Swift Analysis

Brandwatch data

Data collection began by instructing Brandwatch to search social media content posted
from Feb. 1 through June 1, 2024, using the following query:

"Taylor Swift" AND ("Tortured Poets"™ OR "#TSTTPD" OR "#TTPD" OR
"#TTPDTheAnthology") NOT "RT @"

The query, which automatically switched to a 44.92% sampling rate due to the sheer
volume of the matching content, yielded about 41.7 million posts from accounts identified
by Brandwatch as “individual” accounts and another approximately 8.6 million posts from
accounts identified by Brandwatch as “organizational” accounts.

Plotted by day, in units of 1,000 posts, both individual and organizational volume showed a
distinct peak during the latter half of April, a period corresponding to the “Tortured Poets”
album release.

# Required packages

if (!require("tidyverse"))
install.packages("tidyverse")

if (!'require("gmodels"))
install.packages ("gmodels")

if (!require("gtsummary"))
install.packages("gtsummary")

library(tidyverse)
library(gmodels)
library(ggplot2)
library(gtsummary)
library(readxl)

# Get Brandwatch daily volume summary data

#
https://github.com/drkblake/Data/raw/main/Brandwatch’s20TTPD%20mention%20volum
e%201in%20thousands20Feb%20to0%20Jun . xLsx

download.file(

"https://github.com/drkblake/Data/raw/main/Brandwatch%20TTPD%20mention%20volu
me%20in%20thousands%20Feb%20t0%20Jun.x1sx",

"FebToJune.xlsx",

quiet = TRUE,

mode = "wb"

)

FebToJune <- read_xlsx("FebToJune.xlsx", sheet = "Long")



FebToJune$days <- as.POSIXct(FebToJune$days, tz = "America/Chicago")
sum(FebToJune$individual)*1000

## [1] 41686000
sum(FebToJune$organisational)*1000
## [1] 8625000

# Reformatting
FebToJune2 <- FebToJune %>%
rename(Date = days,

Individual = individual,

Organizational = organisational) %>%
select(Date, Individual, Organizational) %>%
gather(key = "Source", value = "Posts", -Date)

# Visualization

ggplot(FebToJune2, aes(x = Date, y = Posts)) +
geom_line(aes(color = Source, linetype = Source)) +
scale_color_manual(values = c("darkred", "steelblue"))
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Considering the obvious April peak and the limitations of the full period’s sampling rate of
well under half of the relevant posts, the analysis focused on posts shared between April
14 and May 1, 2024. The album released on April 19, 2024.

Repeating the above Brandwatch query for posts shared between April 14 and May 1, 2024,
yielded 168,828 posts. Because of the smaller volume, Brandwatch retrieved all available



posts instead of only a sample. The standard Brandwatch exportincludes 135 variables,
many relevant to only one of the monitored platforms. The analysis retained only seven.

# Read from local file

SwiftData <- read.csv("SwiftData.csv")

# Getting all column names

ColumnNames <- as.data.frame(colnames(SwiftData))

# Keeping columns of interest after making a copy
# of the full dataset for reference

FullSwiftData <- SwiftData
SwiftData <- select(SwiftData,
Date,
url,
Domain,
Page.Type,
Account.Type,
Author,
Full.Text)

# Removing any duplicate rows

SwiftData <- SwiftData %>%
distinct(Url, .keep_all = TRUE)

#Formatting "Date" as POSIXct object
SwiftData$Date <- as.POSIXct(SwiftData$Date, tz =
#Sorting by Date

SwiftData <- arrange(SwiftData,Date)

glimpse(SwiftData)

## Rows: 168,828
## Columns: 7

"America/Chicago")

## $ Date <dttm> 2024-04-14 05:00:00, 2024-04-14 05:00:00, 2024-04-14
05:..

## $ Url <chr> "https://hiindia.com/taylor-swift-travis-kelce-kiss-
and-d...

## $ Domain <chr> "hiindia.com", "arabherald.com",

"calgarymonitor.com", "p..

