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Abstract

This paper presents the Cognitive and Social WELL-being (CoSoWELL) project that consists of two components. One is
a large corpus of narratives written by over 1000 North American older adults (55+ years old) in five test sessions before
and during the first year of the COVID-19 pandemic. The other component is a rich collection of socio-demographic data
collected through a survey from the same participants. This paper introduces the first release of the corpus consisting of
1.3 million tokens and the survey data (CoSoWELL version 1.0). It also presents a series of analyses validating design
decisions for creating the corpus of narratives written about personal life events that took place in the distant past, recent
past (yesterday) and future, along with control narratives. We report results of computational topic modeling and linguistic
analyses of the narratives in the corpus, which track the time-locked impact of the COVID-19 pandemic on the content of
autobiographical memories before and during the COVID-19 pandemic. The main findings demonstrate a high validity of
our analytical approach to unique narrative data and point to both the locus of topical shifts (narratives about recent past and
future) and their detailed timeline. We make the CoSoWELL corpus and survey data available to researchers and discuss

implications of our findings in the framework of research on aging and autobiographical memories under stress.
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Introduction

At the time of this writing, most of humankind finds itself
part of a global uncontrolled psychological experiment.
Due to the COVID-19 pandemic and protective counter-
measures, daily lives of most individuals and societies in
the world have been experiencing a profound and prolonged
disruption. An important goal for psychological science is
to document the changes in human psychology and behav-
ior brought about by this disruption. This paper focuses on
language behavior before and during COVID-19 of one of
the most vulnerable segments of world population, i.e., older
adults. The impact of COVID-19 on older adults is particu-
larly detrimental, with an increased risk of death compared
to younger age groups (Ho et al., 2020; Shahid et al., 2020).
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Even if their physical health remained unaffected, older
individuals as a group have been argued to carry a heavy
psychological burden of physical and social isolation in
the course of the pandemic (Brooks et al., 2020; Holmes
et al., 2020). A promising avenue to charting the unfolding
impact of the pandemic on the mental well-being of older
adults is through documenting and analyzing their language
use. Language production is known to reflect the mental
and emotional state of the speaker/writer (e.g., Boyd et al.,
2015; Mairesse, Walker, Mehl, & Moore, 2007; Schwartz
et al., 2013; Yarkoni, 2010), as well as the relative impor-
tance of the themes that are at the forefront of their attention
(e.g., Cohn, Mehl, & Pennebaker, 2004; Pennebaker & King,
1999; Stirman & Pennebaker, 2001). Patterns of language
use have also been shown to serve as indicators of depres-
sion (Eichstaedt et al., 2018), dementia, and Alzheimer’s
disease (Eyigoz, Mathur, Santamaria, Cecchi, & Naylor,
2020) among other issues of relevance for psychological
well-being. Our project creates a resource that enables social
scientists to examine patterns of language change as indices
of psychological processes associated with the onset and
progression of the COVID-19 pandemic.
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This paper presents the Cognitive and Social WELL-
being (CoSoWELL) corpus, i.e., a large collection of nar-
ratives written by older adults (55+ years old) before and
during the first year of the pandemic, further supplemented
by rich demographic and psychological participant survey
data. The focus of this paper is on introducing the design
and data of the CoOSoWELL corpus, the pipeline used for
the quantitative analysis of stories, and the validity of this
resource for the multi-faceted time-locked study of the psy-
chological outcomes of the pandemic in older adulthood. We
also highlight the expected utility of the CoOSoWELL corpus
for memory-related studies relying on narrative language
use (e.g., Conway, 2005; Fivush, 2011) as well the field of
narrative gerontology (Bjursell, 2019; Randall, Kenyon, &
Gary, 2004).

The CoSoWELL project consists of two components:
a collection of elicited personal, written narratives and an
extensive demographic and psychological survey obtained
from the same participants. The conception and design
of the CoSoWELL project as well as initial data collec-
tion predate the COVID-19 pandemic. Thus, the goals and
the anticipated use of these data go beyond characterizing
psychological outcomes of the pandemic. Specifically, the
comprehensive goal for the project, which the present paper
introduces, is to study the change in language use as a func-
tion of age, social isolation and perceived loneliness of older
adults, using their personal life stories as a window into their
memory functioning, and mental and emotional well-being.
Importantly, language as a system is forged in social inter-
actions that are, at least partly, grounded in storytelling and
our ability to recall and communicate memories from our
personal life (Chafe, 1994; Labov, 1972). Thus, language
both mirrors and shapes the world of an individual (Yarkoni,
2010; Trope & Liberman, 2003; Semin & Smith, 1999).

Personal life stories stand out from other forms of lan-
guage production in that they provide a rich source for both
documenting language use and understanding its link to the
psychological state of the story-teller (e.g., Conway, 2005;
Fivush, 2011). This type of data is inherently connected to
the cognitive basis of memories. Importantly, researchers
agree that autobiographical memory does not merely store
and reflect facts of one’s lived experience but rather it consti-
tutes a subjective perspective that defines an individual self
in interaction with other individuals and provides a sense
of self-continuity (Conway, 2005; Fivush, 2011; Prebble,
Addis, & Tippett, 2013). Not only is autobiographical mem-
ory engaged in the act of sharing one’s perspective via story-
telling, but this memory is also critical for developing inti-
macy and maintaining social relationships (Alea & Bluck,
2003). While building on specific episodic and semantic
memories of the “where”, “when” and “what” of occurring
events (Tulving, 1972; 1983; for an overview see Renoult
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& Rugg, 2020), autobiographic memory links these events
together, forming a personal narrative of lived experiences.

Specifically, autobiographical events in the distant past
tend to portray constitutive moments in one’s life among
younger (e.g., McAdams et al., 2006) and older adults (e.g.,
Thomsen, Pillemer, & Ivcevic, 2011). Additionally, they
tend to include events that have been shared numerous times
in social interactions. From this perspective, the content of
these narratives (labeled as story type “past”) can be under-
stood as representing rehearsed language. Personal narra-
tives about the past tend to bring about similar, recurrent
themes such as family relations and education that we use to
anchor our past experiences to form a sense of self (Shum,
1998; Rathbone, Holmes, Murphy, & Ellis, 2015; Thomsen
& Berntsen, 2008). Conversely, narratives about the recent
past (story type “yesterday”) are typically unrehearsed and,
during stable periods, reflect everyday repetitive activities
and events including acts of communication and socializa-
tion, preparing meals, and shopping, among other things.
These events tend to be culturally shared and easily identifi-
able. However, abrupt changes to this stability as presented
by the global pandemic can lead to changes in the perception
of individual’s life as the everyday life begins to include
numerous unprecedented one-off events and even completely
new experiences. If the period of instability is prolonged
before new normalcy is established, an individual’s percep-
tion of one’s life experience may undergo a gradual shift.
Furthermore, the autobiographical memory system enables
projecting oneself into the future, i.e., a ‘mental time trave-
ling’ (Bartlett, 1932; Tulving, 1985). Already at an early age,
children are capable of imagining future life events and these
projected, hypothetical events tend to be culturally shared
(e.g., Atance & O’Neill, 2005).

