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Abstract

Dreaming is a fundamental but not fully understood part of human experience.
Traditional dream content analysis practices, while popular and aided by over 130
unique scales and rating systems, have limitations. Often based on retrospective
surveys or lab studies, and sometimes on in-home dream reports collected over some
days, they struggle to be applied on a large scale or to show the importance and
connections between different dream themes. To overcome these issues, we
conducted data-driven mixed-method analysis identifying topics in free-form dream
reports through natural language processing. We applied this analysis on 44,213
dream reports from Reddit’s r/Dreams subreddit, where we uncovered 217 topics,
grouped into 22 larger themes: the most extensive collection of dream topics to date.
We validated our topics by comparing it to the widely-used Hall and van de Castle
scale. Going beyond traditional scales, our method can find unique patterns in
different dream types (like nightmares or recurring dreams), understand topic
importance and connections (like finding a greater predominance of indoor location
settings in Reddit dreams than what was in general stipulated by previous work), and
observe changes in collective dream experiences over time and around major events
(like the COVID-19 pandemic and the recent Russo-Ukrainian war). We envision that
the applications of our method will provide valuable insights into the complex nature
of dreaming and its interplay with our waking experiences.
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1 Introduction

Dreaming is a fundamental human experience and a cornerstone of sleep psychology, yet
its underlying mechanisms remain elusive. The fascination with the contents and meaning
of our dreams dates back to early human civilizations [1], but despite significant progress
in dream research, fundamental questions about the physiological and psychological func-
tions of dreaming remain unanswered, leaving us to ponder the question: why do we dream
[2]? One step closer towards answering this question is to understand the nature of what
we dream. This question is important not only in that it could help us understand the fun-
damental function of dreams but also as it offers a window into our psyche and what is
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prominent in people’s minds in a given time. Dream content is composed of fragments of
waking life experiences and events [3], but these are not veridical replays [4, 5].

One popular approach to investigating dream content systematically is through content
analysis [3]. This is a family of methods that analyze quantitatively the elements present
in dreams to answer specific questions, such as whether depressed individuals experience
more rejection in their dreams [6], how dream content changes from teenage years to
adulthood [7], or whether in the times of collective health crises there is a shift in the
medical symptoms people dream about [8]. Although these studies may seem narrow in
scope, they collectively provide a critical foundation for addressing the overarching ques-
tion of why we dream. The importance of content analysis is evidenced by the development
of over 130 scales and rating systems for dream content analysis [9]. Early scales tended
to score based on the raters’ subjective interpretation of dream symbolism and rarely re-
ported inter-rater reliability [10]. Dream research became more systematic with the devel-
opment of the Hall and van de Castle method [10], a quantitative system that scores dream
reports based on the frequency and type of characters, interactions, activities, emotions,
settings, and objects present in the dream. This method relies solely on the dream reports
and does not use any additional information provided by the dreamer. Studies using the
Hall and van de Castle scales have revealed consistent patterns and norms in dream con-
tent across different groups of people, such as gender, age, culture, and personality. For
instance, women tend to dream more about family members, friends, and indoor settings,
while men tend to dream more about strangers, violence, and outdoor settings. Moreover,
research using these scales has demonstrated that dream content correlates with an indi-

vidual’s waking concerns and interests, such as work, relationships, hobbies, and fears [7].

1.1 Limited scope and representativeness of existing dream content scales

Traditionally, dream researchers had to manually sift through large numbers of dream
reports to gain insights into the range of dream topics [10]. Even with recent develop-
ments in automated dream analysis [11], most studies continued to rely on experimenter-
driven content searches, i.e., supervised approaches for content analysis, such as the Hall
and van de Castle method. These methods involve the use of predetermined categories
that are often biased towards existing knowledge of dreams. On the other hand, dreams
are often characterized as bizarre, involving impossible or improbable events that deviate
from everyday experiences [12], which may not fit within the predetermined categories
established in the literature. As a result, current approaches to dream analysis may miss
important aspects of dream content that fall outside of these predetermined categories.
In contrast to traditional methods of dream coding, unsupervised theme discovery from
dream reports may provide a fresh perspective and a more comprehensive understand-
ing of the categorization of dream content and its relationship with waking life events.
Furthermore, previous studies predominantly relied on dream reports collected through
retrospective surveys that are susceptible to memory biases, and laboratory studies that
may be confounded by the strong impact of the laboratory setting on dream content [13].
Those studies that proactively collected in-home dream reports over a period of time are
fewer and are limited by the number of dream reports that could be collected in such a way.
Therefore, a more ecologically valid approach to studying dream content at the population

level is necessary.
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1.2 Unsupervised mixed-method analysis for dream content discovery

Our study addresses the identified research gap (i.e., limited scope and representative-
ness of dream content scales) by demonstrating an application of an unsupervised mixed-
method approach for dream content discovery to new large-scale data that more closely
approximates spontaneous dream recollections than most previous studies. To achieve
this, we i) leveraged recent advances in Al for Natural Language Processing (NLP) and ii)
used a crowd-sourced dataset of dream self-reports from the r /Dreams community on
Reddit. Instead of pre-determining the concepts of interest, this method discovers topics
emerging from the dream reports. Dream experiences shared on r/Dreams are reported
by a various set of users when they felt the need to do so and not as part of a prede-
termined study plan, enabling us to collect a large set of dream reports and conduct an
ecological study. We collected over 44K dream reports from more than 34K Reddit users
over the past five years, and applied the BERTopic method [14] to automatically discover
topics in each dream report. We then built a taxonomy revealing 22 themes that can be
broken down into 217 specific topics. Confirming its validity, we found that most of the
themes in our taxonomy align with the dream element categories present in the Hall and
Van de Castle scale, but the specific topics inside those themes provide a description of
dreams that is much more detailed. Going beyond what was possible with existing scales,
our method also allowed to uncover the prevalence, importance, and relationships among
specific topics and themes.

To demonstrate the applications enabled by this method, we used the metadata from
the r/Dreams community, and classified dreams into four types: nightmares, recurring
dreams, vivid dreams, and lucid dreams. Our analysis revealed that each type of dream has
distinct characteristics and prominent topics. Notably, nightmares were associated with
scary and shadowy imagery, and sexual-assault scenes. Vivid dreams featured rich ex-
pressions of feelings and topics inducing extreme emotions such as pregnancy and birth,
religious figures, war, and aliens. Lucid dreams were characterized by topics of control,
and by an overarching theme of mental reflections and interactions. For recurring dreams,
we found that the most salient topics were dating, sex, and cheating, with recurring themes
related to school and mentions of parts of the human body. Additionally, we investigated
the relationship between dream topics and real-life experiences by studying the evolu-
tion of topics over the past five years. Our findings showed that the COVID-19 outbreak
coincided with a gradual and collective shift in dream content. r/Dreams users started
to dream less about people and relationships, feelings, sight and vision, outdoor locations,
and movement and action, and more about the human body, especially teeth and blood,
violence and death, religious and spiritual themes, and indoor locations. Similarly, after
the war in Ukraine started, the topics about soldiers and nuclear war both peaked.

