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First things first, lets install the necessary packages that we will need in this lesson as well as create the necessary files to
fit everything in a targets pipeline:

Step 1: Install Packages Step 3: Create Readme.qgmd file
install.packages("tidytext", Ncpus = 4) .

. title: "My readme"
install.packages("quanteda", Ncpus = 4) format: html

It
~
N

install.packages("topicmodels", Ncpus
install.packages("ggwordcloud", Ncpus

editor_options:
chunk_output_type: console

I
~
N

execute:
echo: false
eval: false

Step 2: Create Folder for Analysis

Texevier::create_template(directory = "~/Downloads" library(tidyverse)

template_name = "NLP") library(targets)
library(dbbasic)
library(tidytext)
library(quanteda)
library(topicmodels)
library(ggwordcloud)
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Step 4: Create .Renviron file

usethis::edit _r_environ()

gp_data
gp_user

gp_pass
gp_host

gp_port

datascience
datascience
f5VPEC8nsUO1QKbSxSTv
localhost

3000

Step 6: Restart Rstudio and Test!

db_query(
"SELECT * FROM
pg_catalog.pg_tables
WHERE schemaname ='public';"
, db = "psqgl_datascience")
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NLP Basics R

In this session we will be exploring the basics of Natural Language Processing:

Exploratory Analysis: Modeling:
Concordancing Sentiment Analysis
e Extraction of words from a given text or texts e Using dictionary methods

conditional on a context window _ .
Topic Modeling (Bonus)

Ngrams : :
e Text > Tokens > Document Frequency Matrix > Topic

e Basic word counts from texts Model
e Creating word clouds from the text
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First things first: Data { Sotepoes

Our data is currently stored in a cloud Database. Pull the sales data into your session using the dbbasic package.
Remember to open a dev.sql file to test your queries from inside R!:

e Quick look at what the database table contains again:

SELECT * FROM gumtree_clean LIMIT 10;

ad_id ad_url location for_sale_by dwelling_type bedrooms bathrooms size_sqm parking price available_from for_rent_by furnished smoking pet_friendly description

1b4d044419256d4999586eaeebbaca8c https://www.gumtree.co.za/a-houses-flats-for-sale/b... bantry_bay_atlantic_seaboard agency apartment 6 garage 39995000 NA NA NA NA This incredible property in a reno|
991f741a8f3619089bal0cae7d5b4072  https://www.gumtree.co.za/a-houses-flats-for-sale/b... bantry_bay_atlantic_seaboard agency apartment garage 11500000 NA NA NA NA RE/MAX Living operates in terms
f9a57d1d6310bc561dabd86ec3fb6f53  https://www.gumtree.co.za/a-houses-flats-for-sale/b... bantry_bay_atlantic_ seaboard agency apartment covered 16995000 NA N 1 NA Asking Price: R 16 995 000Nestle]
8b3c83c89488eel5eb5ad441360ef44df  https://www.gumtree.co.za/a-houses-flats-for-sale/b... bantry_bay_atlantic_seaboard agency house garage 19500000 NA N A NA RE/MAX Living operates in terms
0a0f80664100990b7ebc40169081fd79  https://www.gumtree.co.za/a-houses-flats-for-sale/b... bantry_bay_atlantic_seaboard agency house covered 14500000 N V RE/MAX Living operates in terms
812555990c3cedelccf24b07fc85800a  https://www.gumtree.co.za/a-hous -for-sale/ bantry_bay_atlantic_seaboard agency apartment 2 garage 14600000 A N V. RE/MAX Living operates in terms

€2c7c97fbd2cc996cee5b0821177a259  https://www.gumtree.co.za/a-houses-flats-for-sale/b. bantry_bay_atlantic_seaboard agency apartment covered 12995000 N v V VA Exclusive Mandate | Asking Price

cc71a7903344e3d7debca37f13a48d01  https://www.gumtree.co.za/a-houses-flats-for-sale/b. bantry_bay_atlantic_seaboard agency apartment covered 16995000 NA V. v V. VA Aurum Luxury Residences introd:

844b53eb84712852ce4241ddca268f2c  https://www.gumtree.co.za/a-houses-flats-for-sale/b. bantry_bay_atlantic_seaboard agency apartment NA 4650000 NA V. v RE/MAX Living operates in terms

2dd9514800082e2e3ce91f973151a338  https://www.gumtree.co.za/a-houses-flats-for-sale/b. bantry_bay_atlantic_seaboard agency apartment VA NA 4650000 NA VA NA NA NA Nestled along the picturesque Be
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e What are the different variables within the type column?