In general, all types of autobiographical memories are
strongly driven by socio-cultural factors and they continue
to develop with advancing age (Bohn & Berntsen, 2011;
Donald, 2001; Nelson & Fivush, 2004; Kenyon, Gar, &
Randall, 1999). Indeed, language is the de facto vehicle at
our disposal to organize and share experiences. From this
perspective, narratives themselves constitute learned pat-
terns that govern our perception of the events unfolding in
time—from the distant past to the recent past to the future—
and provide the glue for linking the individual events into
a coherent sequence (e.g., Chafe, 1980; 1994; Labov, 1972;
Labov & Waletzky, 1967; Linde & et al. 1993). The key part
that autobiographical memories play in defining a person’s
identity and the link of these stories to such linguistic genres
as story-telling motivate the choice of personal life stories as
the central content of the CoOSoWELL project.

The CoSoWELL project is uniquely positioned to pursue
both its original goal—investigating how language use can
reflect differences in age, social isolation and loneliness—
and the new direction dictated by the COVID-19 pandemic.
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Table 1 Number of COVID-19 cases and deaths in the United States and Canada

USA CANADA

T1 (March 1, 2019 to June 30, 2019)

Total confirmed cases as of March 1, 2019 0 Total confirmed cases as of March 1, 2019 0

Total confirmed deaths as of March 1, 2019 0 Total confirmed deaths as of March 1, 2019 0

T2 (April 8, 2020 to June 16, 2020)

Total confirmed cases as of April 8, 2020 378,220 Total confirmed cases as of April 8, 2020 17,049
Total confirmed deaths as of April 8, 2020 12,620 Total confirmed deaths as of April 8, 2020 345
Week of March 30 — April 5 cases 171,279 Week of March 30 — April 5 cases 8181
Week of March 30 — April 5 deaths 5002 Week of March 30 — April 5 deaths 159

T3 (June 17, 2020 to June 30, 2020)

Total confirmed cases as of June 17, 2020 2,105,922 Total confirmed cases as of June 17, 2020 108,829
Total confirmed deaths as of June 17, 2020 117,182 Total confirmed deaths as of June 17, 2020 8175
Week of July 13 — July 19 cases 461,531 Week of July 13 — July 19 cases 2543
Week of July 13 — July 19 deaths 6263 Week of July 13 — July 19 deaths 80

T4 (Oct 14, 2020 to Nov 5, 2020)

Total confirmed cases as of Oct 14, 2020 7,880,896 Total confirmed cases as of October 14, 2020 182,839
Total confirmed deaths as of Oct 14, 2020 219,658 Total confirmed deaths as of October 14, 2020 9589
Week of Oct 12 — Oct 19 cases 387,466 Week of Oct 12 — Oct 19 cases 15,989
Week of Oct 12 — Oct 19 deaths 4805 Week of Oct 12 — Oct 19 deaths 136

T5 (Jan 12, 2021 to Feb 15, 2021)

Total confirmed cases as of Jan 12, 2021 23,533,768 Total confirmed cases as of Jan 12, 2021 661,334
Total confirmed deaths as of Jan 12, 2021 390,029 Total confirmed deaths as of Jan 12, 2021 16,849
Week of Jan 11 —Jan 17 cases 1,591,103 Week of Jan 11 —Jan 17 cases 51,355
Week of Jan 11 — Jan 17 deaths 23,289 Week of Jan 11 — Jan 17 deaths 1016

The corpus data collection was initially conducted in
March—June 2019 with the original goal in sights. However,
soon after the onset of COVID-19 in North America, this
project was revisited to factor in this new challenge to psy-
chological well-being. The pre-pandemic 2019 data were
re-designated as the first test session (t1) of a time-series and
an additional four test sessions were administered (t2—t5).
We conducted data collection using the same stimuli and
partly overlapping participant pool starting April 08, 2020
(3 weeks after the global lockdown in North America) and
until June 16, 2020. We will refer to this test session as (t2).
The third test session (t3) lasted from June 17 through June
30, 2020, roughly 4 months after the large-scale onset of the
pandemic in the US and Canada and nation-wide counter-
measures. At that time, a slight decrease in the number of
new cases and deaths was observed in the US and Canada,
leading to a temporary weakening of the lockdown that
led into a spike in the number of COVID-19 cases later
in the fall. The fourth test session (t4) started October 14
and ended on November 5, 2020. The number of deaths
related to COVID-19 rose in the United States and crossed
500,000, the highest reported in the world, on February 22,
2021 (https://covid.cdc.gov/covid-data-tracker/#trends_total
andratedeathssevendayrate). Our fifth test session (t5) cov-
ered this time period as it commenced on January 12, 2021,

and continued until February 15, 2021. Informally, we con-
sider data from tl as a pre-pandemic baseline, data from t2
as behavioral outcomes originating from the initial public
exposure to COVID-19 and national response to it, and data
from t3 to t5 as behavioral snapshots tracking the timeline of
COVID-19. The number of COVID-19 cases and deaths in
the United States and Canada during the period of the data
collection are summarized in Table 1 based on the informa-
tion provided at https://covid19.who.int/region/amro/count
ry/us and https://covid19.who.int/region/amro/country/ca.
The current release of the CoOSoWELL project (version
1.0) presents a large collection of written narratives con-
sisting of over 1.3 million tokens produced by 1178 unique
participants covering four story types. Of these individu-
als, 1028 also completed the survey (see below). Three of
the story types constitute stories about personal life events
thematically anchored across the entire timeline: namely,
distant past, yesterday, and future. These story types were
specifically chosen to elicit life stories that provide the pos-
sibility of mental time travel through personal life experi-
ences and engage different facets of autobiographical memo-
ries. The fourth and final story type served as a control and
was elicited based on a picture from the Boston Diagnostic
Aphasia Examination depicting the Cookie Theft scene
(Goodglass, Kaplan, & Barresi, 2001). Language patterns
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elicited in the description of this standard picture in clinical
settings (for an overview see Cummings, 2019) have been
demonstrated to display sensitivity to language impairments
in addition to aphasia such as frontotemporal dementia (Ash
et al., 2016), Alzheimer’s disease (e.g., Eyigoz et al., 2020),
and right-hemisphere stroke and left-hemisphere stroke
(Agis et al., 2016).

In our study, this control condition ensured that all par-
ticipants at all time points were tasked to provide a written
narrative from the same topic. This provided a baseline of
linguistic patterns both within and across individual par-
ticipants and test sessions. In the remainder of the paper, we
refer to elicited autobiographical stories about the distant
past, yesterday, and future as life stories and we collectively
refer to all stories in the CoSoWELL corpus, regardless of
their story type, as narratives.

In addition to the corpus data, the CoSoWELL project
also includes an extensive survey study that consists of ques-
tions pertaining to educational background, language use
and habits as well as social and cognitive well-being. The
goal of the survey study was two-fold: (1) to enrich and sup-
plement analyses based on the written narratives reflecting
autobiographical memories and (2) to provide a detailed and
comprehensive profile of an individual pertaining to their
social and cognitive well-being. The survey itself can be
understood as consisting of two parts. The first one pertains
to an individual’s background information. The questions
used in this part of the CoOSOWELL survey were partially
based on previous research on aging, including the Cogni-
tive Reserve scale (Nucci, Mapelli, & Mondini, 2012) and
instruments used in large-scale studies such as the Survey
on Ageing and Independence (https://www?23.statcan.gc.ca/
imdb/p2SV.pl?Function=getSurvey&SDDS=&3885) and
the Canadian Longitudinal Study on Aging (Raina et al.,
2019). The second part of the CoOSoWELL survey consists
of the instrument designed to measure social and cognitive
well-being: i.e., the three-item loneliness scale (Hughes,
Waite, Hawkley, & Cacioppo, 2004) and the Prospective-
Retrospective Memory Questionnaire (Smith, Sala, Logie,
& Maylor, 2000). These instruments will be released as
part of the version 2 release of the CoSoWELL project. The
survey was completed by 1451 participants, of whom 1028
have also completed the narrative writing task. In the cur-
rent release of the CoSoWELL project, we publish partial
survey data representing 39 variables from the 1451 partici-
pants in the survey. The survey data can either be linked to
the CoSOoWELL corpus data (for n = 1028 participants) to
examine their written productions jointly with their socio-
demographic data, or it can be explored independently, as a
snapshot of social and psychological variables collected dur-
ing the pandemic. In our view, this project provides a unique
opportunity to investigate the intersection of language use
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and social and cognitive well-being in older adulthood and,
importantly, during the COVID-19 pandemic.