2 Results

Figure 1 outlines the framework of our study. It consists of the following stages: 1) data
preprocessing, which includes collecting dream reports, ideally in an ecological setting,
and using NLP methods for cleaning the content; 2) topic modelling, a three-step process,
which is where we automatically discover topics and themes; and tag the dream reports
with these labels. Once this stage is completed, various applications are supported, and we
demonstrate three of those: 3) building a dream topics taxonomy, which allows to uncover
the relationships between individual themes and topics, as well as the frequency of each
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Figure 1 The framework of our study. Stage 1. involves data curation. Stage 2. consists of three steps that are
the core of our proposed unsupervised mixed-method approach for dream content discovery: Step 2.1 is
topic extraction using unsupervised BERTopic method, Step 2.2. is grouping similar topics into themes, and
Step 2.3 is a semi-manual filtering and adjustment step to preserve only relevant dream-content. Stages 3.-5.
demonstrate various applications enabled by our methodology, such as 3. uncovering the topic taxonomy in
a particular dream report collection, 4. finding topics and themes that are specific to a given subset of dream
reports in the given collection, and 5. tracking topic and theme trends through time

of them in the dream collection; 4) finding topics and themes by dream types, which uses
the proposed measure of topic or theme importance in a dream and odds-ratio analysis
to discover topics that are specific to a dream type (or any other dream reports subset of
choosing), and 5) finding topics and themes through time, which uses the proposed topic
or theme importance in a dream to quantify the prevalence of dream topics and themes
through time.

2.1 Reddit dream reports

In the established literature of dream analysis, dream reports are defined as “the recollec-
tion of mental activity which has occurred during sleep” [2]. To gather a dataset of such
reports, we turned to Reddit, a social media platform organized in communities known
as subreddits. Using the PushShift API [15], we collected data from r/Dreams — a sub-
reddit where members share their dreams and engage informally in their interpretation,
which is common in therapy contexts [16], as well as in providing social and emotional
support to other members.

The r /Dreams subreddit was established in September 2008, and as of June 2022, it had
accumulated 280K subscribers. We collected over 185K posts published on r/Dreams
from March 2016 to September 2022; prior to 2016, the community was almost inactive
(Fig. 2 (a)). Authors on r/Dreams annotate their posts with one or more tags selected
from a fixed set of community-specific labels called flairs. Flairs on r/Dreams denote
posts that contain dream reports of a given type (short dream, medium dream, long dream,
nightmare, and recurring dream) or posts that contain discussions about dreams in gen-
eral (e.g., dream help, dream art, or question). To ensure that we considered only posts
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Figure 2 Reddit dream reports statistics: (a) number of reports of different types through time, and (b)
number of reports per dreamer

Table 1 Dream reports statistics for the data from March 2016 to September 2022

Dream type Alldreams  Vivid dreams Nightmares Lucid dreams Recurring dreams Other dreams
# dream reports 44,213 3962 9823 2272 7597 24,673

# users 35,006 3819 8959 2107 7201 19,466
Mean # sentences 17 +18 25+23 20+ 20 27 £27 14+16 16+ 16
Mean # words 290+ 285  434+£382 341 +£323 465+424 253 £ 256 263 + 255
Mean # characters 1455+ 1444 2192 £1951 1713 £ 1640 2343 +£2152 1274 £1299 1319 £ 1289
Median # sentences 12 18 14 19 10 11

Median # words 205 325 252 338 178 186

Median # characters 1023 1636 1258 1697 895 930

that contained dream reports, we only kept the 44,213 unique posts tagged with dream-
type flairs (Table 1). Different dream categories are not mutually exclusive, but they can
overlap (Figure S1). Out of our 44,213 dream reports; 24,673 do not belong to any of the
aforementioned categories (other dreams in Table 1), and the remaining ones belong to at

least one. In our analysis, a dream report was the concatenation of the title and body of
each of the Reddit posts.

2.2 Unsupervised mixed-method dream content discovery

The core part of our framework shown in Fig. 1 is the unsupervised mixed-method
topic modelling approach and it involves: 2.1) extracting topics using an advanced NLP
topic model, such as BERTopic [17]; 2.2) grouping topics into themes using a clustering
method to group embedding representations of individual topics discovered in the pre-
vious step into themes, and 2.3) filtering non-dream content and adjusting themes, which
is a mixed-method part of the proposed methodology, requiring human, ideally dream
experts knowledge to filter out topics or themes that do not pertain to the actual dream
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Table 2 Top 20 topics by the number of dream reports in which they are found. The number of
dreamers who dreamt of these topics is also shown

Topic # dream reports # dreamers
lady, face, looked, head 13,020 11,356
dream, girl-dream, dreamt, have 6785 6337
lights, sun, pitch-black, wearing 4950 4488
mall, restaurant, eating, ice-cream 4660 4114
bus, driving, cars, train-station 4291 3966
ex, years, dating, talk 3786 3590
kitten, lion, birds, owl 3281 3060
dreams-mean, staring, talk, people-dream 3194 3018
beach, ocean, swim, river 3119 2900
doors, house, rooms, mansion 2984 2741
death, died-dream, going-die, death-dream 2825 2711
classroom, teachers, principal, student 2769 2565
dream-dad, dad-dream, dream-mom, mom-dream 2327 2197
mum, aunt, mom-came, called-mom 1893 1793
felt-real, dream-felt, real-dream, real-like 1840 1769
dream-ends, story, endings, recurring-theme 1677 1584
know-make, sure-dont, know-think, know-sure 1649 1580
school-dream, dream-school, college, dream-high 1632 1553
creature, bite, mouth, face 1621 1555
path, garden, hills, plants 1595 1494

content, as well as to adjust any topic to theme associations, if needed. For more details
about any of the steps of our approach, please refer to the Methods section.

2.3 Taxonomy of reddit dream topics

Using the topic modeling techniques, we have identified 217 semantically-cohesive topics
that emerged from the dream reports analyzed (details in Methods). We assigned to each
dream report the list of unique topics that our model was able to extract from the report
text. The distribution of number of dreams associated with a topic is broad (Figure S5),
with only 38 topics being associated with at least 1000 dream reports. Table 2 shows the
20 most frequent topics.

To offer a more concise representation of dream topics, we automatically clustered the
217 fine-grained topics into 22 themes (see Methods), which we then manually parsed to
assess their conformity to categories from the dream coding system by Hall and Van de
Castle (HVdC). HVdC defines 12 categories and several subcategories of elements empir-
ically relevant for quantitative dream analysis. All themes but one (a miscellaneous theme
containing diverse topics) matched some HVdC category or subcategory (Table 3).

At a high level of abstraction, HVdAC views the dream as (i) a cast of characters, (ii) inter-
acting with each other, while being immersed in (iii) some background setting. These three
aspects emerged in the most prominent themes extracted from Reddit dream reports. The
largest theme, both in terms of the number of topics it contains (17) and the number of
dream reports associated with it (20K), is People and relationships. The main topics in-
cluded in this theme are family members and relationships, and intimacy and romance (see
Table 3 and Table S1). Characters and interactions are also represented in themes concern-
ing Animals, Supernatural entities, and Religious and Spiritual, which map directly to the
two HVdC subcategories of Animals and Imaginary Characters. Interactions respectively
of aggressive and friendly type are represented in the themes Violence and Death and Life
Events. The second most frequent group of themes involves events or elements that are
typical of well-characterized places, such as home or the workplace. Among them, the
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most prominent theme is Indoor locations, which includes 16 topics such as house, hos-
pital, and mall. These themes map to different subcategories of the HVdC category of
Settings.

The remaining themes correspond to the categories of Activities, Objects, Emotions,
and Time in the HVdC framework. With respect to Activities, Reddit users more fre-
quently reported their mental activities and perceptions, rather than physical actions,
when recounting their dreams. Specifically, visual and auditory sensory experiences were
often recounted. The most commonly described categories of Objects included body parts
(often with gruesome details) and personal objects, with a particular emphasis on tech-
nological devices such as phones or elements from virtual worlds of computer games.
Emotions were represented by a single theme, characterized by common formulas for de-
scribing emotions of any type, with negative emotions being more prominently featured.
Finally, while one theme captured temporal scales, such references were infrequent, ap-
pearing in fewer than 1000 dreams.

Some of the HVdC categories did not map directly to any of the themes in our taxonomy.
This is the case with Misfortune/Fortune, for example. We found that these types of events
are usually reported as elements in dreams that were predominantly characterised by other
themes, such as Life events, People and relationships, or Violence and death, for example.

