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Sentiment Analysis of Web Scraped  
Near- Death Experience Narratives 
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ABSTRACT: Near- death experiences (NDEs) are usually characterized as pleas-
ant or positive experiences, but little research to date has involved quantifica-
tion of the sentiment contained in experiencers’ descriptions of their NDEs. In 
this study, I undertook an automated method of obtaining a corpus of 557 NDE 
narratives by web scraping and then using lexicon- based sentiment analysis to 
assign a sentiment score to each narrative. The results showed that NDEs are 
more often associated with positive sentiment than negative sentiment, with 
twice as many narratives receiving a positive overall sentiment score as a nega-
tive one. Although just under 3% of the sample contained descriptions of wholly 
unpleasant NDEs, many NDE narratives contained at least some negative sen-
timent, usually associated with the circumstances of the NDE but sometimes 
with the experience itself, most commonly involving the decision to return or ‘go 
back’ to the body. Future researchers should consider using aspect level senti-
ment analysis with a modified lexicon to more accurately quantify the sentiment 
contained in NDE narratives.

KEYWORDS: near- death experience, sentiment analysis, text mining, web 
scraping, sentimentr 

Written accounts of unusual phenomena experienced by people near 
death go back more than 2,000 years, for example Plato’s Legend of 
Er (Carter, 2010). It was not until the late 1800s, however, that formal 
studies began of subjective phenomena reported by individuals close 
to death. Ornella Corazza (2008) traced the development of this work 
from the 19th century Swiss geologist and mountaineer, Heim, who 
recorded instances of profound experiences from accident and disaster 
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survivors, to the deathbed visions recorded by Bozzano in Italy and 
the Society for Psychical Research in the UK, and the deathbed obser-
vations documented by Osis and Haraldsson, to the emergence in the 
1970s of accounts of near- death experiences (NDEs). 

An NDE has been defined as a “transcendental experience precipi-
tated by a confrontation with death” (Irwin & Watt, 2007, p. 157) and 
as “a profound subjective event with transcendental or mystical ele-
ments that many people experience on the threshold of death” (Grey-
son, 1999). Raymond Moody (1975), who coined the term near- death 
experience and brought it to popular attention, outlined 15 elements 
common to NDEs, including feelings of peace and wellbeing, being out-
side one’s body, traveling through a tunnel, entering a light, and trav-
eling to another realm. Kenneth Ring (1980) proposed that the core 
NDE comprises five stages usually unfolding in the same sequence 
and that non- core elements may also be present. More recent research 
(Martial, Cassol, et al., 2017) indicated that the features in NDEs do 
not follow a strict sequence and that, although some elements may oc-
cur more frequently than others, as Moody (1975) originally observed, 
not all NDEs include the same elements (Irwin & Watt, 2007).  

Currently, NDEs are typically assessed using the Near- Death Ex-
perience Scale (NDE Scale; Greyson, 1983), a validated 16- item ques-
tionnaire that assesses the content of the person’s experience. Each 
question on the scale references a feature that is scored 0, 1, or 2, de-
pending on the degree to which it was present during the experience. 
Features on the NDE Scale are similar to those that Moody (1975) 
identified; they include feelings of joy, peace, harmony, leaving one’s 
body, experiencing a brilliant light, and encountering deceased per-
sons or spirits. The maximum possible score is 32, and an experience 
must score at least 7 to be considered a ‘true’ NDE (Lange et al., 2015). 
An NDE therefore has a range of features, some or all of which may be 
present to greater or lesser intensity. 

Thus in the professional near- death literature to date, it is the 
phenomenology, in particular the occurrence of certain features, that 
designates an experience as an NDE. The term NDE might be consid-
ered a misnomer in that people have reported the experience under 
circumstances in which they perceived themselves to be, but actually 
were not, close to physical death (Irwin & Watt, 2007; Owens et al., 
1990). In fact, NDE- like experiences have been reported even in situa-
tions involving no real or perceived threat to a person’s life (Charland- 
 Verville et al., 2014; Craffert, 2019; Parnia, 2016). 
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NDEs are usually characterized as positive events both because 
of the predominance of pleasurable contents in the experience itself 
and because of the predominantly beneficial aftereffects that experi-
encers report. Aftereffects include a decreased fear of death (Tassell- 
Matamua & Lindsay, 2016), enhanced self- esteem and concern and 
compassion for others (Noyes et al., 2009), and spiritual growth (Grey-
son & Khanna, 2014). Natasha Tassell- Matamua and her colleagues 
(2017) found that just learning about NDEs promoted the same psy-
chospiritual benefits as did actually having an NDE. 