SELECT

type,

COUNT (*)
FROM gumtree_clean
GROUP BY

type
LIMIT 10;

e Filter the dataset to only bring in sales into R environment:

gumtree ¢« db_query(" SELECT * FROM gumtree_clean WHERE type = 'sales'",
db = "psql_datascience")

gumtree_texts <« gumtree %>% select(ad_id, description) %>%
mutate(description = tolower(description))
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Case Study: 'Ocean’



Concordancing st
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As mentioned, "concordancing" is where we would like to see what how words a are used in context, or "keywords-in-
contexts" analysis. Let us use the kwic function from quanteda to see how the word ocean is used in the text.

ocean_kwic ¢« kwic(
gumtree_texts$description,
pattern = "ocean",

window = 5) %>%
as_tibble
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Concordancing st

UNIVERSITEIT

We can also extract exact phrases, by using the function phrase():

ocean_kwic ¢« kwic(
gumtree_texts$description,
pattern = phrase("blue ocean"),

window = 5) %>%
as_tibble
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Exercise time!

e How many instances are there of "swimming pool"?

©5:00
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Ngrams forms the basis of most text analysis. It is the fundamentals of tokenization or breaking up texts into words or
sequences of words. Lets take our ocean example a little bit further and analyse the top words (after stopwords) within the

contexts of the 'ocean' in property ads.

We are going to use a really nice function from tidytext called unnest_tokens for this.

ocean_kwic ¢ kwic(gumtree texts$description, pattern = "ocean",
window = 5) %>% as_tibble

e Combine the pre and post columns into one:

ocean_pre_post <« ocean_kwic %>% unite("text", c(pre, post)) %>% select(docname, text)
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Now that we have our text ready, lets create unigrams or single word tokens from the text.

ocean_tokens <« ocean_pre_post %>% unnest_tokens(input = text, output = word, n = 1)

I We need to now get rid of stopwords or words like 'the' 'a' or 'on' as these do not add contextualization.

ocean_tokens ¢ ocean_tokens %>%

mutate(word = gsub(" ", "", word)) %>% anti_join(stop_words, by = join_by(word))
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Once the text is in a nice tidy format, we can now do a lot with it... first lets plot the clouds to see what are the words

closely associated around the 'ocean":

ocean_tokens %>%
count(word,

obs",
obs,

TRUE) %>%
0.1) %>%

name = sort
sample_frac(weight =
ggplot(., aes(label = word, size = obs,
color = obs)) +

geom_text_wordcloud() +
scale_color_gradient(low = "#189bcc",

high = "#960018") +
scale_size area(max_size = 20) +
theme_minimal()
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Plotting Bi-Grams (Bonus

ocean_pre_post %>%

unnest_tokens(input text, output = word,
token "ngrams", n = 2) %>%
mutate(word = gsub("_ ", "", word)) %>%
separate(word, c("wordl", "word2"), sep = " ") %>
filter(!wordl %in% stop_words$word) %>%
filter(!word2 %in% stop_words$word) %>%
unite(bigram, wordl, word2, sep = " ") %>%
count(bigram, name "obs", sort = TRUE) %>%
sample_frac(weight obs, size = 0.1) %>%
ggplot(., aes(label bigram, size = obs,
color = obs)) +
geom_text wordcloud() +
scale_color_gradient(low = "#189bcc",
high = "#960018") +
scale _size area(max_size = 20) +
theme _minimal()
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entiment analysis in action

Provided that you now have the basics of text analysis and how to get from text > tokens, we can now apply some basic
modeling techniques.