The emerging themes in the dream reports do not exist in isolation; they often co-occur
in the same reports and jointly construct their narratives. Figure 3 presents the backbone
of the network of co-occurrence of these themes, where the connections between themes
are weighted proportionally to the number of dreams in which they co-occur. People and
relationships and Indoor locations are the most frequent and central themes, occurring
often with many other ones. Feelings are mainly associated with actions and relationships
rather than objects or settings; conversely, sensory elements are more associated with set-
tings, especially outdoor locations. Some of the central topics, such as relationships and
emotions, are highly valued in rating scales by dream researchers. However, other themes,
such as indoor/outdoor settings, are frequently omitted in HVdC coding research.

Besides the prominence of both types of settings, their proportions differ somewhat.
Our data show a greater predominance of indoor settings, while HVdC norms indicate
lower levels of indoor settings [10]. This difference could reflect our data, which includes
two years of the COVID pandemic, whereas the comparison HVdC studies do not.

Our findings challenge traditional dream analysis literature that found males mostly
dream of male characters [18]. The two most recurring topics in our data concern the
presence of female characters in dreams, despite the young male dominance in the Red-
dit user base [19]. A possible reason for this contradicting finding could have to do with
HVdAC ratings not being exactly equivalent to ours. In our method, the strength of associa-
tion of a dream with topics concerning male characters and indoor settings is stronger the
more mentions of male characters and indoor settings appear in the report. Conversely,
in HVdC, a male character who is mentioned only once in the dream gets the same score
as one who is referred to in every sentence of the report. Likewise, an indoor setting is
scored in the same way regardless whether it is inferred from one mention in the dream
or whether the dream account is largely a description of an indoor setting. In that sense,

our methods allows for a richer characterisation and quantification of dream content.
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Table 3 Dream themes we identified and their example topics linked to the corresponded Hall/Van
de Castle categories. The themes are grouped based on the categories to which they were
associated (e.g., People and relationships, Animals, Supernatural entities, and Religious and spiritual
themes were linked to categories within Characters and Imaginary Objects)

Theme

Top-3 topics under this theme

# topics# dreams# dreamersHall/Van de Castle cat.

People and
relationships

Animals
Supernatural
entities

Religious and
spiritual

Indoor locations

Outdoor locations

School

Work
Weather,
esp. storms

Mental reflection
and

interactions
Sights and vision

Movement and
action

Sounds and
lack thereof

Violence and
death

Life events

Personal objects

Media and tech

Human body,
esp. teeth
and blood
Space

Feelings

Time, time travel

and timelines

Other topics

lady, face, looked, head

dream, girl-dream, dreamt, have

ex, years, dating, talk

kitten, lion, birds, owl

spider, maggots, batman, thanos
snakes, alligator, turtle, bite

creature, bite, mouth, face

shadows, shadowy-figure, dark-figure
zombies, zombie-apocalypse, outbreak
demons, devil, monster, demonic
church, cult, lot-people, dream-god
demon, devil, demons, angel

mall, restaurant, eating, ice-cream

bus, driving, cars, train-station

doors, house, rooms, mansion

beach, ocean, swim, river

path, garden, hills, plants

cave, tunnels, underground, tower
classroom, teachers, principal, student
school-dream, dream-school, college
tests, failed, exam, professor

new-job, boss, jobs, shift

rain, tornado, hurricane, started-raining
snow, snowing, cold, winter

tornado, storms, april, category
know-make, sure-dont, know-think
yeah, like-wtf, hell, like-fuck
asked-doing, tell, help, begged

lights, sun, pitch-black, wearing
reflection, looked-mirror, looking-mirror
blinded, vision-blurry, blur, recite

left, wanted-leave, time-leave, home
continued-walking, continue, street
run, started-running, run-like, sprinting
singing, songs, lyrics, stage

voices, heard-voice, hear-voice
footsteps, ghost, noises, ringing
death, died-dream, going-die, death
pistol, shooting, shot-head, shotgun
police, officer, officers, kidnapped
birth, babies, pregnancy, newborn
party, invited, having-party, brother
giving-birth, dreamt, dream, twins
dressed, mask, naked, clothing
phones, ringing, check-phone, battery
pages, pen, ink, letters

theater, anime, movie-like, tv
minecraft, games, vr, game-like
game-dream, dream-playing, vr, games
blood, skin, humanoid, arms

teeth, falling, tongue, pain

teeth, tooth, falling, gums

sun, earth, eclipse, phases

space, space-ship, nasa, oxygen
meteors, earth, asteroid, coming
felt-real, dream-felt, real-dream, real
woke-crying, started-crying, crying
feel-pain, painful, pain-dream, felt-pain
timeline, time-travel, time-skip, like
time-travel, dream-world, universes
noon, 00 am, early-morning, evening
dream-ends, story, endings, recurring
huge, inches, like-size, big-small

pov, 3rd-person, person-perspective

17 20786
13 5546
1M 3436
7 2859
16 13890
6 5020
3 3639
1 1077
3 1037
18 6808
1M 6185
12 3457
7 3125
15 8203
6 2230
17 4639
6 2970
5 2163
3 448
16 6351
3 777
21 5475

17,798

5048

3173

2697

11,868

4539

3352

1024
985

6157
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3208

2892

7523

2134

4135

2677
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5018
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Figure 3 The taxonomy of dream themes that we automatically uncovered — a map of dreams. Nodes
represent dream themes (i.e., groups of topics); node size corresponds to the frequency of the theme in our
reports; node color represents the theme centrality in the network (the color scale goes from light yellow to
green to dark blue, and the darker the color, the more central the topic); finally, edge thickness corresponds to
the frequency of co-occurrence of the theme topics in the dream reports

2.4 Topics and themes by dream type
Using odds ratios (see Methods), we uncovered that certain topics (Table 4) and themes

(Fig. 4) appeared more frequently in dreams of specific types.

2.4.1 Topics and themes in nightmares

Results in Table 4 revealed among the top topics specific for nightmares, keywords such as
shadows, rape, sexual-assault, scary, creepy, violence, demons, 911, and blood. In terms of
themes, Religious and spiritual is the most prominent in nightmares, followed by Feelings,
Supernatural entities, and Violence and death, while the least prominent ones were Media

and tech and Time, time travel and timelines.

2.4.2 Topics and themes in vivid dreams

Results presented in Table 4 reveal among topics specific for vivid dreams, keywords such
as felt-real, religious, felt-right, felt-wrong, apocalyptic, felt-pain, baby birth and pregnancy,
aliens, mirrors, and nuclear war. This has translated into the most prominent themes being
Feelings, followed by Sights and vision and Life events.