Although usually characterized as positive experiences, there ap-
pears to be little research to date that quantifies the sentiment con-
tained in narrative accounts of NDEs. Existing studies have typi-
cally involved questionnaire answers or human coders to determine 
whether an NDE is predominantly pleasurable or distressing. For ex-
ample, in a recent analysis of distressing NDEs, Helena Cassol, Char-
lotte Martial, and their colleagues (2019) used responses to a single 
question (item 14) on the short version of the Memory Characteristics 
Questionnaire (MCQ; Johnson et al., 1988) to classify NDEs into dis-
tressing or not distressing categories and then used human coders to 
divide the distressing NDEs into their subtypes. Patrick Kuiper and 
Karoline Hood (2019) noted that using surveys containing Likert type 
responses to quantify opinions typically results in inaccurate data 
with high variance. They advocated using sentiment analysis of free 
text responses as a better means of determining population sentiment 
towards a topic— sentiment analysis being the use of computational 
methods to extract the strength and valence of feeling or affect from 
text.

In this study I used sentiment analysis to quantify the sentiment— 
positive/pleasurable and negative/distressing— found in a collection of 
NDE narratives automatically extracted— scraped— from a web re-
pository. In the next sections, I briefly discusses sentiment analysis 
and provide a review of existing work on sentiment and emotion in 
NDEs. 

Sentiment Analysis

The Oxford English and Spanish Dictionary (Oxford University 
Press, n.d.) defined sentiment as “a view or opinion that is held or ex-
pressed” or “a feeling or emotion.” Bing Liu (2012) defined sentiment 
analysis as the field of study in which researchers analyze people’s 
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opinions, sentiments, attitudes, and emotions towards entities— in 
this study, NDEs— and their attributes— in this study, features of 
NDEs. 

Prior to 2000, few researchers analyzed people’s sentiments and 
opinions, but since then interest in this area has grown rapidly (Liu, 
2012). The ubiquity of the Internet and social media has provided 
huge and growing digital repositories of data containing people’s sen-
timent, opinions, and emotions about a variety of topics. With opinions 
being key influencers of people’s behaviours, organizations are keen 
to mine these data to gain useful insights about customers and their 
perceptions of products and services (Farhadloo & Rolland, 2016). In 
addition to use in consumer research, sentiment analysis has also 
been used in academic research, for example in the analysis of liter-
ary texts (Mohammad, 2016). 

Sentiment analysis potentially encompasses a wide range of tasks. 
Ali Yadollahi, and his colleagues (2017) proposed a taxonomy of senti-
ment analysis tasks that groups them into two broad categories. In opin-
ion mining, researchers are concerned with positivity or  negativity— 
also referred to as polarity or valence (Mohammad, 2016)— of opinion 
in a piece of text; the task of classifying the sentiment of a piece of text 
into positive or negative categories is known as polarity classification 
or sentiment polarity classification (Pang & Lee, 2008). In emotion 
mining, researchers seek to identify emotions expressed in text. In 
addition to these two subtypes, sentiment analysis may be carried out 
at different levels of granularity, these being mainly document level, 
sentence level, and entity and aspect level (Liu, 2012). 

Approaches to sentiment analysis can be broken into supervised 
and unsupervised methods. Supervised methods can be used when 
there is a corpus of pre- labelled examples with which to train a classi-
fier to detect sentiment polarity. Features of text used to build polarity 
classifiers have included single and multi- word frequencies; parts- of- 
speech, such as adjectives, nouns, or verbs; sentiment words and rules 
of opinion; sentiment shifters, such as negators— for example, not; and 
syntactic related features (Liu, 2012). Unsupervised methods consist 
mainly of dictionary or lexicon- based methods and domain adaptation 
(Yadollahi et al., 2017). Domain adaptation involves taking an exist-
ing classifier created in one domain and adapting it for use in a dif-
ferent domain for which labelled examples are not available. Lexicon- 
based methods essentially use a dictionary of sentiment words and 
associated scores and match these elements to words in a piece of text 
to determine its polarity (Yadollahi et al., 2017).  
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For this study, I conducted sentiment polarity classification of tex-
tual data— specifically, NDE narratives. Because little previous re-
search has involved automated sentiment polarity classification of 
NDE narratives, I used an unsupervised lexicon- based approach for 
this study. Considering the absence of a publicly available corpus of 
sentiment annotated NDE accounts, I used a standard lexicon for this 
analysis. 

Sentiment and Emotion in NDE Narratives 

Historically NDEs have been depicted as predominantly pleasur-
able experiences. Harvey Irwin and Caroline Watt (2007) summa-
rized the affective component of NDEs as being characterized by an 
absence of fear and pain and by feelings of peace and wellbeing some-
times described as joyous. They stated that there may be distressing 
feelings, such as loneliness or sadness, but that these are typically 
fleeting, with the overall experience usually described as enjoyable. 