## $ Page.Type <chr> "news", "news", "news", "news", "news", "news",
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## $ Account.Type <chr> "", 5 5 5 c c ’ ’ s s P P P

5 S
## ¢ Author <chr> "Indi A", "", "Voice of Americal4d Apr 2024, 21:35
GMT+10"...

## $ Full.Text <chr> "Los Angeles, April 14 (IANS) Singer-songwriter
Taylor Sw..

Categorizing posts by type of source

The Brandwatch query retrieved posts from nine different platforms, including “news”
platforms, a category consisting of web sites for online news operations. Analysis found
60,749 posts from such “news” platforms. A recode added to the “news” category 5,680
X/Twitter posts from sources marked “organisational” by X/Twitter. All other posts,
including all other posts from X/Twitter, were classified as posts from “individual” sources.

#Categorizing by source type

PageTable <- SwiftData %>%
select(Page.Type) %>%
tbl_summary()

PageTable
Characteristic N = 168,828!
Page.Type
blog 795 (0.5%)
facebook_public 6,499 (3.8%)
forum 1,474 (0.9%)
news 60,749 (36%)
reddit 33,973 (20%)
review 13 (<0.1%)
tumblr 28,385 (17%)
twitter 36,450 (22%)
youtube 490 (0.3%)
n (%)
SwiftData <- SwiftData %>%
mutate(SourceType =
case_when(
Page.Type == "news" ~ "News",
Page.Type == "twitter" &
Account.Type == "organisational” ~ "News",

TRUE ~ "Individual"))

SourceTable <- SwiftData %>%
select(SourceType) %>%
tbl_summary ()

SourceTable



Characteristic N = 168,828!

SourceType
Individual 102,399 (61%)
News 66,429 (39%)
In (%)

Chi-squared test of source type proportions

Obviously, the proportion of individual posts greatly exceeded the proportion of news
posts. But was the difference statistically significant? A Chi-squared test can give an
answer:

SourceType_test <- chisq.test(x = table(SwiftData$SourceType))
SourceType_test

#H#

## Chi-squared test for given probabilities

#it

## data: table(SwiftData$SourceType)

## X-squared = 7663.7, df = 1, p-value < 2.2e-16

Yes. The proportion of individual posts significantly exceeded the proportion of news
posts, X*(1, N=168,828) =7,663.7, p <.0001.

Daily counts, by source type

With a few exceptions, daily counts of individual posts outstripped daily counts of news
posts:

# Re-expressing "Date" as "Day," the day from "Date."

SwiftData <- SwiftData %>%
mutate(Day = floor_date(Date,
unit = "day"))
# Graphing posts per day

PostsByDay <- SwiftData %>%
group_by(Day, SourceType) %>%
summarize(

Posts = n()) %>%
rename(Source = SourceType)

ggplot(PostsByDay, aes(x = Day, y = Posts)) +
geom_line(aes(color = Source, linetype = Source)) +
scale_color_manual(values = c("darkred", "steelblue"))
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Hunting Easter eggs

The analysis attempted to identify Easter-egg-themed posts by searching for key words
and phrases associated with each of nine frequently-alluded-to Easter eggs. Here are the
search terms for each, followed by counts and percentages for the number of posts
treated as associated with each egg.