2.4.3 Topics and themes in lucid dreams

Results presented in Table 4 reveal among topics specific for lucid dreams, keywords such
as control, alternate-reality, and reflection and mirrors, felt-real, couldnt-speak, falling,
heard-voices and demon. When considering themes, Mental reflection and interactions,
followed by Movement and action, Sights and vision, and Feelings were the most promi-
nent.
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Table 4 Odds-ratio (OR) analysis of individual topics in the four dream types. The OR scores are equal
to the probability of the topic appearing in dreams labeled with a given dream type (e.g., nightmare),
divided by the same probability calculated on dreams that are not labeled with that type. Scores
higher/lower than one indicate that dreams of the given type feature the topic more/less often than
other dreams. Unlike in Fig. 4, in which we reported OR across themes; in this table, we report OR
across individual topics to finely characterize a certain dream type by a list of specific topics

appearing in it

Topics OR
- Vivid dreams
Topics OR felt-real, dream-felt, real-dream, real-like 2104
Nightmares religious, atheist, catholic, supernatural 1722
shadows, shadowy-figure, dark-figure, entity ~ 3.986  feel-right, felt-wrong, wasnt-right, feel 1.649
rape, sexually-assaulted, abuse, nightmares 3.184  apocalyptic, dream-end, world-dreams, 1614
wasnt-scary, scary-just, frightening, scariest 3017  earth
really-creepy, weird-creepy, creepiest, 2.880 feel-pain, painful, pain-dream, felt-pain 1.500
sounds know-knew, knew-didnt, knew-dont, 1473
tw, warning, nsfw, sexual-assault 2799  known
violent, disturbing, dreams-past, 2476  birth, babies, pregnancy, newborn 1.456
weird-dreams aliens, invasion, grey, race 1.445
demons, devil, monster, demonic 2455  path, garden, hills, plants 1435
escape, escaped, way-escape, 2421 reflection, looked-mirror, looking-mirror, 1419
managed-escape mirrors
911, dial, emergency, ambulance 2405  giving-birth, dreamt, dream, twins 1.356
dolls, porcelain, voodoo, haunted 2267  nuke, war, fires, missile 1.313
panic, panicking, panicked, started-panic 2.26 Recurring dreams
footsteps, ghost, noises, ringing 2235 (heating, having-dreams, dream-boyfriend, 6349
feel-pain, painful, pain-dream, felt-pain 2.207 relationship
blood, like-blood, covered-blood, splatter 2204 ex-boyfriend, dreams, having-dreams, 4021
paralyzed, able, speak, couldnt-speak 2.109 relationship
lungs, couldnt-breathe, like-couldnt, heart 2012 teeth, tooth, falling, gums 3760
serial-killer, dream-killing, killed-dream, 1.956 school-dream, dream-school, college, 3084
killers dream-high
blinded, vision-blurry, blur, recite 1889 house-dream, dream-house, apartment, 2.966
demon, devil, demons, angel 1886 (hildhood-home
feel-right, felt-wrong, wasnt-right, feel 1.771 ex, years, dating, talk 2462
Lucid dreams dreams-mean, staring, talk, people-dream 2.087

control, couldnt-control, control-body, 4.119  dream-ends, story, endings, 2.047
hopeless recurring-theme
universes, alternate-reality, 2.82 dream, girl-dream, dreamt, have 1.974
different-dimension, travel apocalyptic, dream-end, world-dreams, 1912
reflection, looked-mirror, looking-mirror, 2702 earth
mirrors time-travel, dream-world, universes, 1.857
felt-real, dream-felt, real-dream, real-like 2.196  dream-time
paralyzed, able, speak, couldnt-speak 2052  crush, falling-love, fell-love, fall-love 1.799
falling, hit-ground, fall-ground, let-fall 1979  teeth, falling, tongue, pain 1.788
know, okay, yeah, know-going 1.855  rape, sexually-assaulted, abuse, nightmares 1.679
voices, heard-voice, hear-voice, voice-head 1.627  paralyzed, able, speak, couldnt-speak 1.658
dont-want, needed, doing-dont, 1.535  flying, airport, helicopter, planes 1.625
remember-doing sex-dream, sexual, wet-dream, dream-sex 1.624
demon, devil, demons, angel 1.355  serial-killer, dream-killing, killed-dream, 1.556
flying, airport, helicopter, planes 1.355  killers

room-starts, walking, family, house-starts 1517

doors, house, rooms, mansion 1.465

2.4.4 Topics and themes in recurring dreams

Results in Table 4 revealed among the top topics specific for recurring dreams, keywords
such as cheating, ex, teeth, school, house and apartment, time-travel, and sex-dreams.
Looking at the themes, we found School, Human body, especially teeth and blood, and

Other topics (size, smell, apocalypse, etc.) being those that characterize recurring dreams.
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Figure 4 Odds-ratio (OR) analysis of themes in the four dream types. The OR scores (y-axis) are equal to the
probability of the theme (x-axis) appearing in dreams labeled with a given dream type (e.g., nightmares),
divided by the same probability calculated on dreams that are not labeled with that type. Scores higher/lower
than one indicate that dreams of the given type feature the theme more/less often than other dreams

2.5 Topics and themes through time

Finally, we studied the evolution of topics and themes over time. We focused on the period
with at least 300 monthly dream reports, namely from January 2019 to September 2022
(Fig. 2 (a)). We found that soon after COVID-19 started, there was a gradual collective
shift in the content of dreams from r/Dreams (Fig. 5).

At the very beginning of the COVID-19 outbreak (February-March 2020), and even
more so after the first peak of recorded deaths (April 2020), people gradually dreamt less
of Sight and vision, Outdoor locations, Movement and action, and Mental reflections and
interactions, while they dreamt more of Religious and spiritual figures, Indoor locations,
and Human bod)y, especially teeth and blood. An example dream from this period talks
about “spitting teeth and cornea onto the palm” We found a sharp decrease in the fre-
quency of Life events topics in February 2020, while in March 2020 there we recorded
a peak of mentions of Human body, especially teeth and blood, which are predominantly
found in nightmares, as our previous analysis showed. These trends continued throughout
the time of the COVID-19 second death peak (January 2021), from when we also detect
a stark decrease in dreams of other People and relationships, Feelings, and, for a while, of
Animals and Work.

Finally, the start of the war in Ukraine (February 2022), is associated with a strong transi-
tion on the content of people’s dreams towards violent topics. We found a sharp increase in
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Figure 5 Temporal evolution of themes. The value of each cell is proportional to the average importance of a
theme t across all the dream reports posted on a given month m (s, in Formula (4)). The importance of a
theme in a dream is defined as the fraction of sentences in the dream report that belong to that theme (/¢ in
Formula (2)). Values are standardized within each theme (z, ., in Formula (5)) so that positive (negative) values
encode values of importance that are higher (lower) than the global average for that theme. Last, we
smoothed values over a window length of 5 months to reduce noise (Zrm in Formula (6)). During period 1)
themes of Sight and vision, Outdoor locations, Movement and action, Mental reflections, Life Events, Space, and
Work plummeted, while in period 2) also the themes of People and relationships and Feelings dropped. During
period 3) we see an increase in the themes such as Supernatural entities, Human body, especially teeth and
blood, Religious and spiritual, Indoor Locations, and Violence and death; 4) the last two themes (Violence & death
and Other) peaked around the time of the start of the war in Ukraine

topics from the themes of Violence and death, as well Other topics (size, smell, apocalypse,
etc.). Example dreams from the former group talk about “being a murderer;,“tooth falling

“«

out” and “getting shot in the head.” Example dreams from the second group talked about
“temple spirit monster; and “being attacked by an opossum.” The changes in response to
external events were also evident at the level of individual topics, such as those about sol-
diers and nuclear war, which both peaked after the war in Ukraine started (Fig. 6). Another

theme that also started increasing in frequency after the war start is Indoor locations.

3 Discussion

The current study advances the field of dream science by implementing a new method-
ology to study the content of dreams in a more objective and ecological manner and also
showcasing how this method can generate new insights into dreams.