In a study of 613 experiencers (NDErs), Jeffrey Long (2010) found 
the most common element, reported by over 75% of their sample, to be 
intense and generally positive feelings and emotions. In a comparison 
of NDEs associated with coma versus those associated with non- life- 
threatening events, Vanessa Charland- Verville and her colleagues 
(2014) found that the most common feature in both groups, reported 
by over 90% of their 190 participants, was a feeling of peacefulness. 
Charlotte Martial and her colleagues (2017), in a study with a smaller 
sample, also found the most common NDE feature, reported by 80% of 
154 participants, to be a feeling of peace. 

Marie Thonnard and her colleagues (2013) used the MCQ to com-
pared memories of NDEs with those of real and imagined events and 
found that NDEs had significantly higher emotional content than 
other types of memories. Cassol, Arnaud D’Argembeau, and their col-
leagues (2019) found that recall of NDE memories was associated with 
positive affect more than was recall of other self- defining memories. 

In the professional near- death literature, estimates of the preva-
lence of reported distressing NDEs has varied. Early researchers 
documented almost exclusively NDEs that were predominantly plea-
surable (Ring, 1980; Sabom, 1982). In a study of 58 NDErs, Justine 
Owens and her colleagues (1990) found that 81% of their sample re-
ported at least some pleasurable emotions, whereas only 12% reported 
any distressing emotions. None of their participants reported five or 
more negative emotions in their NDEs. In a sample of 62 NDERs 
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who survived cardiac arrest in hospital, Pim van Lommel and his 
colleagues (2001) did not find any examples of distressing NDEs. 
Among a sample of 140 NDErs, Charland- Verville and her colleagues 
(2014) found that although 10% of their sample did not report plea-
surable emotions in their NDEs, only two of their participants— less 
than 1.5%— reported a predominantly distressing NDE. On the other 
hand, Barbara Rommer (2002) found that nearly 18% of her sample of 
500 NDErs interpreted their experience as frightening, either in part 
or whole. Cassol, Martial, and their colleagues (2019) found that 14% 
of their sample of 123 NDErs reported a predominantly distressing 
experience. Bruce Greyson and Surbhi Khanna (2014) suggested that, 
for various reasons, distressing NDEs may be underreported in the 
professional literature. 

On the basis of a sample of 50 distressing NDEs, Greyson and 
Nancy Bush (1992) categorized the experiences into three groups. 
From most to least commonly reported, these were NDEs in which 
the contents of the experience were similar to pleasurable NDEs but 
were nevertheless experienced as unpleasant, those in which the expe-
riencer perceived an empty void, and those in which the contents were 
perceived as hellish. Rommer (2002) categorized frightening NDEs 
into four types: the three that Greyson and Bush (1992) had identi-
fied plus a fourth type in which the NDEr experienced the life review 
as unpleasant. Recent work by Cassol, Martial, and their colleagues 
(2019) appears to have confirmed the three- category classification 
that Greyson and Bush (1992) proposed.  

It may be that, at least in the case of NDEs occurring from brain 
trauma, the type of injury suffered is related to the emotional content 
of the NDE. In a sample of patients with locked- in syndrome as a 
result of ischemic or traumatic brainstem lesion, Charland- Verville 
and her colleagues (2015) found that their participants reported more 
distressing NDEs compared to individuals who experienced an NDE 
associated with coma following supratentorial brain damage. Their 
study, however, was limited by small sample size of 31 participants. 

In a textual analysis of 34 NDE narratives, Cassol and her col-
leagues (2018) found that a range of feelings and emotional states, 
both pleasurable and distressing, were depicted. They found that dis-
tressing feelings were reported at points in the experience, even in 
narratives considered primarily pleasurable. In their analysis they 
found that certain NDE features— such as light, out- of- body experi-
ence, and feelings of heightened sensation— were more likely to be as-
sociated with pleasurable feelings, whereas other features— such as 
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meeting beings, life review, and return to body— were more likely to 
be related to conflicting emotions. Again, however, these researchers 
based their conclusions on a small sample. 

To summarize previous research in this area, one could say that al-
though most NDErs have reported predominantly pleasurable events, 
a small minority has reported unpleasant or distressing NDEs. In 
addition, even NDEs that experiencers have described as predomi-
nantly pleasurable may contain some negative or unpleasant feelings 
at points in the experience. Most research to date has focused on docu-
menting the pleasurable feelings evoked by NDEs. 