# Easter egg variables
# Check for "thanK you aIMee" egg

SwiftData <- SwiftData %>%
mutate(
aIMee = case_when(

grepl("thanK you aIMee", Full.Text) ~ "aIMee egg",
grepl("Kardashian", Full.Text) ~ "aIMee egg",
grepl("diss track", Full.Text) ~ "aIMee egg",
grepl("bully"”, Full.Text) ~ "aIMee egg",
grepl("lessons learned", Full.Text) ~ "aIMee egg",
grepl(" Kim ", Full.Text) ~ "aIMee egg",
TRUE ~ "Other topic"



# Check for "So High School" egg

SwiftData <- SwiftData %>%
mutate(

HighSchool = case_when(
grepl("So High School"”, Full.Text) ~ "High School egg",
grepl("Kelce", Full.Text) ~ "High School egg",
grepl(“"Marry Kiss or Kill me", Full.Text) ~ "High School egg",
grepl("how to ball", Full.Text) ~ "High School egg",
grepl("I know Aristotle", Full.Text) ~ "High School egg",
grepl("love track", Full.Text) ~ "High School egg",
TRUE ~ "Other topic"

# Check for "So Long, London" egg

SwiftData <- SwiftData %>%
mutate(
London = case_when(
grepl("So Long, London", Full.Text) ~ "London egg",
grepl("diss track", Full.Text) ~ "London egg",
grepl("heartbreak song", Full.Text) ~ "London egg",
grepl("Joe Alwyn", Full.Text) ~ "London egg",
grepl("London Boy", Full.Text) ~ "London egg",
grepl("Had a good run", Full.Text) ~ "London egg",
grepl("demise of relationship", Full.Text) ~ "London egg",
grepl("Every day of a love affair", Full.Text) ~ "London egg",
TRUE ~ "Other topic"
)
)

# Check for "The Black Dog" egg

SwiftData <- SwiftData %>%
mutate(
BlackDog = case_when(

grepl("The Black Dog", Full.Text) ~ "Black Dog egg",
grepl(" pub ", Full.Text) ~ "Black Dog egg",
grepl(" ex ", Full.Text) ~ "Black Dog egg",
grepl(" bar ", Full.Text) ~ "Black Dog egg",
grepl("forgetting his location"”, Full.Text) ~ "Black Dog egg",
TRUE ~ "Other topic"

# Check for "The Alchemy" egg



SwiftData <- SwiftData %>%
mutate(
Alchemy = case_when(
grepl("The Alchemy", Full.Text) ~ "Alchemy egg",
grepl("Kelce", Full.Text) ~ "Alchemy egg",
grepl("Travis", Full.Text) ~ "Alchemy egg",
grepl(" Chiefs ", Full.Text) ~ "Alchemy egg",
grepl("love song", Full.Text) ~ "Alchemy egg",
grepl("Where's the trophy", Full.Text) ~ "Alchemy egg",
grepl("he comes running over to me", Full.Text) ~ "Alchemy egg",
grepl(
"So when I touch down, call the amateurs and cut em from the team",
Full.Text
) ~ "Alchemy egg",
TRUE ~ "Other topic"
)
)

# Check for "Cassandra" egg

SwiftData <- SwiftData %>%
mutate(
Cassandra = case_when(

grepl("Cassandra"”, Full.Text) ~ "Cassandra egg",
grepl("KimYe", Full.Text) ~ "Cassandra egg",
grepl("Greek Mythology", Full.Text) ~ "Cassandra egg",
grepl("snake imagery", Full.Text) ~ "Cassandra egg",
grepl("doomed to see the future", Full.Text) ~ "Cassandra egg",
grepl("no one believes her", Full.Text) ~ "Cassandra egg",
grepl(" greed ", Full.Text) ~ "Cassandra egg",
grepl("family", Full.Text) ~ "Cassandra egg",
grepl("Kardashian-West diss track"”, Full.Text) ~ "Cassandra egg",
TRUE ~ "Other topic"

)
)

# Check for "I Hate it Here" egg

SwiftData <- SwiftData %>%
mutate(

HateitHere = case_when(
grepl("I Hate it Here", Full.Text) ~ "Hate it Here egg",
grepl("Alwyn", Full.Text) ~ "Hate it Here egg",
grepl(" ex ", Full.Text) ~ "Hate it Here egg",
grepl(“"relationship was painful", Full.Text) ~ "Hate it Here egg",
grepl("hiding in her relationship", Full.Text) ~ "Hate it Here egg",
TRUE ~ "Other topic"



