECTION OUTPUT

wi(l)

CBOW
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