Sentiment analysis is a very nice kick-off point as it ranges in complexity from basic dictionary techniques (what we will be
using) to intricate deep learning models. The following is an illustrative example of how sentiment is calculated using a
news article and a dictionary approach:

Global capla lows no cmerging markels including SA ae dying up Andrcu MNuly ook . how e changing gamelfll afetinvestors Fo mostof 2010 and 2003 SAand ther emerging
ing c i o money s owing n SRUNGHIE mst of ot oor Glohal capital dowed into emerging m global capital flows helped Lt prices . . . . .
el currencies and underpinned growiABut the capial fows have, dwindled or S since last October[NRBRS about relative
conormics soci Il . North Arrics and the MidalcB: and ursing enert rices e turned investo oing markets That incudes SAEEEH )SE r I [ I I r | n VV n | r I n | n
B US cotlar After the Resorveiliks monetary policy committee meeting last Thursday ‘Gill Marcus said SA had experienced net
equities by non residents n the year to date totalling R192bn As the world economic recovery i momentum and broadens investors views on thelills and] have ’
 remained on track bu ing oi prics n Japan co of recovery in
e nar torm Gibal naionlf avoIncreas pariculary I emorying markt conom e ome ot hich v Fised shotarm intrest s Th dwinding o forin coptal Inlows s
Ied to steep falls in emerging equities but these markets are no longer rising and d the developed markets over the past six monthsSince the end of September the MSCI . . .
emering markets US index s risen 3 whils the MSCI worid index epresenting 3% Goveopet markCtOBREed 15 The JOE il share e rost y 7 . rand and by 10 GoLar ermsSagla 9Toup
economist Jac Laubscher ing maries ot st oo T ol depend ommarelcrcumstancesbe <o 1o o recenlss ¢ .
tactical or cyclical &ponse to changes in relative values Tn_ longterm trend snmud continue However developed markets mayJiilillSlilill for 3 whileIn the recovery from thel
imvestors had il They could buy emerging market cquities or bonds and| i they coud expect rom aevelopes marcs nere. gm\’th remains S endils ar .
Highiarkets such o the JSE were (vourably Forated On recovering domestc srowi R compan ermings nd rong commoatsy price e cmrotng merker cortences
s tnef

continucd high " debt developed economles have roburaed 1o growth
valucHow does the change i capital lows atlct the srouth outlok o cmersing arets
prticularly SA and for investors The answers depend partly on how long U nt spike In the ol price Capltal
i v iy because of o o ru

incurrnt sccounts huge freian m.mm reserves and an expanding middie

S
now the rea ok bl 1 shorkerm outook and TR valae Which no Jonger oo developed scanomies If capita outflows contimue that coulaIen th
ncressell for 2008 but havo boon in o vpward tr e x o g .

from the 1967 1958 AstorflTe fnsitut of nternational Finance ITF says el pivate capitalmflows into emmerging Tarkets ros0 from less than US200bm s
o abot 7 of GDP in 2010 An IIF report in January forecast the gure would rise to 960bn this year and to just over 1trillion = o 8 R
il o oo ity o BB el s ther et mesres cuhd el groh 1 et il Polcmakes 1 emerging ceonomiscoud ke

fs such asjiiilifing or avoiding monetarv or fiscal S to stall currency appreciation making aJiili bust cycle more likely And developed s could s ‘sooer
expected reaucing th relaivelfSMBMess of emerging market vields Thet may boillning now The European Centra il simal  rise ratesat s nost -
mcetingNonetheles the IIF forecasts wntmlvmu Capial inllows mainly on the prospect of il nea torm growth Developing nations particularty fllin America and Asa .
nchuig increased plticl acroccanomic potetes andMHo srocrre AR than  the i 19505 Siden Shap o w t

s 14 yoaie 20 IHLETMELORAI MORE(ary Fum TMF ressarch shows et iniows 10 e ASt countries were about
1 s