3.1 Reddit as a source of dreams

Prior dream research has relied heavily on traditional laboratory, survey, and diary meth-
ods. Laboratory studies benefit from monitoring participants with PSG and waking them
directly from REM sleep [20], which is known to increase dream recall drastically [21].
However, these dreams are not representative of natural dream content, as they are highly
influenced by the laboratory setting [13]. Survey studies avoid this contextual bias on
dream content, but often ask of a “recent” dream, which might be days or weeks prior
to the survey response, thus suffering from memory distortion. Lastly, diary studies track
dream content in a participant sample through morning diaries [22]. While these studies
benefit from having dream content collected from ecological settings and with less retro-
spective bias, these studies are often limited by small sample sizes due to the high burden
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Figure 6 Temporal evolution of two selected topics: soldiers, hitler, russia, world-war and nuke, war, fires, missile.
Smoothed z-scores Zt’m (y-axis) of a topic's importance at a given month (x-axis) are shown for the period
from January 2019 to September 2022. The values Z[’m are proportional to the average importance of the
topic t across all the dream reports posted on a given month m (/; ,, in Formula (4)). The importance of a topic
in a dream is defined as the fraction of sentences in the dream report that belong to that topic (/t4 in

Formula (2)). Values are standardized within each topic (z/r’m in Formula (5)) so that positive (negative) values
encode values of importance that are higher (lower) than the global average for that topic. Last, we
smoothed values over a window length of 5 months to reduce noise (Z/rm in Formula (6)). Both topics peaked
around the time when the conflict in Ukraine started

of participation. In the current study, we extracted morning dream reports from social
media, thus capturing dreams in an ecological setting and also at a much larger scale.
While other studies have investigated dedicated online dream forums [23]. Reddit is one
of the most popular social media sites and its usage continues to grow at higher rates than
specialized forums, suggesting that the current approach might continue to be a source of
population dream content for scientific analysis.

3.2 Unsupervised generation of dream themes

In using this ecological data source to generate common dream themes, our results com-
plement previous studies using more traditional survey methods. Though it is widely ac-
cepted that dream content varies based on individual personality and cultural differences,
previous research suggests there might also be thematic “universals” that appear in a dis-
proportionately high amount of dreams. Universal dream themes are typically quantified
using surveys with predetermined thematic content developed by the researcher [24, 25],
which are biased towards existing knowledge of dreams. In the current study, our unsu-
pervised approach to developing common dream themes confirms some previously de-
veloped themes while also offering more specificity within them. For example previous
survey studies using the Typical Dreams Questionnaire [24] or Dream Motif Scale [25]
have identified common dream themes of failure, paranoia, snakes/insects and animal
symbolism, alien life, fighting, and sex. Our results identified similar themes, while of-
fering a finer-grained view with the subtopics that formed each theme. For example, we
observed a popular theme of animals, and animal subtopics included what might be pos-
itive animal dreams (kitten, birds) and negative animal dreams (spider, maggots; snake,
bite). It is difficult to compare the ranking of our dream themes with prior work, since
prior work is heavily-dependent on the method of data collection [26]. A notable advance
of our approach is the ability to “map out” the relationship between dream themes pres-

ence. The co-occurrence of common themes has not been studied extensively before, and



Das et al. EPJ Data Science (2025) 14:40 Page 14 of 27

future work comparing the co-occurrence of waking and dreaming themes might help to
uncover what is truly unique about dream content.

3.3 Phenomenology of dream types

Dreams are highly varied experiences, and have long been grouped into subclasses or types
of dreams (e.g., nightmares, lucid dreams). However, these dreams are often defined by a
single feature (e.g., nightmares as intensely negative dreams) and the phenomenological
variety within each subtype is not well understood. The present results offer new insights
into the consistent-yet-variable content of nightmares, lucid dreams, vivid dreams, and
recurring dreams, some of which have important clinical implications.

Nightmares are defined as intensely negative dreams, sometimes with a secondary re-
quirement that they result in a direct awakening [27], and have immense clinical relevance
in post-traumatic stress disorder (PTSD) [28] and other psychiatric diagnoses [29]. Our
observation of keywords relating to sexual assault highlight prior observations of uniquely
episodic event replay in PTSD patients [30], including survivors of sexual assault [31].
The additional observation of increased themes of Feeling and Violence suggest that the
episodic replays are highly emotional recreations of violent events, and the inclusion of
many escape-related words highlights the helplessness felt by many recurrent nightmare
sufferers [32]. For nightmare sufferers, the negative affect during dreams [33] or the dream
recall during the day might increase negative symptoms of other co-morbid diagnoses
(e.g., anxiety) [34]. Lastly, the heightened presence of supernatural entities in nightmares
might relate to the common state of sleep paralysis, an under-studied and cross-cultural
phenomenon that occurs during sleep-wake transitions and frequently involves a feeling
of helplessness amidst a hallucinated “demon” or otherwise frightening figure [35].

Vivid dreams are highly realistic (or similarly, well-remembered) dreams. Our unsuper-
vised approach suggests that vivid dreams are not only realistic (e.g., keywords felt-real,
real-like), but also that these dreams often contain major life events, strong emotions,
and supernatural/religious experiences. Vivid dreams included births and pregnancies,
missiles and war, apocalyptic events, and alien invasions. This dream subtype overlaps al-
most directly with a class of dreams referred to as “big dreams” [36]. Big dreams occur
rarely, but when they do, they are highly meaningful experiences that make a significant
and long-lasting impression on waking life. Thus, our analysis of vivid dreams might be
representative of these dreams, given that they consisted of major life events and religious
experiences that likely influenced future thinking. Interestingly, the presence of an Alien
invasion theme in vivid/realistic dreams suggests that prior reports of UFO abductions
might result from cases of dream-reality confusion [37], where a dreamt abduction is mis-
interpreted as a memory from waking life [38].

Lucid dreams are defined as those that include awareness of the dream while still dream-
ing [39], sometimes with a secondary requirement of having control over the dream [40].
The present unsupervised analysis was consistent with these defining features, with com-
mon themes and keywords in lucid dreams such as mental reflection and control. Addi-
tionally, our results confirm more recent preliminary findings about lucid dream content,
such as frequent episodes of flying [41] and an overlap with sleep paralysis [42]. Though
lucid dreams are generally regarded as more positive in valence than non-lucid dreams
[43—-45], there are more recent reports of extremely negative lucid dreams, or lucid night-
mares [46—48]. Our results offer a cohesive explanation for these differential findings, in
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that we observed a general heightened realness and emotion in lucid dreams (themes of
Feeling and Sights and visions and keywords of felt-real) without attachment to positive or
negative valence. Our recent findings, focused on a different subreddit (r/LucidDreaming)
suggest that positively-valenced lucid dreams are more likely to occur when dream control
is involved [46], and the current results highlight the importance of focusing future clinical
applications of lucid dreaming on the dream control rather than simply awareness of the
dream (see [49] for a review of the clinical efficacy of lucid dreams to treat nightmares).
A recurrent dream is one that is experienced repeatedly, and these have been estimated
to occur at least once in roughly 75% of the population [50, 51]. It is likely that the many
themes and keywords we observed in recurrent dreams are related to waking anxieties or
worries. The limited amount of prior work on recurrent dream phenomenology suggests
that recurrent dreams are primarily related to waking anxieties [52] and other negative
content [53], and also increase in frequency during periods of stress [51, 54]. Our analysis
extends these findings by observing more specific anxieties in recurrent dream content.
The top two themes were related to relationships, particularly negative aspects of rela-
tionships (i.e., cheating, ex-partners), and other common themes were even still related to
relationships (e.g., sex, dating, crush). Other recurrent dream themes were explicitly neg-
ative, and at times ultraviolent; themes regarding serial killers, paralysis, sexual assault,
and the apocalypse suggest that recurrent dreams are far more negative than positive or
neutral. We suspect that many of these recurrent dreams would also be classified as night-
mares (see statistics in Figure S1), and thus our analysis might help future work in the
prediction/monitoring of nightmares via the inclusion of recurrent themes.