CoSoWELL is an ongoing project, with at least three
additional test periods of data collection planned to enable
continuous tracking of language behavior throughout and
after the pandemic. The present paper reports processed
and annotated text data that CoOSoWELL comprises so far
(from t1 to t5), along with basic demographic information
on the participants that can be linked to the stories. Future
releases of the corpus will add newly collected data (from
t6 and t8) and also update the current materials by adding
annotations or correcting minor imperfections. We relegate
to the future the publication of collected survey data on per-
ceived loneliness, social isolation, and memory function-
ing. Given the rich nature of the linguistic, demographic,
and other data in CoSoWELL, no single report can pursue
all analytical possibilities that this resource offers. The pre-
sent, first paper on the project specifically focuses on the
methodology employed in creating the CoSoWELL corpus
and its validity as a research resource. Below we point to
additional directions of academic and applied interest that
future research can follow up on.

The objectives of the current paper are two-fold. First, we
provide social scientists with a unique corpus of English nar-
ratives written by North American older adults before and
during the pandemic. The collection of the narratives pro-
vided in the corpus is enhanced by rich lexical and syntactic
annotation at the word level, as well as the demographic and
psychological participant meta-data from the CoSoWELL
survey. Second, we validate the methodological basis of the
present resource. The premise of the CoOSoWELL project
rests on the idea that the four story types—related to distant
past, yesterday, future, and the Cookie Theft scene descrip-
tion control—elicit written productions that are formally and
functionally separable as well as foreground distinct psy-
chological facets of individuals’ lived experience (Brown,
2021). Moreover, we expect that linguistic patterns in
CoSoWELL narratives reflect psychological changes related
to the initial and continuing experience of the pandemic,
which may additionally vary across story types. To achieve
this second objective, we examined the effects of story type
and the temporal measure of the test session, as well as their
interaction, on linguistic structure and content of the nar-
ratives that constitute the CoOSoWELL corpus. Below we
outline five quantitative analyses employed to pursue the
present objectives.

Analysis 1 focused on the lexico-syntactic formal prop-
erties of the narratives elicited under each story type to
determine whether each story type forms a distinct lin-
guistic profile (Labov & Waletzky, 1967). Beyond the
comparative description of language patterns across story
types, this analysis contributed to autobiographical mem-
ory studies which show a growing interest in incorporating
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linguistic variables as part of their analytical toolkit (e.g.,
Berna et al., 2016; Lempert, MacNear, Wolk, & Kable,
2020).

Remaining Analyses 2-5 zoomed in on the content of
the narratives. Previous studies examining life stories have
demonstrated that landmark events tend to be culturally
shared regardless of individual differences in life trajectories
(e.g., Brown, Shevell, & Rips, 1986; Brown, 1990; Brown &
Lee, 2010; Brown, Schweickart, & Svob, 2016; Thomsen &
Berntsen, 2008; Thomsen et al., 2011; Vanaken, Bijttebier,
Fivush, & Hermans, 2021). Moreover, these shared experi-
ences are reflected in the themes evoked during the writing
process. Traditionally, this type of content analysis of life
stories has been primarily carried out relying on a manual
encoding schemata either for structural properties (for dis-
cussion about prior studies see Reese et al., 2011) or the-
matic analysis (e.g., Thomsen & Berntsen, 2008). However,
this type of manual encoding of narratives does not scale to a
one-million-word corpus. Additionally, a predefined schema
may not be nimble enough to cover new themes that may
have arisen for example due to the global pandemic.

To ensure an objective and scalable content analysis,
Analysis 2 applied an unsupervised machine learning algo-
rithm of structural topic model (STM) (Roberts, Stewart,
& Tingley, 2019) to discover what themes and experiences
emerge as identifiable topics from the corpus narratives and
how they are distributed over the story types. Analysis 3
additionally examined whether a specific story type can be
accurately identified (and thus functionally separated from
other story types) based solely on the distribution of topics
in the narratives belonging to this story type. Analysis 4 took
the investigation one step further and explored semantics of
the topics that are associated with different story types and
compares these findings against the themes established in
previous autobiographical memory studies. The final Analy-
sis 5 tracked the temporal change in the frequency of specific
topics across different story types and test sessions, before
and during the first year of the COVID-19 pandemic. This
analysis of the story type X test session interaction linked
the dynamics in the content of the CoSoWELL narratives
with the unfolding of the global lockdown (Brown, 2021).

The structure of the paper is as follows. The next section
outlines the design and method of creating the CoSoWELL
corpus, followed by the description of the data we make pub-
licly available in this corpus release, along with descriptive
statistics. Subsequent sections present quantitative analyses
of the data, focusing first on the lexico-syntactic profiles of
the story types and then transitioning into content analysis,
which utilized topic modeling. The General discussion elab-
orates on the implications of our findings for psychological
research and identifies several research questions that future
work on CoSoWELL data can fruitfully address.

Table2 Summary of participation in CoSoWELL tasks presented by
the number of completed test sessions

Number of test sessions Total
CoSoWELL 1 2 3
Survey 1451 0 0 1451
Corpus 687 315 176 1178
Survey and corpus 546 308 174 1028
Methods
Participants

Participants at test sessions t1 and t2 were recruited through
the web-based crowdsourcing platform Amazon Mechani-
cal Turk (mturk.com) and those at t3—t5 through a differ-
ent crowdsourcing platform, namely Prolific (prolific.co).
Throughout the entire data collection, we used filtering
options of the crowdsourcing platforms to only include
individuals who were at least 55 years old, were born and
also currently resided in Canada or the US, and were native
speakers of English. Each participant in this project was
offered an option to complete two separate online studies.
One study contained a survey including questions pertaining
to demographic information and psychological state, while
another instructed participants to submit free-form written
narratives following simple prompts (see details below).
While most participants completed both studies, some opted
for completing just one. Also, participants were able to take
part in the narrative writing study at multiple test sessions,
but they were only able to complete a single survey.

A total of 1502 unique participants submitted their
responses to the CoSoWELL survey. Despite the use of
filtering, a small fraction of participants did not meet the
above-mentioned criteria. This release of the CoSoWELL
makes available the survey data from 1451 participants aged
55 and older (age: M =63.14, SD =5.34; 946 female, 500
male, five others or prefer not to say). A largely overlapping
but different set of 1178 unique participants took part in the
narrative writing task. A total of 1028 participants (age: M
=62.88, SD =5.29; 693 female, 332 male, three other or
prefer not to say) have completed both the survey and the
narrative writing tasks. In contrast to the survey task, the
participants in the narrative writing task could contribute to
one or more different test sessions. This method of data col-
lection provides access to repeated behavioral records from
multiple participants that enable both the cross-sectional
and repeated-measures analyses. Summary information of
the number of participants and the number of times they
participated in different test sessions is provided in Table 2.