6 cimo 995 and 58 in 1996 In 1997 3 [ 3
of GDP In 1998 they rose to 52 of GDPStructuraljiiilincsses that grew over years of fast growth mae] ien countries including Korea Indonesia and Thailand particulari twas
party oinolBRN Auch o the captal nflows were B encing Al 8 uge cxpansion ol it ba acots hocllloonco B reuaton, oBong and i 0 S ’L ?/ ’l} e O’r‘ S e a ’L ve O’r‘ S
BB (o buld abitics i one counin i asets nanother housh thclinesses e sighily Gifterent the wos o common e Korea and Thailand Alongside]
ervision they had a his cd asset pricesThere were also finer
un e c et bubbies as theyiilied to eva
a

fory of ey Gosermment involvement n redit allocation These were rfected BB lending precices and Infated

t trade] d pegged for too lon ders and inve:
S Thatands hant came undr speculative rescure n he S of 1957 m 14 tht Yo the Tha Governt

T comperiive corroncy BB among other countres it regionliling foreign ondors and mvestors o

SRR - Could & similar patiern be repeated Asian economies have again experienced a

Curbing the rie in property prices Many of the highgrowth developing countries nov run c

October 2010 Global Financial eport the IMF said rating agenci debt issues 25 times since early

o
(SERB Rcport th s had SRS ceveloped country sovercign 2 2000 12010 e parac
emerging market sovereign debt The IMF predicts th trendil continue A potential source of BBy 1 the cary frade which occurs when mvestors borrow money at ow rates and mvest it in
e couiie Whee e 1 Bghee Aurai New Zelad and A e b fvtird osiations forJpaes esor e stryon page 32 s srt e n Eumpe the US or Japan
it conld matke the carry rade Ies e contvis s s Drel i and At v e st year an st J— f— _—
the bottom of the cycle SA is becoming les: i ly rlaive t Some atheremerging morhes iy Buren Tor Economic e BER scnir c<onomit Hugo Plenaafhe BER sid . —_
tmonth o inal

st month fmanciel markets had beenfliy aggressive in pReing m a local ot i inresse n S beler hc cug ot vour The B tomestis o et 30 b pont Ienessn 1 November folonsed oy
‘more increases totalling 100 basis points in the first quarter of 2012 If forcign capital lows remain{Sil orJBSSHN it cou!dJJHNEN the Resorvollik to raise rates carlicr though it would depend on
S nctors such ot rand s s o page 3 & relarve BN rond accd 2 bue rising cnergy and food b th
uro but has been morcf el dotler For now the local nflation outlook is benign Thelliiliks monetary policy commt

2012However a combination of contined capial outflows high oll prices and o Bler rand i that occurs may change th

2011 1m0 20128 devioing i ncling Chin nd nia ot 51 Fo
R Standerd

a new supercycle

emerging markets and globai radeHe says rate could
er capitaif st be onl that of the US in 2030 leaving room for catchup Emerging markets now account for almost 40 of global consumption and more than twothirds of global
eiescan sl e cxpocied The I sas i potcymaers Bl o Tead o nascent verheating prossuresand asset prico bubbis  woui sl or ol ncing m e

e e S T R T This news article is thus deemed to be mo Stly neg ative.
Beware, there are directional biases within sentiment
analysis and its a good idea to normalise the scores for
analysis.
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Sentiment analysis in action T

Now that we have then basic idea of sentiment analysis using a dictionary approach, lets answer the following question:

e Are the ads for houses more positive than apartments?
e |s there a correlation between price and sentiment?

To conduct this analysis we have to perform the following steps:
1) Transform our text into tokens

2) Remove stopwords

3) Join in a sentiment dictionary

4) Group by advert type and analyse
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Sentiment analysis: Houses vs Apartments T
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We start off by turning our text into tokens using unnest_tokens :

gumtree %>% select(dwelling type, description) %>%
unnest_tokens(word, description) %>%
anti_join(stop_words, by = "word")

Next, lets use the bing sentiment dictionary to determine the relative sentiment per advert:

tidytext::get_sentiments(c("bing", "afinn", "loughran", "nrc")[1])
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Create the sentiment score per ad:

gumtree_sentiment <« gumtree %>%
select(ad_id, dwelling_type, description) %>%
unnest_tokens(word, description) %>%
anti_join(stop_words, by = "word") %>%
left_join(get_sentiments("bing"), by = "word") %>%
drop_na() %>%
count(ad_id, dwelling_type, sentiment, name = "obs") %>%
pivot_wider(names_from = "sentiment", values_from = "obs",

values fill = 0) %>%

mutate(sentiment = (positive - negative)/(positive + negative))
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Sentiment analysis: Houses vs Apartments T