3.4 Impact of major events on collective dreams
Previous research has revealed that major personal and cultural events might influence
dream content. For example, an increase in nightmares was observed after the terrorist at-
tacks of September 11th, 2001 [55] and during the COVID-19 pandemic [56, 57]. Dreams
during the COVID-19 pandemic have also been shown to include pandemic-related con-
tent. The present results expand on these prior findings by offering a finer-grained view
into the topical and temporal impact of major events on dreams. Rather than a categorical
increase in nightmares or pandemic-related content, our analysis allowed us to identify
specific sub-themes of pandemic-related topics and how they change over time. During
the COVID-19 pandemic, population dreams transitioned from outdoor to indoor loca-
tions and decreased in social interactions, as did our waking experiences during the pan-
demic. Interestingly, these two effects had qualitatively different time courses, where the
location change of dreams was longer-lasting and more persistent than social changes.
This might reflect the mass adoption of technical communications (e.g., Zoom gather-
ings) that occurred while people were still mostly indoors. These effects are consistent
with prior work showing a continuity between wake and dream content [7, 58] and future
work might evaluate how subtopics contribute uniquely to this continuity [58]. These re-
sults also contribute to hypothesized dream functions, such as the drop in social content
contradicting the Social Simulation Theory that predicts a compensatory effect of social
activity in dreams [59].

While dreams during the COVID-19 pandemic have been investigated at great length
[8, 56,57, 60], much less work has been dedicated to observing the influence of the Russo-
Ukrainian war on sleep and dream patterns. We observed a population increase in negative
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war-related topics (e.g., violence, death) after the start of the war, which is notable because
our social media sample is not expected to be mainly those people who were directly ex-
posed to the war. The association between the war and population dreams could be a result
of international media exposure (see also [55], highlighting a cognitive continuity between
dreams and wake, where it is not daily activities per se, but the thought processes and in-
ternal imagery that predicts dream content). The negative content of population dreams
during the war has important implications, given recent findings that negative dreams,
including specifically dreams of death, are predictive of next-day negative affect [33] and
nightmares have extensive mental health implications [29].

3.5 Limitations

These user characteristics could also influence the self-reported dream types we used as
labels (flairs). However, our manual review of a sample of dreams showed that users’ labels
generally align with expert expectations, and the distinct topics identified across dream
types suggest users typically label their dreams accurately. Furthermore, unlike the clear
associations observed with COVID as a major event, those related to the Ukraine war
may be incidental and would require future research to confirm any effects as the conflict
continued to evolve. Finally, the users of Reddit are not a representative sample of the
general population; they are known to be more male, young, educated, and urbanites [19].

The second limitation is about the elements from dream reports not reflecting the dream
content. Given the free-form social media format, the r/Dreams users would not al-
ways describe only their dream report, but sometimes they would include some contex-
tual information, for example recounting how they felt when they were woken up from
the dream, or how the people they dreamt of are related to them in real life. For example,
a Reddit user might drop in their dream report a sentence like “It was about 5 am when
I woke up from this dream..” Such contextual information is not a direct description of
the dream content, yet it often helps to qualify it and it is therefore useful to our analysis.
Dream researchers analysing a small number of dreams could read through each report
and manually remove such instances to focus on dream content only. Given the automatic
topic extraction method that we employed, such a data cleaning step was not possible.
Some common categories of contextual information that were unrelated to the dream ex-
perience (e.g., the author explaining when they last time met the person they dreamt of,
or what time they woke up from the dream) emerged as independent topics in our topic
analysis and we removed them (see Methods, Clustering Topics).

The third limitation of our work is shared with other content analysis methods [2]. We
inevitably lose some dream information that could not be captured by the topics. This
also means that our approach cannot represent subtle aspects of the individuality of each
dreamer.

3.6 Implications
Our work has three main implications:

3.6.1 Developing an unsupervised dream content analysis method

The development of dream scoring systems has historically favored certain aspects of
dream reports over others, based on assumptions about what are the most emotionally
and socially important dimensions in dream analysis, rather than considering all poten-
tial topics or types of human experiences. Previous attempts to apply machine learning to
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dream content analysis have either replicated existing scoring systems [7] or focused on
specific types of dream content (e.g., symptoms [8]). In contrast, our study used a deep
learning approach that prioritizes no particular topic. By analyzing dream content from
an exclusively linguistic standpoint, we were able to discover and quantify themes that
have not been previously considered.

3.6.2 Uncovering the first ecological taxonomy of dream topics

Our results demonstrate that many of the themes we discovered align with those captured
by existing scoring systems, particularly the Hall and Van de Castle scale, as it includes
topics such as interpersonal relationships, emotions, and friendly and violent interactions.
However, our approach also revealed differences in the frequency of certain topics, such as
a significant category of weather-related topics that have not been previously considered
in any dream scoring system. The significance of weather as a conversational topic varies,
being mentioned as a safe subject for small talk or as the subject of jokes regarding dull
conversations. Nevertheless, considering the evolutionary perspective, weather played a
crucial role during the era of limited shelters and the absence of temperature controls,
which shaped human instincts. Hence, weather likely holds a deep-rooted importance
for our well-being and survival. To sum up, our findings support the continued use of
traditional scoring systems in clinical psychology research and psychotherapy, where there
is a strong rationale for focusing on the more emotional and social content of dreams. At
the same time, our results suggest that Al tools can provide a more detailed and nuanced
understanding of dream content, and may be mature enough to support dream analysts
in their work.

3.6.3 Collaborating with Al in scientific discovery

The AT’s ability to categorize dream content in ways unknown to human researchers is
reminiscent of the scenario when chess and go-playing programs began surpassing hu-
man players. These programs did not merely excel at the strategies employed by humans,
instead, they developed unique strategies that had never been observed by humans be-
fore [61]. It was assumed that humans approached both games based on evolutionary
instincts developed for social interactions, while the Al adopted a more objective per-
spective, solely focusing on the game rules without any assumptions influenced by hu-
man endeavors. Similarly, Al comprehends texts based solely on their intrinsic content,
without filtering them through instinctual categories primarily designed for interactions
during waking states.

4 Materials and methods

4.1 Data pre-processing

For the purpose of topical analysis, we employed the en core web sm model from
Spacy [62] to segment dream reports into individual sentences. The corpus consisted of
44,213 dream reports, for a total of 761,619 sentences. On average, each dream report con-
tains 17 sentences and 290 words. Notably, recurring dreams tended to be shorter, with
14 sentences and 253 words, while lucid dreams were longer, with 27 sentences and 465
words (Table 1). It is worth mentioning that the distribution of dream reports was not
concentrated among a few individuals; the majority of users shared a single dream report,
whereas only a small group of frequent users contributed more than 30 dream reports

(Fig. 2 (b)).
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We discarded the top frequent 10,000 sentences with the fewest characters. These sen-
tences typically contained non-dream related content, such as greetings to the reader
(hello, hi, etc.), sentences consisting solely of special characters, and similar instances.
This step of removing a significant number of sentences that were not relevant to the
dream report itself ensured that our subsequent labeling process for non-dream topics
was sufficient to preserve predominantly dream topics.

4.2 Topic modelling

Our topic modelling procedure consisted of the following five core steps: i) extracting top-
ics, ii) grouping topics into themes, iii) building dream topics taxonomy, iv) finding topics
and themes by dream type, and v) finding topics and themes through time. In addition to
the core steps, our procedure includes filtering and validation steps to ensure high-quality
topics and themes, prior to constructing the dream topics taxonomy.

4.2.1 Extracting topics

BERTopic [17] is largely based on a neural model that is designed to identify latent top-
ics within document collections. Unlike conventional topic modeling techniques such as
Latent Dirichlet Allocation, BERTopic leverages semantic information by utilizing em-
beddings as an initial step to cluster documents into semantically cohesive topics. Each
discovered topic in BERTopic is described by a list of 10 topic words, which are the most
distinctive words associated with that particular topic. The topics are numbered based on
their frequency rank, indicating their prevalence within the corpus.