This CoSoWELL release makes available both the
complete set of the written narratives regardless of the
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Table 3 Number of participants by the CoOSoWELL components and
age group

Age (n)
CoSoWELL N 55-59  60-64  65-69  70-100
Survey 1451 536 473 297 145

Survey and corpus 1028 409 315 208 96

availability of the participant’s survey data (n =1178)
and also the subset of the written narratives for which the
participant’s survey data are available as well (n =1028).
This reporting enables researchers specifically interested
in textual data to avoid data loss incurred by the unavail-
able survey data for a small fraction of participants (roughly
4.5%). We refer to this release of the written narratives as
the CoSoWELL corpus (version 1.0). For the breakdown
of sample sizes in the corpus data by age, see Table 3, by
education level see Table 4 and by test session, see Table 5.
We refer to the accompanying survey data as the CoSoW-
ELL survey.

Participation was voluntary, and required participants’
informed consent prior to the beginning of the survey and
the narrative writing task. Consent was also obtained for data
usage; all participants reported here provided permission
to use and publish their data. This study was approved by
McMaster Research Ethics Board (ethics protocol #0606).

The education levels of the participants are reported in
Table 4. The levels of education were collapsed from seven
to four (high school diploma or lower; partial or complete
college education; bachelor’s university degree; graduate
degree).

Materials
Narrative writing task

This task was not time-limited but completion time was
recorded as part of the study. Prior to the narrative writ-
ing task, the participants were instructed to avoid provid-
ing information that could be used to directly identify them,
such as personal names. The four stories were written sepa-
rately in a sequence. For writing a given a narrative, a large
text box was provided in a web browser with a prompt above

providing the instructions about the type of story. All the
participants received the same instructions and the stories
were written in the same order. The instructions for the story
types are provided below and the order is indicated with the
number given in bold (but it was not part of the instructions).

Story 1: Write a story about a significant life event that

occurred in your distant past.

Story 2: Write a story about a personal life event that

occurred yesterday.

Story 3: Write a story about a personal life event that will

take place in your future.

Story 4: Write a story about the event described in the

picture.

We labeled the resulting story types as “past”, “yester-
day”, “future”, and “cookie”.

Social and cognitive well-being survey

As part of the CoOSOWELL corpus, a survey was adminis-
tered that included questions related to a social and cogni-
tive well-being as well as demographic information. The
present CoOSOWELL release (version 1.0) makes available
39 variables pertaining to educational, social, and cogni-
tive characteristics of individual participants. The complete
list of the questions and their associated summary statistics,
when applicable, is provided in the Supplementary materials
(supplementary_material_cosowell). Several sections of the
survey will be processed and reported with future releases
of the CoOSOWELL project. We remind the reader that the
focus of the present study is on the corpus data, while the
comprehensive analysis of the CoSOWELL survey data is
relegated to future work (which can be conducted by the
research community that receives access to the data with
this publication).

Procedure

Participants in the narrative writing task first read the letter
of information and provided their consent by pressing the
Continue button. They were then presented with the instruc-
tions (see above) and typed their narratives in the text boxes.

Table 4 Number of participants by the source of the data in CoOSoOWELL and level of education including missing data (NA)

Level of education (n)

CoSoWELL N High school or less  College (complete or Bachelor’s Graduate degree  NA
partial)

Survey 1451 134 488 286 13

Survey and corpus 1028 86 336 229 5
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The task was untimed and there was no limit on the length
of the response. On average, the participants spent 34 (SD
=24) min completing the narrative writing task.

For participants in t1 and t2 sessions who were recruited
via Amazon Mechanical Turk, the narrative writing task
was programmed in the platform’s web interface. In test
sessions t3—t5, participants were recruited via the crowd-
sourcing platform Prolific: these participants were directed
to the LimeSurvey online platform where the writing task
was implemented. Typed responses were recorded when
participants completed the task by pressing the Submit
button. Participants were compensated for the time by the
payment of 7 USD.

Upon completion of the task, all participants were invited
to complete an online survey that included questions about
social and cognitive well-being as well as demographic
information. This invitation was sent out roughly 1 week
after completing the narrative writing task. The completion
of the survey took 10-15 min. Participants were compen-
sated for their time by the payment of 2 USD. The survey
was administered using the same crowdsourcing platform
and the same data collection software as the writing task
(Amazon Mechanical Turk for t1 and t2, and Prolific and
LimeSurvey for t3—t5).

Variables

The goal of this paper is two-fold: 1) the description of the
creation and release of the data collected in the CoSoWELL
project and 2) the validation of the written narrative task as
a data collection method for the purposes of investigating
aspects of autobiographical memory. Thus, only a selected
set of variables pertaining to the survey data are covered in
this study. One critical independent variable of the present
paper was the categorical variable story type coded with
four levels: “past”, “yesterday”, “future”, and “cookie”, cor-
responding to the four thematic prompts of the narrative
writing task cited above. As outlined in the Introduction, the
premise of this data collection effort was that the four story
types would manifest differences in the linguistic structure
and content and highlight different aspects of autobiographic
memory.

An additional independent variable of interest was the
variable test session, a categorical variable with t1-t5 as
levels. This variable taps into a temporal unfolding of the
change in written productions from the pre-pandemic state
(t1) throughout the first year of the pandemic (t2—t5). Since
we expected the psychological impact of the unfolding pan-
demic to differentially affect one’s perception of the distant
past, the recent past and one’s future outlook, we considered
the interaction between story type and test session along
with the main effects of the interaction terms.

Results

Analyses below make use of the corpus of narratives
produced by 1028 participants who also completed the
CoSoWELL survey. This dataset contains 1,223,033 tokens
or 91% of the data in the full CoOSoWELL corpus (which
includes participants who have not completed the survey).

The remainder of this section has the following struc-
ture. First, we report descriptive statistics of the entire
corpus and specific test sessions. Second, we outline Anal-
ysis 1 of eight linguistic variables representing lexical and
syntactic features of the written texts by story type. Third,
we present a series of Analyses 2—5 based on the structural
topic model, which was fitted to the words and narratives
comprising the corpus and identified—in a programmatic
and unsupervised way—the topical structure of those nar-
ratives. All the analyses carried out in this study were con-
ducted in R version 3.6.3 (R Core Team, 2020).

Preprocessing and descriptive statistics
of CoOSOWELL

The collected narratives were tokenized, tagged for part-
of-speech (POS) and morphological information, lem-
matized, and syntactically parsed using the UDpipe ver-
sion 2.0 implemented in the R package udpipe, version
0.8.5 (Straka & Strakova, 2017) with a pretrained Eng-
lish model, version 2.5-191206 (additional information is
provided at https://ufal.mff.cuni.cz/udpipe). In terms of
POS, the schemas based on universal POS as well as that
based on the Stanford POS are both included in this corpus
release. In the released data, the former is labeled as upos
and the latter as xpos.