Using the sentiment data frame we are now able to test whether adverts for houses are more positive than apartments. To
do this, we turn to stats ul

e Boxplots and Density plots for visual
e Wilcoxon test for same continuous distribution (non-parametric version of a t-test)
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Sentiment analysis: Houses vs Apartments |
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Lets start with visual inspections:

gumtree_sentiment %>% gumtree_sentiment %>%
ggplot(., aes(dwelling type, sentiment, ggplot(., aes(sentiment, fill = dwelling_type)) +
fill = dwelling_type)) + geom_density(alpha = 0.5) +
geom_boxplot() + theme _minimal() +
theme _minimal() theme(legend.position = "bottom")

ensity

i

aweling_type

0.0
sentiment

dwelling_type [] spertment [[] fam [] house [[] other [[] townhouse_vilia
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Sentiment analysis: Houses vs Apartments T
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It is good that we performed the visual inspection as one would have seen two things:

e The data is not normally distributed and as thus, we cannot use a parametric t-test
e There are other categories which we have to filter out

HO : Sapartment > Shouse

gumtree_sentiment_list ¢ gumtree_sentiment %>%
filter(dwelling type %in% c("apartment", "house"))

wilcox.test(sentiment ~ dwelling type, data = gumtree_sentiment 1list,
alternative = "less")
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Topic Modeling i

Topic modeling is one of the core tools within Natural Language Processing (NLP). The goal of using topic modeling, is to
assist the analyst in order to better segment large pieces of text into various clusters or "topics". A single piece of text will
be a mixture of various topics with (hopefully) one of the topics being a dominant feature.

e The analyst has to make a subjective choice on the

Topics Documents Top icag ;&%@%’;ﬁ and
number of cluster ——
) . . e e ool Seeking Life’s Bare (Genetic) Necess
e Every document is a mixture of topics Benetic oo g

NEW YORK— tare
Drganism negd to comparison to the

e Every topic is a mixture of words ———

iiikGe 0.02
evolve 0.01
organism 0.01

11

L

brain 0.04
neuron 0.02
nerve 0.01

* Genome Mapping and Sequenc-
ing, Cold Spring Harbor, New York.
May 8to 12. mate of the minimum modern and ancient genomes.
data 9.62 SCIENCE » VOL. 272 » 24 MAY 1996

E © VOL. 272 24 MAY 1996
number  0.02 ) '

computer 0.01

\_/—

Stripping down. Computer analysis yields an esti-

Blei, D.M., 2012. Probabilistic topic models. Communications of the ACM, 55(4), pp.77-84.
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Topic Modeling R

A flowchart of a text analysis that incorporates topic modeling. The topicmodels package takes a Document-Term Matrix as
input and produces a model that can be tided by tidytext, such that it can be manipulated and visualized with dplyr and

ggplot2.

Sentiment
Lexicon
group_by
summarize
inner_join dplyr
dplyr dplyr, tidyr
unnest_tokens . count Summarized ggplot2 i aligati
»
Text Data e Tidy Text > Text Visualizations
dplyr, tidyr _
tidy tm, |
. ggplot2
tidytext quanteda tidytg)}tdy
Corpus tm Document-Term tidy -
! X ————p| Tidied Model
”l Object quanteda Matrix topicnodels Model tidytext
tm, quanteda dplyr, tidyr

See https://www.tidytextmining.com/topicmodeling
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Case Study: Farm descriptions




From tokens to DTM { it

Topic models need to have some kind of design matrix: DFM - Document Frequency Matrix or DTM - Document Term Matrix.
Luckily for us we already know how to get the count of terms per document!