Recently, large samples of hundreds of NDE narratives have been 
amassed on the Internet.  For this study, I employed the automated 
extraction of NDE narratives from just such a large web repository of 
NDE accounts and the sentiment analysis of the narratives. There are 
several advantages to using automated methods for text analysis of 
NDE narratives. First, computational methods are much faster than 
human analysts. Second, computational methods scale. It is almost as 
fast to analyze 5000 narratives as it is to analyze 500. Third, compu-
tational methods are reliable, as results are algorithmically derived. 

For this study I used sentiment analysis to assign an overall sen-
timent score to each NDE based on the words used by the NDEr to 
describe their experience. I investigated the distribution of document 
sentiment scores, the incidence of positive and negative sentiment, 
and its categorisation. I was guided by the research question: What is 
the distribution of word frequencies and of document sentiment scores 
of NDE narratives?

Method

Participants 

The participants in this study were 557 persons who chose to share 
their NDE by completing the questionnaire on the Near- Death Ex-
perience Research Foundation (NDERF) website (https://www.nderf 
.org/index.htm). The NDERF website contains over 4,700 accounts of 
NDEs submitted over many years by people all over the world. People 
can submit their experiences at any time using the site questionnaire. 
These data are downloaded regularly by site administrators for re-
view, classification, and posting on the website as appropriate. 

The site’s 64- item questionnaire included items relating to demo-
graphic data; to the experience itself— including the complete NDE 
Scale; to NDE aftereffects; to the person’s religious and other beliefs; 
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and to feedback on the questionnaire itself. Question 2 on the ques-
tionnaire asked: 

Please describe your experience using as much detail as you can and 
as much space as you need. The scroll bars allow an almost unlimited 
amount of writing. Please also describe the events that occurred both 
prior to and after the experience.

In response to my request for NDERF entries that yielded an NDE 
Scale score of 7 or more, one of the site administrators, Jeffrey Long, 
provided entry numbers corresponding to 596 entries submitted be-
tween November 2011 and August 2016 (J. Long, personal communi-
cation, 2017). The answer to Question 2 was the participant’s putative 
account of their NDE and was the focus of analysis for this study. 

Materials 

The collection and analysis of data in this study was conducted us-
ing the statistical computing environment R [Version 3.6.0 ] (R Core 
Team, 2019) and R Studio (RStudio Team, 2019) running on a Win-
dows 10 64-bit machine with an i5 processor and 8GB Ram. R is free 
and open source software with functionality that can be extended us-
ing packages (R Core Team, 2019). Packages contain bundles of func-
tions with data and documentation demonstrating their use. Out of 
thousands of R packages available for download, more than 50 are 
dedicated exclusively to text processing and text analysis. For an 
overview of R packages and methods for text analysis, the interested 
reader is referred to Kasper Welbers and his colleagues (2017). 

The main packages used to analyze the text narratives in this study 
were tidytext (Silge & Robinson, 2016) for the word frequency analy-
sis and sentimentr package (Rinker, 2019) for the sentiment analysis. 
A significant advantage of the sentimentr package over many other 
packages for sentiment analysis is that it accounts for valence shift-
ers such as negators (Naldi, 2019; Rinker, 2019). Valence shifters are 
words that affect the polarity of sentiment words. In a simple diction-
ary lookup, the sentences “It felt good” and “It did not feel good” would 
receive the same sentiment score because of the presence of the word 
“good.” Sentimentr, on the other hand, accounts for four types of va-
lence shifters (140 words in total): negators such as not, which flip the 
sign of the word; amplifiers such as really, which increase the impact 
of a sentiment word; de- amplifiers such as hardly, which decrease the 
impact of a sentiment word; and adversative conjunctions such as but, 
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which overrule the previous sentiment clause in the sentence (Rinker, 
2019). 

Before any analysis could be done, the NDE narratives needed to 
be obtained. Given a list of entry numbers, each corresponding to a 
separate NDE on the NDERF website, there were two ways of obtain-
ing the narratives. The first way was to search the NDERF website 
for each entry number, locate the corresponding NDE narrative, and 
copy and paste the text for each narrative into a text file. The second, 
and faster, way was to programmatically search (“crawl”) the website 
and then extract (“scrape”) the required narratives. I chose the second 
approach for this study, using the package Rcrawler (Khalil & Fakir, 
2017) to crawl and scrape the site. 

Procedure 

The two automated tasks in this study— first, locating and extract-
ing the narratives to obtain the dataset, and second. carrying out sen-
timent analysis on the dataset— are detailed in the next two sections. 