In its default configuration, BERTopic assigns a single topic to each document. How-
ever, our manual inspection of the dream reports revealed that most dreams cannot be
adequately characterized by a single topic. Instead, they often encompass multiple topics,
such as the dream’s location, the people involved, and the emotions experienced by the
dreamer. Additionally, dreams are known for combining various elements from waking
experiences, resulting in a sense of bizarreness. To address this, our initial alternative was
to modify BERTopic to associate a distribution of topics with each dream report. We tested
this approach by allowing up to ten topics per report. Subsequently, we applied a thresh-
old to the probabilities associated with each topic to identify the relevant topics for each
report. However, we encountered two issues with this method. Firstly, due to the substan-
tial variability in the length of dream reports, we often missed relevant topics in longer
dreams. Secondly, even with varying the threshold, over 55% of dreams ended up being
associated with no topic, resulting into a considerable loss of data. To mitigate this issue,
we opted to consider individual dream sentences as input documents for BERTopic. Ap-
plying BERTopic at sentence-level is a practice recommended by the BERTopic authors on
the official website of the tool. Such a solution enabled us to associate over 88% of dream
reports with at least one topic.

To establish robust topic representations, we configured the hyperparameters of
BERTopic. We set the minimum frequency threshold (min_ df) to 10, ensuring that a
word appears in at least 10 sentences before it is considered for inclusion in the topic rep-
resentation. This criterion helped to ensure that topics were formed based on words with
a reasonable level of occurrence within the dream reports. Additionally, we employed the
Maximal Marginal Relevance (MMR) algorithm with a diversity parameter set to 0.4. The
MMR algorithm was utilized to enhance the diversity of the topic words, preventing a
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dream’s topic representation only from near-synonyms. By incorporating this diversity
measure, the resulting topics encompassed a wider range of relevant terms, capturing
distinct aspects and avoiding redundant or similar descriptions within the topic represen-
tation.

Our model successfully extracted a total of 288 topics which included both dreaming
and non-dreaming subjects. An exhaustive manual inspection of the topic words demon-
strated a significant degree of semantic coherence across the majority of topics: for most
topics, the top four topic words provided sufficient information to understand the essence
of the topic. To ensure topic specificity, we excluded all instances of the terms “dream”
and “dreams” from the list of topic words associated with each topic. Furthermore, we ag-
gregated topics related to multiple sentences within the same dream, consolidating them
into a comprehensive list. This approach allowed us to capture the overarching themes

and content associated with individual dreams more effectively.

4.2.2 Validating unsupervised topic modeling

To make sure that the clusters are semantically cohesive and well-separated, we com-
pare the distribution of semantic distances between sentences within the same cluster and
across clusters. We computed intra-cluster distance by calculating the mean Euclidean dis-
tance between L2-normalized [63] sentence embeddings pairs within the same clusters.
For each cluster, we select a random sample of 4500 pairs, and we extract the distance of
their embeddings calculated with the all-mpnet-base-v2 model.

We computed inter-cluster distance as follows. First, we obtain the topic centroids.
Given the centroid of a target topic X, we identify the 5% of clusters (n=14) whose centroid
is closest to it — these are neighboring topics that are semantically closest to the target
centroid. We then calculate the Euclidean distance between the embeddings of 322 pairs

of sentences (s¥,s), where s¥ is a sentences taken at random from the target topic and

s! is a sentence taken at random from a neighboring topic. After repeating this calcula-
tion for all neighboring topics, we obtained 4508 semantic distances, which we average to
estimate the average distance between topic X and its neighboring topics.

Last, we plot the distribution of inter-cluster distance and intra-cluster distance for all
topics. Figure 7 shows that intra-cluster distance is significantly smaller than intra-cluster
distance, indicating that our topic are topically cohesive and well-separated between one

another.

4.2.3 Grouping topics into themes

To provide a concise overview of the 288 identified topics, we used clustering techniques
to group them into broader, yet semantically-coherent themes. To achieve this, we used
the Sentence Transformer model all-mpnet-base-v2 [14, 64, 65] to project each topic word
into a 768-dimensional embedding space. For each topic ¢, every word w’ within that topic
was assigned a probability (p!,) by BERTopic, indicating its contribution to the overall
representation of the topic. To compute an embedding for a topic (_t)), we calculated the
weighted sum of the embeddings of its topic words, where each word’s embedding was

weighted by its normalized probability (p%,):

7= Zemb(wt) ph, (1)

wt
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Figure 7 Distribution of intra & inter cluster distances for extracted topics. Here, each cluster corresponds to a
collection of sentences associated with that topic. Kolmogorov-Smirnov (KS) test, comparing the two
distributions, yielded a KS statistic of 0.575, (p <.001)

where emb is the sentence transformer model that maps the topic words into embeddings,
and w' are all the words associated with topic ¢.

To facilitate semantic clustering of the topics, we standardized their embeddings and
reduced their dimensionality from 768 to 10 using Uniform Manifold Approximation and
Projection (UMAP) [66] method for dimensionality reduction. We then explored two clus-
tering algorithms, K-Means and Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) [67], applied to the reduced topic embeddings.

Through manual inspection, we observed that the K-Means clustering method effec-
tively generated semantically coherent clusters, with most topics within each cluster shar-
ing a cohesive theme. We also observed that K-Means with 20 clusters produced the result

with the best quality. Further details on the analysis can be found in Section S2.1.

4.2.4 Filtering non-dream content and adjusting themes
Our manual inspection of the themes and Reddit dream content more generally revealed
that while most of it is dream content descriptions, there were some social media arti-
facts, as well as non-dream content explanations from the users. However, we also saw that
BERTopic’s remarkable semantic capabilities proved highly effective in distinguishing the
actual dream recollections from other content. Leveraging this capability, we employed a
filtering process to exclude non-dream themes and topics from our analysis.

Below, we first discuss how we have performed the filtering, and then follow with a more
general guideline for each step derived from our learning, that can support other dream

researchers working on similar tasks.

Our manual filtering steps

Step 1: Discard Themes with Non-Dream Content. We began by inspecting the 10 topic
words associated with the topics within each theme. This was usually sufficient to classify
the theme. In rare cases where it was not, we also reviewed three representative dream
sentences generated by BERTopic for each topic, as well as 20 randomly sampled sentences
from associated dreams. Themes such as Dream types, Dreaming-waking interface, and
Social media artifacts consisted entirely of topics that could be easily identified as non-
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dream content. Consequently, we discarded these clusters entirely and proceeded with the
remaining themes.

Guideline: Classify themes into one of the five categories listed below and retain only
dream-related content.

Step 2: Split Composite Themes into Smaller Ones. Some themes contained topics that
could be divided into smaller, semantically cohesive groups based on suggestions from
dream experts. For example, the theme Outdoor environment and space was split into
three distinct subthemes: Outdoor locations, Space, and Weather.

Guideline: This step may require expertise in dream research.

Step 3: Discard Topics with Non-Dream Content. We manually inspected all 288 topics
and their top corresponding dream sentences to identify and separate non-dream con-
tent. For example, in the theme Time, Time Travel, and Timelines, we removed topics like
‘S am currently clock checked phone’ and date 2018 June’, which referred to timestamps of
real events. Similarly, in the theme Mental Reflection and Interactions, we excluded top-
ics such as ‘interpret, does really mean’ and dont remember details’. This process ensured
that topics predominantly reflected either dream content or waking content, allowing us
to filter out non-dream-related topics.

Guideline: Focus on removing topics that likely reflect external explanations of the
dream context or discussions about its interpretation.

Step 4: Minor Reassignment of Topics Between Themes. Nearly all topics were appropri-
ately assigned to their respective themes, with only a few exceptions. For example, the
topic Tady, face, looked, head’ was initially placed in a cluster later termed Other topics,
which served as a catch-all for topics that did not fit into a semantically coherent cluster.
However, given its content, we reassigned it to the theme People and relationships.