The syntactic model follows the Universal Dependency
schema (UD) (Nivre, 2015), version 2.4. This version of
the UD schema is available for 83 languages providing
opportunities for carrying out linguistically meaningful
typological analysis at scale (for discussion see Croft,
2017; Croft, Nordquist, Looney, & Regan, 2017). Addi-
tional information about this schema is also provided
online at https://universaldependencies.org/format.html.

The UD schema is based on the shared premise of
dependency-based grammars in which syntactic struc-
tures are (primarily) assumed to consist of binary rela-
tions between words. The relation is asymmetric, where
one word is a dependent of another word referred to as the
head. This allows the UD schema to represent dependency
relations among words as a tree structure that emphasizes
the functional characteristics of the relations (for recent
discussion and overview see de Marneffe & Nivre, 2019).
Figure 1 illustrates the output of the preprocessing pipeline
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compound

Fig. 1 Visualization of the output of the preprocessing pipeline for one sentence. The arcs represent dependency relations. Tokenization is given
in green, part-of-speech tagging in black and the labels of the dependency relations in red

of the narratives with the sentence: My wife was finishing
up washing dishes yesterday evening.. The dependency
relations are drawn as arcs over the sequence of words
starting from the root, i.e., finishing.

Corpus size can be described in several linguistically
meaningful ways. Tokens refer to the smallest individual
units of which a corpus is comprised. Here, tokens include
words, numbers, symbols, and punctuation. Types reflect
the total number of unique tokens present in the data: thus,
any number of occurrences of a token dog would count as
one word type. A lemma (or “word stem”) is the base form
of a word, representing its simplest morphological reali-
zation (e.g., the lemma for dogs and dog is dog and the
lemma for baked and baking is bake). An English lemma
is also the citation form of a word provided in a dictionary.
Thus, the category lemma captures the number of unique
lemmas in the corpus.

In Table 5, we report descriptive statistics for the two ver-
sions of the CoSOWELL corpus: 1) the complete CoSoW-
ELL corpus representing all participants as well as its sub-
set, which contains the written narratives for the participants
who also completed the CoSoWELL survey. The descriptive
statistics are broken down by the specific test sessions: t1 =
2019; t2 = from 2020-04-08 to 2020-06-16; t3 = from 2020-
06-17 to 2020-06-30; t4 = from 2020-10-14 to 2020-11-05
and t5 = from 2021-01-12 to 2021-02-15.

The released CoSOWELL corpus (version 1.0) follows
the “tidy” data format where each variable is a column, each
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observation is a row and each type of observational unit
is a table (Wickham & et al. 2014). In terms of text data,
the format of the tidy data corresponds to representing the
processed text as a table with one-token-per-row, i.e., long
format. While this format increases the resulting file size, the
analysis of the text data becomes significantly more conveni-
ent, especially when combined with the survey data.

Analysis 1: Lexico-syntactic profile and story type

In this section, we explore linguistic variation across story
types, with a focus on lexico-syntactic variables. The over-
arching goal of this analysis is to determine whether differ-
ences in story types—presumably related to different facets
of autobiographical memories and ideation—manifest them-
selves in formal linguistic properties of produced stories. A
total of eight variables were explored, many of which are in
common use in computational-linguistic analysis of text and
lexico-syntactic complexity and structure (Baayen, 2001;
Graesser, McNamara, & Kulikowich, 2011; Jagaiah, Oling-
house, & Kearns, 2020; Kyle, 2019; Nippold, Cramond, &
Hayward-Mayhew, 2014; Vermeer, 2000).

These variables included noun-to-verb ratio where higher
values may signal telegraphic style characteristic of cogni-
tive impairment; an additional set of three variables tap-
ping into lexical diversity of produced narratives (different
operationalizations of type-token-ratio); another set of three
variables tapping into syntactic complexity of each sentence,
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Table 5 Descriptive statistics of the corpus by the test session. The upper part summarizes corpus data from all participants in the narrative writ-
ing task. The lower part summarizes data from the participants who completed both the narrative writing task and the survey (corpus + survey)

Test session Token Type Lemma Narrative Sentence Participant
CoSoWELL corpus

tl 161,181 9462 7787 848 9278 212

t2 397,416 14,670 12,195 2111 22,497 402

t3 270,443 12,779 10,571 1708 15,137 427

t4 248,931 12,058 10,002 1640 13,588 409

t5 260,349 12,461 10,318 1668 14,315 395

Total 1,338,320 61,430 50,873 7975 74,815 1845* (1178)
CoSoWELL corpus + survey

tl 158,656 9394 7728 832 9127 208

2 326,118 13,252 10,978 1727 18,429 317

3 256,606 12,427 10,272 1604 14,371 401

t4 224,696 11,407 9483 1480 12,274 370

t5 256,957 12,378 10,251 1640 14,105 388

Total 1,223,033 58,858 48,712 7283 68,306 1684* (1028)

The number marked by * represents the total number of participants across test sessions, counting participation in each test session separately.

The number in parentheses represents the unique number of participants across all test sessions.

further aggregated by story (e.g., the number of syntactic
dependencies normed by sentence length, the maximum
depth of the syntactic tree, and the proportion of constituent
phrases in the sentence); and finally mean length of (written)
utterance as a measure of writing ability. For motivation
and references, see Supplementary materials S1. Regres-
sion models fitted to each of the eight dependent variables
demonstrated a strong effect of story type. These findings
suggest that the story types are structurally separable based
on their lexico-syntactic form, in line with our expectation.
For full details of analyses, see Supplementary materials S1.

Topic modeling

Topic modeling is a primary tool of our analyses. We used it
to identify the content of narratives elicited under different
instructions and thus associated with different story types;
quantify differences in content between the story types; link
the content of specific story types with the distinct facets of
autobiographical memories that they tap into; and finally
determine the general and specific changes in the content of
story types over the period of data collection, prior to and
during the COVID-19 pandemic.

Topic modeling belongs to the family of unsupervised
machine learning algorithms, i.e., methods used to discover
underlying structure in unseen data based solely on those
data, without resorting to the researcher’s intuition. Topic
models operate on distributions of word frequencies within
and across documents and estimate a data generating pro-
cess for each document. The generative language component
of the model starts with two distributions: one associates

documents with topics and another associates topics with
words used in the documents (Blei, Ng, & Jordan, 2003;
Roberts, Stewart, & Airoldi, 2016; Roberts et al., 2019);
for an elaboration of the data-generating process see Sup-
plementary Materials S2.

After training, a topic is defined as a mixture of words
that often co-occur with each other within and across docu-
ments in the given text base. Furthermore, each word in the
available data is associated with a probability of pertaining
to a specific topic. Words with a high probability of being
connected to a given topic are the most salient representa-
tives of this topic relative to other topics: Such words are
used by researchers to provide a post hoc label for the topic
and determine its content. Similarly, a trained topic model
represents a document as a mixture of topics, with some
topics typically represented in the document more saliently
(with a higher probability) than others (Blei et al., 2003;
Roberts et al., 2019). Thus, a document about a single event
such as WEDDING may represent several themes, e.g., people’s
names and social roles (e.g., bride, groom, best man, mother-
in-law), location, time, food, and others. Topic modeling
allows for an objective determination of recurring latent
language patterns—topics—in text data and makes it pos-
sible to identify multiple topics that contribute to a given
narrative.