Web Scraping
The NDERF website repository consists of index pages and site 

pages. The index pages contain excerpts of NDE narratives, the NDE 
entry, or ID number, and the experiencer’s first name and initial of 
second name. These index pages link to the site pages containing the 
full NDE narratives. The pages containing the full narratives mostly 
did not have an entry number in the URL. Therefore, the index pages 
of the site were crawled first to match entry numbers to names. A list 
of names was collected by using Rcrawler to search for patterns in 
the CSS code on the index pages of the site and extracting those that 
contained names and the corresponding entry numbers. This list of 
names was then used to locate and scrape the site pages containing 
the narratives. 

In this way, of the original 596 entry numbers that Long provided, 
564 html files containing NDE narratives were scraped from the site. 
The scraped pages contained html and css code in addition to other 
unneeded text. Extracting the narratives from the scraped pages re-
quired writing a custom function that used the XML package (Lang, 
2011) to parse the pages and generate R objects to represent each page 
as an html tree. Xpath (W3C, 2010) was then used to locate the html 
nodes containing the NDE narratives. Once the relevant nodes were 
located, regular expressions were used to match the NDE narratives 
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and the text extracted. Any remaining html tags were then stripped 
from the text, white space at either end of the narratives trimmed, and 
the narratives written to disk as text files. When checked for consis-
tency it was apparent that 7 files were duplicates— that is, had been 
scraped twice. These were removed, leaving a corpus of 557 first per-
son NDE narrative accounts for analysis. 

Text Analysis
Before carrying out the sentiment analysis, I conducted some ex-

ploratory analysis of the corpus. The text files containing the narra-
tives were imported into R, split into individual words (tokenized), 
converted to lowercase, and punctuation removed. Document length 
and token (single word) and bigram (two word) frequencies were calcu-
lated in the exploratory analysis. The most common words in any cor-
pus of narrative documents are short words such as I, the, was, and, 
and to. These are known as stop words and typically have little infor-
mational content. These were removed using the default stop word list 
in tidytext prior to calculating token frequencies. This stop word list 
is composed of three stop word lexicons: onix, SMART, and snowball 
(Silge & Robinson, 2016).  

Sentiment analysis was carried out on the complete narratives, in-
cluding stop words and punctuation. I used this comprehensive ap-
proach because some types of punctuation and stop words may be 
useful in the sentiment analysis. Sentimentr takes a lexicon- based 
approach to sentiment analysis, whereby a dictionary of sentiment 
words is used to identify and score sentiment words in the text. There 
is currently no sentiment lexicon specifically for NDE narratives, so 
the default sentiment lexicons for sentimentr were used in this analy-
sis. The default sentiment lexicon for sentimentr is a combined version 
of the default lexicon from the syuzhet package (Jockers, 2015) and an 
augmented version of Hu and Lius (2004) lexicon (Rinker, 2019). This 
lexicon contains 11,710 words, each scored for sentiment polarity in 
the range -2:1.   

Sentimentr performs sentiment analysis by first splitting para-
graphs of text into their constituent sentences, each of which is rep-
resented as an ordered bag of words. Polarized words are tagged and 
weighted by matching sentence words to the specified lexicon (the 
 Jockers/Hu & Liu lexicon in this study). These words form polar clus-
ters, which are subsets of sentences. Four words before each polar clus-
ter and two words after the polar cluster form a context cluster. These 
context clusters are checked for valence shifters, which, if found, will 
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affect the weight of the polarized cluster, depending on their number 
and type. 

Each type of valence shifter has an associated function that deter-
mines how it affects word polarity. For example, an amplifier word 
in a context cluster will increase the weight of a polarized word by 
1.8— unless it occurs with an odd number of negators, in which case 
it becomes a deamplifier. It is possible to change the weighting of va-
lence shifters by specifying these criteria when running sentimentr. 
For this analysis, I used the default values, there being no a priori rea-
son to change them. Full details of the algorithm used for sentiment 
analysis are available in Rinker (2019). 

In the sentiment analysis, a sentiment score was first calculated 
for each sentence in each narrative using the sentiment method in 
sentimentr. This process works by assigning and summing the context 
cluster scores for the sentence and dividing by the square root of the 
sentence word count. These scores were then averaged so that each 
narrative was allocated an average sentiment score. The averaging 
method used was the default average with down- weighted zero method 
in sentiment, which is calculated as in the formula below in which δij 
is the sentence polarity score:

The effect of averaging in this way is to lessen the impact of neutral 
sentences on the overall document sentiment score. 

In order to check how well the assigned document sentiment score 
matched the content of the document, I reviewed the html file out-
putted by applying the highlight function in sentimentr to the docu-
ment corpus. This function creates a file containing all the narratives 
with sentences scored positively highlighted in green and those scored 
negatively highlighted in red. This file enables an analyst to quickly 
determine which parts of the narrative contribute towards the overall 
sentiment score for each document. 