# Check for "2am Release of second album" egg

SwiftData <- SwiftData %>%
mutate(
SecondAlbum = case_when(

grepl("2am Release of second album", Full.Text) ~ "Second Album Time
Release egg",

grepl("Clock in Midnights room was 2am", Full.Text) ~ "Second Album
Time Release egg",

grepl("2 fingers during album annoucement", Full.Text) ~ "Second Album
Time Release egg",

grepl("past mentions of 2am in past songs", Full.Text) ~ "Second Album
Time Release egg",

grepl("pocket watch in Bejewled video", Full.Text) ~ "Second Album Time
Release egg",

grepl("double album", Full.Text) ~ "Second Album Time Release egg",

grepl("31 songs", Full.Text) ~ "Second Album Time Release egg",

TRUE ~ "Other topic"

)
)

# Check for "Album Release Date" egg

SwiftData <- SwiftData %>%
mutate(
ReleaseDate = case_when(
grepl("Album Release Date", Full.Text) ~ "Release Date egg",
grepl("famous dinner", Full.Text) ~ "Release Date egg",
grepl("Blake Lively", Full.Text) ~ "Release Date egg",
grepl("Ryan Reynolds", Full.Text) ~ "Release Date egg",
grepl("announced breakup", Full.Text) ~ "Release Date egg",
grepl("April 19th", Full.Text) ~ "Release Date egg",
grepl("all unfollowed Alwyn", Full.Text) ~ "Release Date egg",
TRUE ~ "Other topic"
)
)

# Check for generic "Easter egg" mention

SwiftData <- SwiftData %>%
mutate(
GenericEgg = case_when(
grepl("Easter egg", Full.Text) ~ "Generic egg",
grepl("Easter eggs", Full.Text) ~ "Generic egg",
TRUE ~ "Other topic"



)
)

# How many of each egg?

EggTable <- SwiftData %>%
select(

alMee,
HighSchool,
London,
BlackDog,
Alchemy,
Cassandra,
HateitHere,
SecondAlbum,
ReleaseDate,
GenericEgg,

) %>%
tbl_summary ()
EggTable



Characteristic
alMee

alMee egg
Other topic
HighSchool

High School egg
Other topic
London

London egg
Other topic
BlackDog

Black Dog egg
Other topic
Alchemy
Alchemy egg
Other topic
Cassandra

Cassandra egg
Other topic
HateitHere

Hate it Here egg
Other topic

SecondAlbum

Other topic

Second Album Time Release egg
ReleaseDate

Other topic

Release Date egg
GenericEgg

Generic egg

Other topic
In (%)

Easter egg counts by source type

N = 168,828

4,221 (2.5%)
164,607 (97%)

5,919 (3.5%)
162,909 (96%)

5,617 (3.3%)
163,211 (97%)

3,017 (1.8%)
165,811 (98%)

6,887 (4.1%)
161,941 (96%)

1,548 (0.9%)
167,280 (99%)

4,149 (2.5%)
164,679 (98%)

162,461 (96%)
6,367 (3.8%)

168,287 (100%)

541 (0.3%)

778 (0.5%)

168,050 (100%)

The analysis explored whether the number of posts qualifying as Easter egg posts varied
significantly by source type. First, some code to categorize each post as alluding to at least
one of the specified eggs or as alluding to none of the specified eggs:

# Quant transformation of Easter egg variables

SwiftData <- SwiftData %>%



mutate(aIMee = case_when(
grepl("thanK you aIMee", Full.Text) ~ 1,
grepl("Kardashian", Full.Text) ~ 1,
grepl("diss track", Full.Text) ~ 1,
grepl("bully", Full.Text) ~ 1,
grepl("lessons learned", Full.Text) ~ 1,
grepl(" Kim ", Full.Text) ~ 1,
TRUE ~ @