Guideline: This step may not always be necessary but can benefit from the input of dream
researchers.

We involved four annotators for the aforementioned steps: two with expertise in Nat-
ural Language Processing, and two senior dream researchers. Their diverse backgrounds
ensured both computational rigor and alignment with traditional dream literature. Agree-
ment among annotators was high across all steps: complete agreement in discarding non-
dream themes initially, over 95% consensus in identifying non-dream topics, and over 90%
agreement in splitting composite themes and reassigning topics. Disagreements were re-
solved through consensus discussions, prioritizing insights from the dream researchers.

These four steps resulted in a final set of 217 dream-related topics, clustered into 22
distinct dream themes.

Five Theme Categories.

1. Dream-related content — elements such as dream locations, animals, and people.

2. Dream types — including nightmares and recurring dreams.

3. Dreaming-waking interface — experiences like waking up crying or feeling confused,

as well as being awakened by an alarm.

4. Waking phenomena — aspects such as mental health issues and the date and time of

the dream.

5. Social media artifacts — elements like expressions of gratitude to the reader or

requests for dream interpretation.
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4.2.5 Validation of our filtering approach

To validate the accuracy and robustness of our filtering approach, we examined how the
results would change if sentences were labeled prior to topic and theme clustering, while
preserving the full dream context. Specifically, we randomly sampled 1000 sentences asso-
ciated with dreaming topics and 1000 sentences linked to non-dream topics, as identified
by our method. Using GPT-40, chosen for its superior performance in complex labeling
tasks [68, 69], we provided the LLM with individual sentences and their corresponding
full dream reports, instructing it to classify each sentence as either dream content or non-
dream content (e.g., meta-discussions, waking experiences). Results showed that 85.5%
of sentences associated with dreaming topics and 81.3% of those linked to non-dreaming
topics were labeled consistently with our method. Manual inspection of mislabeled sen-
tences revealed that such cases often contained both dreaming and waking elements (e.g.,
“I haven't visited my friend in 10 years, so I was surprised when I found myself dream-
ing about going out to dinner with her”). In these instances, ChatGPT typically classified
the sentence as non-dream content, whereas our method correctly mapped the dreaming
portion (e.g., ‘dreaming about going out to dinner with her”) to a dream topic.

To assess whether this small proportion of mislabeled sentences significantly affected
the overall distribution of dreaming topics, we investigated whether the relative size of
topics (i.e., the proportion of dream sentences linked to each topic) remained stable. We
sampled 10,000 sentences spanning 8005 dreams from reports associated with 217 dream-
ing topics and filtered out non-dream sentences using GPT-40 in the context of the full
dream reports. For each topic, we calculated the number of dream sentences in the cleaned
sample (Yiopic) and compared it to the original counts assigned by our method (Xiopic). A
high correlation between Xiopic and Yigpic (7 =.977, p < .001) confirmed that noisy associ-
ations had minimal impact on the relative proportions of dream sentences across topics.
This finding validates our taxonomy as a reliable representation of the relative occurrence
of topics and themes in people’s dreams.

4.3 Building dream topics taxonomy (co-occurrence network)

To create a taxonomy of dream topics, we employed a network-based approach that ex-
plores the interplay between dream themes and their constituent topics within dream
reports. To facilitate this analysis, we conducted an initial assessment of the frequency
distributions of both topics and themes across the entire corpus of dream reports.

For topics, we linked each one to a dream report (/dreamer) if the topic was found at
least once in the report (in all dream reports of that dreamer), and counted the number
of dreams (/dreamers) associated with each topic. In Table 2, we present the topic name,
top 4 topic words, number of dreams, and number of dreamers for the top 20 most fre-
quent topics. Full statistics (e.g., the 10 topic words and number of sentences associated
with each topic) for these and the rest of the topics, can be found in the Supplementary
Information File (see Data Availability section).

Similarly, we linked a dream report (dreamer) to a theme, if any of the theme’s con-
stituent topics was found at least once in the report (in all dream reports of that dreamer).
Additionally, we computed the number of topics in each theme associated with corre-
sponding dream reports (dreamers). In Table 3, we present the theme name, top 3 topics
associated with it, the total number of topics in it, and number of dreams, and number of
dreamers associated with it. Additionally, we linked to a corresponding HVd4C category
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each theme for which such a link is found. The full list of topics belonging to each theme
can be found in Table S1.

Having these frequencies at hand, we built the co-occurrence network of dream themes
as follows. Each node in the network represents a theme, and pairs of themes were con-
nected by an edge if they co-occurred in a dream report. The edges were weighted by the
number of dream reports in which such a co-occurrence was found. This undirected net-
work had a single connected component with 22 nodes and edge weights ranging from 13
to 7643 (Mean = 762.31 4 928.54 and median = 482.0).

For the purpose of visualization, we used backboning to sparsify the network by pre-
serving the most important edges. We used noise-corrected backboning [70]—a tech-
nique that relies on a statistical null-model to identify and prune non-salient edges—with
a backboning threshold of 3.8 (which reduced the network from 231 to 46 edges). We used
Gephi [71] to visualize this network (see Fig. 3). We scaled the size of the nodes according
to the number of dreams associated with each theme.

4.4 Finding topics and themes by dream type (odds-ratio analysis)

In addition to discovering common topics across all dreams, we studied whether specific
types of dreams (i.e., nightmares, lucid, vivid, and recurring dreams) are characterised by
particular topics and themes. Odds-ratio metric allowed us to do so as it compares the
odds of a topic occurring in the specific type of dreams (e.g., recurring) to the odds of
the same topic occurring in the rest of dreams. We first assigned the dream reports to
the corresponding dream types by searching for relevant keywords (‘nightmar) ‘recurring’
or ‘re-occurring; ‘lucid; ‘vivid’) in Reddit post title and body or, if the dream type had
a corresponding flair (which were present for nightmares and recurring dreams only). If
either of these conditions were satisfied, we assigned the dream to the experimental subset;
else to the control subset.

First, we defined a topic or theme ¢’s importance in a dream 4 as:

# sentences mentioning topic t in d
td =

2
# total sentences in d @)

We then computed the odds ratio for all topics and themes across the 4 dream types as
follows:

QOdds of DT association with t
QOdds of the rest of dreams association with t
> deprltd (3)
# dreams in DT that do not contain t

> 4e¢prlta
# dreams that are not in DT that do not contain t

Odds Ratio (DT, t) =

where DT is a dream type, t is a topic or theme.

4.5 Finding topics and themes through time
Analyzing the temporal dynamics of dream topics and themes holds particular signifi-
cance, especially in light of major events such as the COVID-19 pandemic, known to have
a substantial impact on collective dreaming patterns [8, 72, 73].

For our analysis, we focused on a monthly timescale, leveraging data spanning from
January 2019 to August 2022, encompassing a total of 44 months. The inclusion criterion
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for each month required a minimum of 300 dream reports, ensuring robust statistical
representation. Throughout this period, February 2019 recorded the lowest number of
dreams (n = 366), whereas January 2021 exhibited the highest dream count (n = 1573).
The average number of dreams per month was 925 + 332, with a median of 935 dreams
per month.

We used topic/ theme importance in a dream (I; ;) introduced in Equation (2) to calcu-
late topic/ theme importance at a given point in time m (i.e., month) as follows:

_ Z(d posted at time m) It:d
# dreams posted at time m

(4)

] t,m

We tracked z-scores of topic/ theme importances I;,, through time, to understand the
relative change of a topic/ theme w.r.t. itself:

L = ©)

To additionally improve the quality of signals, we used the centered average with a window
length of 5 for smoothing the temporal plots:

(t+2)
Elz,m = Z th,m‘ (6)
t=(t-2)
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