Results 

The total length of the 557 NDE narratives in this corpus was 355,693 
words. The narratives ranged in length from 8 to 8,696 words. The 
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mean document length was 639 words (SD = 747 words). It was ap-
parent that with regard to document length, there were outliers in the 
corpus. The typical cut- off beyond which observations are considered 
outliers is 1.5 times the interquartile range (Weissgerber et al., 2015). 
This formula yielded 54 outliers. Because no a priori reason existed to 
discard these narratives, I left them in the corpus.  

Word Frequencies

Figure 1 below shows the most frequently occurring words (n > 500) 
in the corpus once stop- words had been removed. 

Because some of the documents in the corpus were much larger 
than others and to avoid large documents skewing the results, I also 
calculated the list of words occurring in most documents. Figure 2 
shows the 100 most commonly occurring words in the corpus after 
stop- words had been removed. The sizes of the words are proportional 
to their frequency of occurrence in the corpus, with larger font indicat-
ing words occurring with greater frequency. The first 10 of these are 
almost identical to those in Figure 1, the only difference being that 
love was replaced by people. Time was the word common to most nar-
ratives, occurring in just over 70% of them. 

Figure 3 shows the top 20 most commonly occurring bigrams in 
the document corpus. The most commonly occurring bigram— white 
light— occurred in less than 20% of documents in the corpus. 

Figure 1 The 10 Most Frequently Occurring Words in the 
Corpus of NDE Narratives, Excluding Stop- Words
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Figure 2 The 100 Most Commonly Occurring Words in the Corpus  
of NDE Narratives, Excluding Stop- Words

Figure 3 The Top 20 Most Commonly Occurring Bigrams in  
NDE Narratives, Excluding Stop- Words
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Sentiment Analysis 

Figure 4 shows the frequency distribution of average sentiment 
scores of NDE narratives. The mean of the average sentiment scores 
was 0.04 (SD = 0.26), indicating that the sentiment score for the whole 
collection of documents was marginally positive. Twice as many nar-
ratives scored an overall positive sentiment (66.4%) as scored an over-
all negative sentiment (33.2%), with only 0.4% of narratives identified 
by the algorithm as having no or neutral sentiment. Average senti-
ment scores ranged from – 0.55 to +0.42, with outliers at either end of 
the distribution. The ratio of positive to negative sentences in this doc-
ument was 13:10. There was no correlation between document length 
and document sentiment scores (p = 0.18). 

Discussion

Word Frequencies

Nearly all of the most commonly occurring words in this corpus 
could relate to NDE features as opposed to circumstances of the medi-
cal emergency, for example, time, as in time slowing down and/or time 
to go back; body and experience, as in out- of- body experience; light, 
as in seeing the light; life, as in life review; and love and feeling, as 
in feelings of love and peace. Hospital was also one of the most fre-

Figure 4 Distribution of Document Sentiment Scores Among NDE Narratives
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quently occurring words, not surprising because of the association of 
this location with life- threatening circumstances during which many 
NDEs occur. The two words most clearly related to NDE phenomenol-
ogy were, from most to least frequent, light and love.

The most commonly occurring bigrams in the corpus appear to be a 
mixture of NDE features—  white light, body experience, life review— 
and terms relating to the circumstances of medical emergency— heart 
attack, heart stopped, care unit, operating table, stopped breathing. 
None of these phrases occurred with great frequency, however. Inter-
estingly the most common word in the corpus, time, did not appear 
in the top 20 most commonly occurring bigrams. This result indi-
cates that time was not frequently paired with any other particular 
term. The five bigrams most clearly related to NDE phenomenology 
were, from most to least frequent, white light, bright light, uncondi-
tional love, life review, and bright white.

Sentiment Analysis

One third of the NDE narratives in this study were assigned an 
overall negative sentiment score, which might seem to indicate more 
negative sentiment in the corpus than would be expected from pre-
vious research (Charland- Verville et al., 2014; Irwin & Watt, 2007). 
However, upon examining the html file outputted by the highlight 
method in sentimentr, I found that in most cases the NDE itself was 
mainly or entirely pleasurable, and some of the negative sentiment 
could be attributed to traumatic and painful circumstances before and 
after the NDE, such as automobile accident, near drowning, assault, 
difficult childbirth, and drug overdose. This observation indicates that 
the frequency distribution of sentiment scores for NDEs themselves is 
likely more positive than Figure 4 indicates.