)

# Check for "So High School" egg

SwiftData <- SwiftData %>%
mutate(HighSchool = case_when(

grepl("So High School", Full.Text) ~ 1,
grepl("Kelce", Full.Text) ~ 1,
grepl("Marry Kiss or Kill me", Full.Text) ~ 1,
grepl("how to ball", Full.Text) ~ 1,
grepl("I know Aristotle", Full.Text) ~ 1,
grepl("love track", Full.Text) ~ 1,
TRUE ~ ©

)

# Check for "So Long, London" egg

SwiftData <- SwiftData %>%
mutate(
London = case_when(
grepl("So Long, London", Full.Text) ~ 1,
grepl("diss track", Full.Text) ~ 1,
grepl("heartbreak song", Full.Text) ~ 1,
grepl("Joe Alwyn", Full.Text) ~ 1,
grepl("London Boy", Full.Text) ~ 1,
grepl("Had a good run", Full.Text) ~ 1,
grepl("demise of relationship"”, Full.Text) ~ 1,
grepl("Every day of a love affair", Full.Text) ~ 1,
TRUE ~ ©
)
)

# Check for "The Black Dog" egg

SwiftData <- SwiftData %>%
mutate(BlackDog = case_when(
grepl(“The Black Dog", Full.Text) ~ 1,
grepl(" pub ", Full.Text) ~ 1,
grepl(" ex ", Full.Text) ~ 1,
grepl(" bar ", Full.Text) ~ 1,



grepl("forgetting his location", Full.Text) ~ 1,
TRUE ~ @

))

# Check for "The Alchemy" egg

SwiftData <- SwiftData %>%
mutate(
Alchemy = case_when(
grepl("The Alchemy", Full.Text) ~ 1,
grepl("Kelce", Full.Text) ~ 1,
grepl("Travis", Full.Text) ~ 1,
grepl(" Chiefs ", Full.Text) ~ 1,
grepl("love song", Full.Text) ~ 1,
grepl("Where's the trophy", Full.Text) ~ 1,
grepl("he comes running over to me", Full.Text) ~ 1,
grepl(
"So when I touch down, call the amateurs and cut em from the team",
Full.Text
) ~ 1,
TRUE ~ ©
)
)

# Check for "Cassandra" egg

SwiftData <- SwiftData %>%
mutate(
Cassandra = case_when(

grepl("Cassandra"”, Full.Text) ~ 1,
grepl("Kimvye", Full.Text) ~ 1,
grepl("Greek Mythology", Full.Text) ~ 1,
grepl(“snake imagery", Full.Text) ~ 1,
grepl("doomed to see the future", Full.Text) ~ 1,
grepl("no one believes her", Full.Text) ~ 1,
grepl(" greed ", Full.Text) ~ 1,
grepl(“family", Full.Text) ~ 1,
grepl("Kardashian-West diss track", Full.Text) ~ 1,
TRUE ~ ©

)
)

# Check for "I Hate it Here" egg

SwiftData <- SwiftData %>%
mutate(HateitHere = case_when(
grepl("I Hate it Here", Full.Text) ~ 1,
grepl("Alwyn", Full.Text) ~ 1,



grepl(" ex ", Full.Text) ~ 1,

grepl(“"relationship was painful", Full.Text) ~ 1,
grepl("hiding in her relationship", Full.Text) ~ 1,
TRUE ~ ©

))

# Check for "2am Release of second album" egg

SwiftData <- SwiftData %>%
mutate(
SecondAlbum = case_when(
grepl("2am Release of second album", Full.Text) ~ 1,
grepl("Clock in Midnights room was 2am", Full.Text) ~ 1,
grepl("2 fingers during album annoucement", Full.Text) ~ 1,
grepl("past mentions of 2am in past songs", Full.Text) ~ 1,
grepl("pocket watch in Bejewled video", Full.Text) ~ 1,
grepl("double album", Full.Text) ~ 1,
grepl("31 songs", Full.Text) ~ 1,
TRUE ~ 0))