gumtree_dtm ¢ gumtree_clean %>%
filter(dwelling_type = "farm") %>%
select(ad_id, description) %>%
unnest_tokens(word, description) %>%
anti_join(stop_words, by = join_by(word)) %>%
filter(!'grepl("[0-9]+", word)) %>%
count(ad_id, word) %>%
cast_dtm(ad_id, word, n)
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How many topics? | S
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In order to find out what K, or number of topics should be, is a bit more of an "art" than a pure science. One can start by
looking at some statistics, but they are not absolutes and you will have to use your own judgement when conducting
research:

library(ldatuning)

result <« FindTopicsNumber( 0rs
gumtree_dtm, .
topics = seq(from = 2, to = 10, by = 1), :
metrics = c("CaoJuan2009", "Deveaud2014"),
method = "Gibbs",

metrics:

control = list(seed = 77), noe o Cooponzoos
VeI‘bOSQ = TRUE 1o A Deveau d2014
) 0.75
FindTopicsNumber plot(result) 050 %

N
w
IS

5 7 8 9 10

6
number of topics
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We can then use the LDA() function to create a four-topic model. This is also mostly driven by theoretical hypothesis. My
believe would be we should see: small holdings, citrus farms, wine farms and game farms... lets see if | am correct:

gumtree_lda <« LDA(gumtree_dtm, k = 4, control = list(seed = 1234))
gumtree_lda

Now lets analyse the output:

e What words are within the topics?
e Prevalence of each topic in the corpus?

topics_beta « tidy(gumtree_lda, matrix = "beta")
topics_gamma <« tidy(gumtree_lda, matrix = "gamma")
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Understanding the topics | e
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To understand the topics better we can analyse what words are most prevalent in a topic. This is called the beta matrix:

topics_beta Lets use slice_max to find the topic 10 words per topic:

top_terms ¢« topics_beta %>%
group_by(topic) %>%
slice _max(beta, n = 5) %>%
ungroup() %>%
arrange(topic, -beta)
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Understanding the topics Ry

To understand the topics better we can analyse what words are most prevalent in a topic. This is called the beta matrix:

library(ggplot2) -t 2
water - farm - [N
farm - cape - [N
top_terms <« topics_beta %>% main - water - [
P- ] P . _0 house - ha -
group_by(topic) %>% Kitchen - ot I
. t - -
slice max(beta, n = 10) %>% B ey reference - [
OIIeTS - | opportunity - [N
ungroup( ) %>% bedroom - EEEEEEEEE hectares - [N
bedrooms - hectare - [
arrange(topic’ -beta) george-% . . approximately - I-I . | | |
= 0.000 0.005 0.010 0.015 0.0000.0050.0100.0150.0200.02
o
top_terms %>% 5 3 4
W : roperty - [N farm -
mutate(term = reorder_within(term, beta, topic)) e water-
: _ : farm - | property -
ggplot(aes(beta, term, fill = factor(topic))) + goorgo - A
. - + reference - [N main -
geom_col(show.legend = FALSE) el —— i
facet_wrap(~ topic, scales = "free") + living - [N cape -
bedroom - [ living -
scale_y reordered() taxes - [ house -
kitchen - [ game -
0.0000.0050.0100.0150.020 0.000 0.005 0.010 0.01¢

beta
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Topic Prevalence R

To analyse how prevalent a given topic is in the corpus we use the gamma matrix or "topic probability per document" This
tells us if a certain topic dominates or not:

top_terms_group ¢ top_terms %>%
group_by(topic) %>%
slice_max(beta, n = 10) %>% topic (32.2%)
summarise(top_words = paste@(term, collapse = ","))

property,water,farm,george,reference,house,living,bedroom

topics_gamma %>%
group_by(topic) %>% topic (31.3%)
summarise(mean_gamma = mean(gamma)) %>%
left_join(top_terms_group) %>%
mutate(topic = glue("topic ({round(mean_gamma, 3)*100}%)")) %>%
ggplot(., aes(reorder(topic, mean_gamma), mean_gamma, topic (22.7%)

label = top_words)) +

geom_col(fill = "#189bcc") +
geom_label() +

water,farm,main,house, kitchen,property,offers,bedroom,bedr

Topic

farm,water,property,george,main,kitchen,cape,living,house,game]

ylim(@, 0.45) + topic (13.9%) ,fruit,western,reference,opportunity,hectares,hectare,approximately}
labs(x = "Topic", y = "Gamma") +

coord flip() +

theme_minimal() 0.0 0.1 0.2 0.3 0.4

Gamma
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