Most often, topic models are used for automatic catego-
rization of documents based on shared topics, which makes
topic modeling indispensable for programmatic creation of
data archives, e.g., bioinformatics (for an overview see Liu,
Tang, Dong, Yao, & Zhou, 2016) and social sciences (for an
overview see Roberts et al., 2016). In psychological research,
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topic modeling has largely been used in one of two com-
plementary ways: to objectively identify the most common
ideas or themes recurring in the published literature (Hall,
Jurafsky, & Manning, 2008; Kuperman, Jarema, & Libben,
2021; Priva & Austerweil, 2015)or use the estimated topics
as features (see below). Previous studies have demonstrated
that the estimated document-topic distribution can be used in
a supervised setting, for example to predict writers’ personal-
ity and gender in (Schwartz et al., 2013), state of depression of
the writers in (Eichstaedt et al., 2018) or the emotional state in
(Sun, Schwartz, Son, Kern, & Vazire, 2020). In this study, we
utilized topic modeling in both ways. First, the study supplied
the narratives of the CoOSoWELL corpus as the input for topic
modeling in order to discover latent topics. Additionally, we
utilized document-topic distributions as features in modeling
the differences between the story types in Analysis 3. As part
of the data release, the outcomes of the trained topic model
are made available for future use.

The standard algorithm underlying topic modeling is the
latent Dirichlet allocation (Blei et al., 2003). In this study,
we utilized a more sophisticated structural topic model
(STM) developed by (Roberts, Stewart, Tingley, & Airoldi,
2013). The main advantage of STM is in its ability to incor-
porate meta-data pertaining to the documents (e.g., age or
gender of the writer, date of test session, or story type) as
covariates that contribute to the allocation of words to top-
ics and topics to documents. In other words, STM can be
used to estimate latent topics for specific story types or test
sessions or even the interaction between the two factors. We
made use of this option in Analysis 5. However, the initial
goal of our content analysis was to assess whether the topics
associated with the narratives in the corpus could be used to
discriminate between the story types even when the machine
learning algorithm had no access to information pertain-
ing to the story types. If we can demonstrate that narratives
were associated with different topics and that these topics
could be used to accurately classify the narratives into the
four story types, this would prove the validity of our design
decision, i.e., the use of the elicitation prompts to tap into
distinct facets of autobiographical memories. For this rea-
sons, Analyses 2—4 relied on the basic STM algorithm that
discovers topical structure from text documents (elicited
narratives in our case) without factoring in any covariates.

Model fitting We used lemmas rather than tokens (see defi-
nition of lemma above) in the subsequent modeling, which
alleviates data sparsity issues. To ensure that sufficient data
were available, all stories shorter than three sentences were
removed from the analysis. Additionally, all lemmas that
had a frequency less than two and did not appear at least
in two narratives were removed from the data. Finally, all
lemmas listed in the English stop word list provided in the R
package quanteda were pruned from the data (Benoit et al.,
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2018). The resulting data set consisted of 6816 narratives
and 11,261 lemmas serving as the vocabulary in the STM.

To estimate an optimal STM given the data, we searched
for the number of topics that provides the best semantic
quality of the fitted model: This number is labeled as the
hyperparameter k and is not known a priori. We fitted mod-
els while ranging k from 3 to 30 and recording values of
semantic coherence and exclusivity for each model. Seman-
tic coherence proposed by (Mimno, Wallach, Talley, Leend-
ers, & McCallum, 2011) is designed to measure semantic
quality of the topics. The score is similar to pointwise
mutual information and reaches its maximum value when the
most probable words in a topic also have a high frequency
of co-occurrence with each other. While semantic coherence
strongly correlates with expert judgements about the qual-
ity of topics (see (Mimno et al., 2011)), this score has been
shown to provide inflated estimates when a small number
of topics is dominated by frequent words (Roberts et al.,
2014). Thus, following (Roberts et al., 2019) we combined
coherence with another measure, namely exclusivity. This
measure of semantic quality factors in both word frequency
and the degree to which it is particular to a specific topic.
The R package STM provides an implementation of this
score referred to as FREX (Airoldi & Bischof, 2016; Bischof
& Airoldi, 2012).

The results of the search for the hyperparameter k are
visualized in Fig. 2. For the purposes of the present study,
we chose the model with 22 topics as it represented a bal-
ance across the two indices, i.e., a high value of seman-
tic coherence and exclusivity (for discussion see (Roberts
et al., 2019)). Specifically, semantic coherence had a small
peak at this K while the respective value of exclusivity was
located in a plateau, i.e., was identical to the values found for
20-25 topics. For consistency with the observed advantage
in semantic coherence, we settled on 22 topics. This final
model was further supported by our qualitative analysis of
the topics where we carried out a close reading of the narra-
tives along with their associated topics. Thus, the data were
refitted with k set to 22. We will refer to this final model
simply as the final STM. Analyses 2—4 reported below are
based on this model.

Interpreting topics through keywords To gain a better
understanding of the content of the estimated topics in the
final STM, we extracted 20 keywords for each of the 22
topics using the FREX method. The resulting keywords are
visualized as a word cloud in Fig. 3 and also provided as
a separate file for use in future studies. Additionally, we
assigned a label for each topic. It is important to emphasize
that the label is a researcher’s subjective summary of a par-
ticular topic’s content rather than its objective or authorita-
tive interpretation. It is also important to remember that the
number assigned to a particular topic is arbitrary.
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Fig.2 Model diagnostics for evaluating the number of topics. The vertical line indicates the chosen model (k =22)

In general, the keywords associated with a particular topic
indicated that STM was able to recover latent topics from
the narratives that cognitive aging research has previously
identified as recurring themes in manually coded life stories
(e.g., Thomsen & Berntsen, 2008; Thomsen et al., 2011). For
example, (Thomsen et al., 2011) reported 22 manually coded
themes (coincidentally matching with the number of topics
in our study) that covered a broad range of life circumstances
associated with a personal life story. These themes ranged from
childhood and education to such aspects of adult life as work,
family and spare time, to older age such as grandchildren and
retirement to death and illness (see also Kenyon et al., 1999).
Family life also figured prominently in the topics estimated
on the basis of the current corpus. Older adults produced life
stories with elements from their personal experiences from
FAMILY TIME tO FAMILY EVENTS as well as with a generational
perspective (FAMILY MEMBERS) (Randall et al., 2004). A com-
mon theme of work reported in prior literature resonated with
topics like MONEY and EMPLOYMENT. At the same time, some of
the estimated topics have not figured prominently in previous
studies, including poLITiCS and, obviously, experiences related
to the global pandemic, namely PANDEMIC EXPERIENCES and PAN-
peMIC LIFE. The ability of the computational method to identify
topics of relevance in the absence of a fixed scheme showcases
the strength of this method.

Since we used the Cookie Theft picture as a standard base-
line for eliciting stories, we expected the resulting narratives
on this topic to stand out in comparison to the three other story
types. Indeed, this appeared to be case as three of the estimated
topics were directly related to story type “cookie”. We will refer

to these simply as cookiE I, cookig II, and cookik III. Inter-
estingly, these topics were functionally separated. The topic
cookIE I was estimated to pertain to describing the objects in
the picture. This is important as the inability to describe the
salient objects in the picture has been connected to language
impairments with advancing age (for discussion see Cummings,
2019). The topic cookik II focused on verbalization of the child
as part of the scene depicted in the picture and the keywords
in the third topic emphasized verbalization of other depicted
characters and specifically the act of naming them.