# Check for "Album Release Date" egg

SwiftData <- SwiftData %>%
mutate(
ReleaseDate = case_when(
grepl("Album Release Date", Full.Text) ~ 1,
grepl("famous dinner", Full.Text) ~ 1,
grepl("Blake Lively", Full.Text) ~ 1,
grepl("Ryan Reynolds", Full.Text) ~ 1,
grepl("annouced breakup", Full.Text) ~ 1,
grepl("April 19th", Full.Text) ~ 1,
grepl("all unfollowed Alwyn", Full.Text) ~ 1,
TRUE ~ ©

)
)

# Check for generic "Easter egg" mention

SwiftData <- SwiftData %>%
mutate(
GenericEgg = case_when(
grepl("Easter egg", Full.Text) ~ 1,
grepl("Easter eggs", Full.Text) ~ 1,
TRUE ~ @

)
)



# Exploring media vs. individuals

SwiftData <- SwiftData %>%
mutate(
EasterEggs = alMee +

HighSchool +
London +
BlackDog +
Alchemy +
Cassandra +
HateitHere +
SecondAlbum +
ReleaseDate +
GenericEgg

) %>%

mutate(AnyEgg = case_when(EasterEggs > @ ~ "Egg", TRUE ~ "No egg"))

Next, a crosstabulation table, which shows that 24% of the posts from news sources
alluded to an Easter egg, compared to only 8.2% of the posts from individuals:

Crosstab <- SwiftData %>%
tbl_cross(row = AnyEgg,

col = SourceType,
percent = "column")
Crosstab
SourceType
Individual News Total
AnyEgg

Egg 8,662 (8.5%) 16,163 (24%) 24,825 (15%)
Noegg 93,737 (92%) 50,266 (76%) 144,003 (85%)
Total 102,399 (100%) 66,429 (100%) 168,828 (100%)

A chi-squared test found the pattern statistically significant:

# Specify the DV and IV
SwiftData$bDV <- SwiftData$AnyEgg #Edit YOURDVNAME
SwiftData$IV <- SwiftData$SourceType #Edit YOURIVNAME

# Run the chi-squared test

options(scipen = 999)

chitestresults <- chisq.test(SwiftData$DV, SwiftData$IV)
chitestresults

#it

## Pearson's Chi-squared test with Yates' continuity correction
#H#

## data: SwiftData$DV and SwiftData$IV

## X-squared = 8091.7, df = 1, p-value < 0.00000000000000022



Easter egg counts by type of fan

It’s challenging to identify, through quantitative content analysis, Taylor Swift fans who are
likely to have developed parasocial relationship with Swift. The approach used here began
by using Brandwatch to download all replies to the three posts Swift shared on Twitter
during the late-April 2024 time period being examined. Swift’s three posts were:

e https://x.com/taylorswift13/status/1779486593587315020, in which Swift
promoted an exclusive vinyl version of the album from Target.

e https://x.com/taylorswift13/status/1782803343858860248, in which Swift shared a
link to a Billboard.com review of the album.

e https://x.com/taylorswift13/status/1783220925480997314, in which Swift shared a
link of an NPR.org review of the album.

The approach assumed that individuals in a parasocial relationship with Swift would have
replied to at least one of these three posts by Swift. It did not assume, however, that all
replies to the three posts came from such fans. Even a cursory look through the posts
reveals many that are critical of Swift, aimed at promoting unrelated ideas, etc.

This code retrieves a file of Brandwatch data containing the text of each reply, the reply
author’s user name, and more. It also writes a copy of the file to the user’s hard drive.