I also noted that participants who described pleasurable NDEs 
involving out- of- body observation of relatives or friends at the scene 
often described those witnesses’ emotions in negative terms. These 
descriptions increased the level of negative sentiment for some narra-
tives. This situation demonstrates a challenge of sentiment analysis of 
NDEs: discriminating between sentiment or emotion felt by the NDEr 
during the experience, which may be positive, with that recounted as 
having been displayed by others at the same time at the scene of the 
NDE, which may be negative. 

Of the 185 documents identified by sentimentr as having overall 
negative sentiment, I identified 13 in which the NDEs were described 
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as wholly unpleasant, that is, described in exclusively negative terms. 
I also found three narratives among the 370 classified as having a pos-
itive sentiment score in which the participants described their NDEs 
in distressing/negative terms. One of these documents was scored as 
very marginally positive (+0.001). The scoring of both these narra-
tives demonstrated some of the limitations of lexicon- based sentiment 
analysis (Liu, 2012) in that some sentences that would appear to be 
negative in sentiment were mislabelled as positive. For example, in 
document 116, the sentence “It was completely black and I had never 
felt so alone” received a positive score of 0.23 despite the fact that 
it clearly indicated negative sentiment. Here the word never changed 
the polarity of the word alone from negative to positive, resulting in 
a positive score for a sentence that should have been scored negative. 
This is an example of how attempting to account for valence-shifters 
can result in reduced accuracy compared to approaches to sentiment 
analysis that do not take valence shifters into consideration.

Overall percentage of the 16 NDEs described in this sample as dis-
tressing or unpleasant was therefore 2.87%. This result is slightly 
more than the percentage identified by Charland- Verville and her 
colleagues (2014) but much less than the 14% identified by Cassol, 
Martial, and their colleagues (2019). Both of these studies involved a 
smaller sample than the present study, however. 

Regarding the types of distressing or unpleasant NDEs in this sam-
ple, I found, similar to Cassol, Martial, and her colleagues (2019), that 
Greyson and Bush’s (1992) three- category classification fit the data 
well. The frequency of each type that Greyson and Bush (1992) found 
was also roughly reflected in the results of the present study: 8 (50%) 
of the distressing NDEs could be considered as typical pleasurable 
NDEs but nevertheless experienced unpleasantly, 4 (25%) involved a 
dark void, and 4 (25%) were hellish. Although some of these unpleas-
ant NDE narratives contained a negative life review, it occurred in 
combination with other negative features rather than on its own. Thus 
I found no justification for positing Rommer’s (2000) suggested fourth 
category of negative life review.

Compared to the just- under 3% of wholly distressing NDEs in this 
sample, 197 (35.7%) narratives were described in positive terms with 
the absence of any negative sentiment in the description of the experi-
ence itself. Although this study shows that sentiment of NDE narra-
tives can be measured along a continuum, for conceptual reasons it is 
easier to consider them in categories, and the 344 remaining NDEs 
that were not described in wholly positive or negative terms could be 
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divided into three groups. In the smallest group (9.51%), NDEs were 
described with ‘mixed sentiment,’ veering between quite positive and 
quite negative at different points in the narrative. In the next larger 
group (20.65%), NDEs were described neutrally or with little detail. 
In the largest group (31.6%), NDEs were described in mostly positive 
or very positive terms but also contained some negative sentiment re-
lating to the experience itself. This result accords with the findings 
of Cassol and her colleagues (2017) that the NDErs in their sample 
described their experiences using a range of emotions, both positive 
and negative.

The most commonly occurring negatively experienced feature I 
identified in this sample was the decision to return to the body, repre-
sented in 17% of all narratives. In most cases the negative sentiment 
related to not wanting to return, but in a smaller number it related 
to desperately wanting to go back to the body— usually in association 
with a desire to return to a person who depended on the NDEr. Nega-
tive sentiment associated with return to the body ranged from mild, 
such as feelings of confusion, to extreme, such as feelings of profound 
sadness at being told to return.  

Limitations 

In this study, I analyzed retrospective narratives of NDEs. As 
 Charland- Verville and her colleagues (2014) noted, for a number of 
reasons, retrospective accounts of NDEs may not be completely typi-
cal of the entire NDE population— that is, may be subject to selection 
bias. They suggested, for example, that people who report their NDEs 
may have greater interest and knowledge in the phenomenon, which 
may render their narratives different than others. Such bias may also 
be at work in this study based on NDE narratives scraped from a pub-
lic repository. NDEs of experiencers who are uninclined or unwilling 
to share their experiences may be different in some ways than those 
of experiencers who are willing to share. For example, as previously 
noted (Greyson & Khanna, 2014), distressing NDEs may be under- 
reported for reasons of fear, shame and social stigma. Some of the 
narratives from the NDERF website analyzed in this study contained 
references to the NDEr not having shared their experience before be-
cause of a fear of how they would be perceived. 