Given the circumstances of the data collection, i.e., COVID-
19, it is not surprising that two topics directly referring to the
pandemic emerged from the life stories, namely PANDEMIC EXPERI-
ENCES and PANDEMIC LIFE. The topic PANDEMIC EXPERIENCES appears
to capture episodic memories of everyday events and how these
have been influenced by the COVID-19 pandemic, with such
keywords as mask, appointment, and grocery. On the other hand,
the topic PANDEMIC LIFE pertains to the perception and appraisal
of one’s daily life during COVID-19, with keywords like feel,
quarantine, good, bad, and tired.

With the topic model described above, the remainder of
the Results section examines the validity of the CoSoWELL
corpus as a research tool by reporting targeted analyses of
the topics against story types and time.

Analysis 2: Topic distributions and story types

Thus far the analysis of the topics generated by the model
has demonstrated that they were linguistically meaningful.
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However, this type of content analysis alone does not inform
us whether the story types used as a prompt are functionally
separable. This is critical for the purposes of the present
study as the premise of the study relies on the fact that the
cookie story served as a control and the other three story
types (past, yesterday and future) evoked different auto-
biographical memories. It is important to remember that
the fitted topic model was unsupervised and it was never
exposed to the information pertaining to the story type
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during training. Thus, any detectable signal pertaining to
the story type emerged directly from the learning process.
We turn to document-topic distribution to further investigate
the relationship between the elicited life stories and autobio-
graphical memory.

A topic model associates a given narrative with a specific
document-topic distribution: Here, each narrative comes
with an estimated probability distribution across the 22 top-
ics. The document-topic distribution depicts which topics
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were estimated to be more prominent in a given narrative.
The document-topic distributions open a window into the
content evoked by the story types (past, yesterday, future
and cookie) and then their subsequent verbalization. By way
of example, in Supplementary materials S3, we illustrate
the property of a topic model to associate a specific narra-
tive with a document-topic distribution by considering two
extreme cases: a narrative that was estimated to be domi-
nated by a single topic while the second story was estimated
to display multiple topics simultaneously. The overall docu-
ment-topic probability distribution of the narratives relative
to the four story types is visualized in Fig. 4.

It is evident that certain topics were predominantly asso-
ciated with a specific story type, see below. For instance, the
document-topic probability distribution for the story type
depicting the Cookie Theft featured three peaks in the over-
all distribution, not found in any other story type. Thus, this
story type demonstrated a clear-cut and expected separation
from the other three story types. Similarly, the topic labeled
Outdoors was strongly present in the narratives about dis-
tant past, but not those about the recent past or the future,
which congruent with the pandemic-related isolation. Retire-
ment, on the other hand, was a strongly prominent topic for
the Future narratives, but virtually absent from other story
types. This, again, is congruent with the large proportion
of pre-retirement individuals among the CoSoWELL par-
ticipants. Overall, the visualization of the document-topic
probability distribution indicated a degree of alignment
between constellations of specific topics and particular story

types although the final STM was not aware of the story
type during the model fitting. In the following analysis, we
formally test this separability of the story types based on the
document-topic probability distribution.

Analysis 3: Predicting the story type of a life story

This analysis used the computational technique of random
forests to classify the narratives into the story types based on
the document-topic distribution that the final STM estimated
for each narrative. As a reminder, the fitted STM has never
been exposed to the story type information during its learn-
ing process. If the topical structure of a narrative (encoded in
the document-topic distribution, Analysis 2) can accurately
predict its story type, this demonstration would give a posi-
tive answer to the critical question. It would demonstrate
that the prompts used for the story types were successful in
eliciting structurally (Analysis 1) and functionally distinct
and semantically identifiable linguistic patterns in partici-
pants’ narratives.

Model fitting of the random forests To investigate the sepa-
rability between the four story type, we used a random for-
ests technique (RF) implemented in the R package ranger,
version 0.12.1 (Wright & Ziegler, 2017), a more efficient
implementation of the original algorithm by (Breiman,
2001). This technique is widely used in language research,
including reading (e.g., Matsuki, Kuperman, & Van Dyke,
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Table 6 Confusion matrix of the RF based on the test data. Correctly
classified narratives are located on the diagonal

Observed
Predicted cookie future past yesterday
cookie 402 0 3 3
future 2 332 43 59
past 9 29 366 49
yesterday 3 55 31 316

2016), phonetics (Arnhold & Kyroldinen, 2017) and lan-
guage variation (e.g., Tagliamonte & Baayen, 2012) among
others. We used the same data set across the RF and STM.
However, before training the RF, the data were split into
training (75%) and testing (25%) with stratified sampling to
ensure that the critical variable of story type was balanced
across the splits of the data. The RF were used to classify
the four story types as a function of the 22 document-topic
distributions.

There are effectively two hyperparameters that are gener-
ally considered to impact the performance of the RF, namely
mtry controlling the number of predictors that are randomly
sampled and available during a split in a given tree and num.
tree controlling the number of the trees used in the model
(Breiman, 2001; Strobl, Malley, & Tutz, 2009). A grid-
search was carried out using a fivefold cross-validation based
on the training data to find the optimal value for them. In
the grid search, the mtry was set to 2, 4, 6, and 8 (by default
this hyperparameter is set to \/13 where p is the number of
predictors used in the modeling). The num.tree, was set to
500, 1000, and 2000. Area under the ROC curve (AUC) was
used as the optimization criterion. The results of the tuning
process showed that the optimal values for the hyperparam-
eters were: mtry =6 and num.tree = 1500. Lastly, the RF
were retrained on the full training data using these tuned
values for the hyperparameters. All other parameters of the
model were kept at their default value. The evaluation of the
model performance is reported in the next section.

Model evaluation of the random forests The RF achieved
an excellent classification performance on the test data with
an AUC of .96 (Hand & Till, 2001). Critically, the balanced
accuracy of predicting a story type for a given narrative
based on the document-topic distribution for that narrative
was 89%. The predictive performance of RF on the test data
is reported as a confusion matrix in Table 6.

The results demonstrated that the document-topic dis-
tribution learned by the STM captured meaningful linguis-
tic patterns, which provide highly accurate classification
into the four story types. This analysis supplies quantita-
tive evidence to the successful discrimination between the
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story types, which was clearly visible in Fig. 4. That is, the
prompts used for eliciting written production in the CoSoW-
ELL project were effective in generating differences in ver-
balization of respective experiences. Additionally, “cookie”
as a story type clearly functioned as a separate category from
the other three. Only six stories of the “cookie” type were
misclassified and as a story type it did not strongly attract
any other types either. Hence, we can conclude that the use
of the Cookie Theft picture fulfilled its primary function of
serving as a control. At the same time, the important result
here is the fact that the narratives themselves contained
enough systematic linguistic information that could be har-
nessed and utilized in further analyses.

In sum, we have provided evidence that the methodology
devised in this project fulfilled one of its core functions of
eliciting linguistically distinct narratives. The prompts used
in this study were sufficient to evoke different responses in
the verbalization of the writers’ experiences. However, it is
entirely another question whether the systematic nature of
the story types also reflected aspects of autobiographical
memory. The following section addresses this question.

Analysis 4: Story types and themes
of autobiographical memories

We asked whether the systematic patterns discriminating the
story types mirror any aspects of autobiographical memory.
To investigate this, we turned to the latent topics identified
as relevant by STM and examined their contribution to the
accuracy with which the random forests model classified
narratives into story types.