# Get data on replies to three Swift posts
Fans <- read.csv("https://github.com/drkblake/Data/raw/main/Fans.csv")

write.csv(Fans, "Fans.csv", row.names = FALSE)

The “NPR Review” post drew the most replies, followed by the “Billboard review” post, and
then the “Target promo” post:

# Reply counts by post
ReplyTable <- Fans %>%

select(Post) %>%
tbl_summary ()

ReplyTable


https://x.com/taylorswift13/status/1779486593587315020
https://x.com/taylorswift13/status/1782803343858860248
https://x.com/taylorswift13/status/1783220925480997314

Characteristic N = 3,045!
Post
Billboard review 1,333 (44%)

NPR review 1,479 (49%)
Target promo 233 (7.7%)
n (%)

The approach assumed that Twitter users who had replied to at least one of Swift’s posts
and also had shared a post captured by the Brandwatch search for posts about the album
would be at least somewhat likely to have formed a parasocial relationship with Swift.

In keeping with this assumption, a list of each user who had posted at least one reply to at
least one of Swift’s posts was extracted, then merged with the full dataset, so that each
postin the full dataset could be identified has having come from a potential “PSRFan,”
who had replied to at least one of Swift’s posts, or some “Other” type of user.

This code accomplishes the merge, then produces a crosstabulation showing the number
of Easter egg posts among “PSR Fans” and “Others.” It also saves a copy of the merged
file, SwiftData2.csv, to the user’s computer.

# Extract Llist of Twitter IDs from Fans data

FanList <- Fans %>%
group_by(Author) %>%
summarize(PSRPosts = n())

# Merge list of Fan IDs with larger dataset
# Flag each post as from a "PSRFan" or "Other"

SwiftData2 <- merge(SwiftData,FanList,
by="Author",
all.x = TRUE)
SwiftData2 <- SwiftData2 %>%
mutate(PSRPosts = coalesce(PSRPosts,0)) %>%
mutate(PSRFan = case_when(PSRPosts > @ ~ "PSRFan",
TRUE ~ "Other"))
write.csv(SwiftData2, "SwiftData2.csv",
row.names = FALSE)

# Get count of PSR fans

if (!require("gtExtras"))
install.packages("gtExtras")

## Loading required package: gtExtras

## Loading required package: gt



library(gtExtras)

PSRFanPosters <- SwiftData2 %>%
filter(PSRFan == "PSRFan") %>%
group_by(Author) %>%
summarize(Posts = n()) %>%
arrange(desc(Posts))

nrow(PSRFanPosters)
## [1] 559

gt(PSRFanPosters) %>%
cols_align(align = "center™) %>%
gt _theme_538
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# Crosstab and chi-square

Crosstab2 <- SwiftData2 %>%
tbl _cross(row = AnyEgg,
col = PSRFan,
percent = "column")
Crosstab2

PSRFan

Other PSRFan Total

AnyEgg

Egg 24,772 (15%) 53 (3.4%) 24,825 (15%)
Noegg 142,514 (85%) 1,489 (97%) 144,003 (85%)
Total 167,286 (100%) 1,542 (100%) 168,828 (100%)

Qualitative analysis

Quantitative analysis of manifest content can miss nuances that qualitative analysis might
reveal. Accordingly, 100-case random samples were extracted from key data frames in the
analysis so that the full text of the sampled posts could be examined qualitatively.

Fans_sample <- sample_n(Fans,100)

Fan_egg posts <- SwiftData2 %>%
filter(PSRFan == "PSRFan" & AnyEgg == "Egg")

Fan_no_egg posts sample <- SwiftData2 %>%
filter(PSRFan == "PSRFan" & AnyEgg == "No egg")
Fan_no_egg posts_sample <- sample_n(Fan_no_egg posts_sample, 100)

write.csv(Fans_sample,
"Fans_sample.csv",



row.names = FALSE)

write.csv(Fan_egg posts,
"Fan_egg posts.csv",
row.names = FALSE)

write.csv(Fan_no_egg posts_sample,
"Fan_no_egg posts_sample.csv",
row.names = FALSE)
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