In this study, I used a document level classification of polarity (Liu, 
2012), meaning that a single sentiment score was assigned to each 
document. A more fine- grained analysis would consider aspect level 
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sentiment analysis. This is a more challenging task than document 
level classification because it requires the extraction of aspects from 
the text— for example, features of NDEs exclusive of features of the 
circumstances of the close brush with death; if successful, however, 
such extraction would enable more accurate classification of sentiment 
polarity specific to the NDE. 

Although lexicon- based sentiment analysis has several advantages 
compared to human analysis, there are various disadvantages to the 
lexicon approach, as well (Liu, 2012). A positive or negative sentiment 
might have a different orientation or might express no sentiment at all 
depending on the phrasing and/or application domain. Consider the 
comparison word cloud in Figure 5 below.

This word cloud shows the words contributing most to positive and 
negative sentiment across the whole corpus of narratives in this study. 
The size of the word is proportional to its influence on the sentiment 
score. The most commonly occurring sentiment term in this corpus 
was like, which has a polarity of 0.5 in the Jockers (2015) sentiment 

Figure 5 Comparison Cloud of the Most Positive and Negative Sentiment 
Words Among NDE Narratives
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dictionary. The extent to which the polarity score reflects the seem-
ingly neutral sentiment of like as a preposition, such as “It felt like 
. . . ” versus the more positive sentiment of like as a verb, such as “I 
liked . . . ” is unclear. Future researchers would do well to examine 
this matter more closely to determine whether this word should be 
used as a sentiment indicator in this analytic context. 

Words deriving from die— die, died, death, dead— featured promi-
nently in the list of words contributing to negative sentiment in the 
corpus. Likewise, however, these words arguably should not be used 
as indicators of negative sentiment in a sentiment analysis of NDEs, 
because references to death typically occur in NDE narratives and 
not necessarily with a negative connotation. Again, I recommend that 
future sentiment analysts use a nuanced understanding of NDEs and 
their contexts to customize the sentiment lexicon to achieve more ac-
curate results.  

Another limitation of this study was that some documents in the 
sample did not contain a detailed description of the NDE itself. Al-
though all participants whose narratives were scraped had scored 7 
or more on the NDE Scale, some did not provide much detail in their 
answer to Question 2 from which the data were scraped. Instead, 
they provided little information overall or provided detailed informa-
tion only about the circumstances and aftermath of the NDE and not 
about the phenomenology of the NDE itself. I recommend that in order 
to accurately determine sentiment towards NDEs, future sentiment 
analysts, at the outset of their studies, determine criteria for what 
constitute a minimal level of acceptable detail of NDE phenomenology 
in narratives to be included in their analyses. 

Conclusion 

This study involved the automated collection from the Internet of NDE 
narratives and the automated analysis of word frequency and senti-
ment contained therein using open source software. Text files contain-
ing 557 first person accounts of NDE narratives were programmati-
cally extracted from the NDERF website. Computational analysis was 
carried out on these texts using word frequency analysis to determine 
the most commonly occurring single words and bigrams and lexicon 
matching to assign a sentiment score to each sentence in each nar-
rative. These scores were then averaged to get an overall sentiment 
score for each narrative.

The results provide support for the hypothesis that NDEs are pri-
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marily described as positive. Twice as many documents in this study 
received an overall positive sentiment score as received an overall neg-
ative sentiment score. On further examination, many of the documents 
receiving an overall negative sentiment score contained descriptions 
of NDEs phenomenology that were partially, mostly, or totally scored 
as positive; much of the negative sentiment in these examples related 
to the circumstances in which the NDE occurred rather than the ex-
perience itself. 

Distressing or wholly unpleasant NDEs occurred in 2.9% of the 
documents in the sample. In half of these cases, NDErs described the 
same features as pleasurable NDEs but described experiencing them 
as unpleasant. Whereas the number of wholly negative NDEs was 
small, the number containing some unpleasant feelings or sentiment 
was larger. The most common NDE feature described negatively in 
this sample was the decision to return to the body.

There are various advantages to using a computational approach 
similar to the one employed in this study. These include speed, scal-
ability, and reliability. Future researchers of sentiment analysis of 
NDEs should consider aspect- based sentiment analysis— including 
only text referring specifically to NDE phenomenology— with a lexicon 
modified for use with NDE narratives. These alterations would enable 
more accurate estimates of the sentiment and enable researchers to 
distinguish between, on the one hand, sentiment associated with the 
NDE itself and its various elements and, on the other hand, sentiment 
associated with the description of the circumstances surrounding the 
NDE. 
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