As a first step, we estimated the relative variable impor-
tance for the 22 topics as predictors in the random forests
classification model. This provided a global relative ranking
of the topics in discriminating the four story types, high-
lighting the central role of both the autobiographical and
pandemic-related ideation in the content of the narratives.
The results are reported in Supplementary materials S4.

The global relative variable importance does not inform
us about the contribution of a specific topic in discriminat-
ing a given story type. For example, the topic cOOKIE 1 was
ranked as the most important predictor by the RF model.
While valuable, it does not provide information regarding
which of the story types were discriminated by this topic or
how strongly. This information is required in order to relate
the narratives to aspects of autobiographical memory. Thus,
as a second step, we evaluated the contributions of the indi-
vidual topics in discriminating between the four story types.
This was achieved by constructing a partial-dependence pro-
file (PD profile) for each of the predictors (Friedman, 2001).
This profile displays how the predicted probability for a spe-
cific story type varied given the values of a predictor while
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y-axis and the x-axis gives the values associated with a specific predictor (topic) broken down by the four story types

the other predictors were held constant. As there were four
story types, a given DP-profile consisted of four estimates
for a given predictor. In the case of cookik 1, this method
provided an estimation of how the predicted probability
varied for each of the story type when the values of cOOKIE
1 changed. Hence, PD profile captures how the expected
model prediction behaved as a function of a given predictor
(topic) for each story type. We used the implementation in
the R package DALEX, version 2.2.0, (Biecek, 2018). Here,
we present the results for those topics that were estimated
to have a strong positive correlation with a particular story
type, i.e., the predicted probability for a specific story type
increased as the values of the predictor increased.

The PD profiles for the story type “cookie” are visual-
ized in Fig. 5. As expected, the predictors that were labeled
as cookie-related topics also served to discriminate the
“cookie” story type from the other types. As the probabil-
ity of the cookie-related topics increased so did the average
predicted probability of the model for the “cookie” type.

Story type “future” featured topics of retirement, adventure
and family time as the strongest predictors. The PD-profiles are
visualized in Fig. 6. The results indicated that the future out-
look was strongly connected to episodic events, i.e., memories
of specific, personally experienced events, such as the topic
of ADVENTURE and FAMILY TIME (in line with Rathbone et al.,
2015). Furthermore, retirement constitutes an important land-
mark event that marks a transition in the personal life story, as
indicated in prior literature (see Thomsen & Berntsen, 2008).
This aligns well with the strong positive correlation between
the topic RETIREMENT and the future outlook.

The third story type examined here was “yesterday”. The
contributions of the most important predictors are visualized
in Fig. 7. All these topics indicated a strong link to episodic
events, e.g., the topic weekenD and the topics directly related
to COVID-19, namely PANDEMIC EXPERIENCES and PANDEMIC
LIFE. This finding points to the central role that the lived
experience of the pandemic plays in the perception of the
recent events.
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Story type “past” was strongly correlated with the top-
ics linked to family life, i.e., FAMILY MEMBERS and FAMILY
EVENTs displaying both semantic and episodic components.
The critical role of these two topics was anticipated given
prior research on autobiographical memories of personal
life events in the past. They tend to be strongly influenced
by family ties and the social activities that come along
with these ties (Nelson, 1996). It is by telling and sharing
these stories that tellers shape the constituent parts of their
life stories (Fivush, 2008). The final predictor strongly
association with the story type “past” was topic EDUCATION.
This also aligns with the prominent role of education as a
formative experience that has emerged in results of previ-
ous studies on autobiographical memory regarding past
life events (e.g., (Thomsen et al., 2011)).

Analyses 3 and 4 jointly demonstrated that the doc-
ument-topic distributions of individual narratives were
strongly associated with specific story types. This sug-
gests that the four story types produced markedly differ-
ent responses in the participants. Moreover, the analyses
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showed that the topics that were estimated to provide the
strongest discrimination between the story types were
also aligned with previous studies investigating aspects of
autobiographical memory. Thus, the collected narratives
in the CoSOoWELL corpus can be interpreted as faithfully
reflecting aspects of autobiographical memory(Fig. 8).

Analysis 5: Topic frequency changes over time

Analyses above established the number and nature of the
topics that best represent the content of the CoSoWELL
narratives across story types, yet did not address the tempo-
ral structure of this time-series. Given the dynamic context
of the pandemic, it is expected that the relative frequency
of some of the topics fluctuated in narratives produced at
different time points. We harnessed additional functions of
structural topic modeling (STM) that allow a formal estima-
tion of the effect that covariates—Ilike time and story type—
may have on the allocation of words to topics and topics to
documents. Specifically, we examined for each story type
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which of the 22 topics demonstrate a significant temporal
change in frequency across the five test sessions of the data
collection period. Estimated effects of test session make it
possible to pinpoint those topics and also the precise time
interval in which the change in the topic frequency took
place. This analysis directly pursued one of the paper’s goals
to characterize the psychological outcomes of the COVID-
19 pandemic in older adults.

We fitted a structural topic model (STM) using the same
data as in Analyses 2—4. The only difference between this
model and the STM reported above is an inclusion of the
story type X test session interaction as a meta-data covariate
that may affect topical prevalence, i.e., the frequency with
which a given topic is discussed. The model outcome is the
prevalence of a topic estimated across story types and test
sessions, along with inferential statistics.

This section focuses on the story types pertaining to
autobiographical memories, namely “past”, “yesterday”
and “future”. In each of the story types, a statistically sig-
nificant temporal change (at the 5% level) was indicated

for at least one topic, detailed below. When a significant
change in topic prevalence did occur, its character was
highly consistent. In most cases, test sessions t1-t2 were
significantly different from sessions t3—t5, while no dif-
ference between sessions was found within either set of
timepoints. This suggests that written texts contributed
before the pandemic and in its first months (t1-t2) were
highly similar in the selection and coverage of topics that
participants chose. The shift in the topical prevalence
typically took place between t2 and t3 (April 2020 and
June 2020)—several months into the pandemic—and has
remained relatively constant throughout the remainder of
the data collection period. This temporal pattern converges
perfectly with our analyses of affective and sensorimotor
semantics in CoOSoWELL narratives (Kyroldinen & Kuper-
man, 2020) and provides empirical material for testing
recent theories on the long-term COVID-19 impact on
autobiographical memories (Brown, 2021).

Figure 9 summarizes topics which demonstrated a sig-
nificant (at the 5% level) change in prevalence over time.
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A useful datum in interpreting these results is the baseline
prevalence of a topic, e.g., the frequency with which an aver-
age topic is discussed if all topics are equally distributed over
the narratives. In our data, the baseline prevalence was 1/22
= 4.5%: Where it falls within the plot range, it is marked as
a vertical dotted line in respective panels of Fig. 9.

Most observed changes took place in narratives about
recent past, i.e., the story type “yesterday” (two top rows of
Fig. 9). Topics labeled HEALTH and LIFE AND DEATH saw a drastic
increase in prevalence between sessions t2 and t3, while topic
WEEKEND saw an opposite change—to a much lower relative
frequency—in the same time interval cf., (McKinnon et al.,
2014). This reveals that the experience of the pandemic led
to an increased focus on medical issues and threats to liveli-
hood and a diminished role of entertainment and leisure in
perception of the recent past among older adults. The one
exception to the timeline of the change in content was associ-
ated with the topic labeled PANDEMIC EXPERIENCE (second row
right panel). The maximum prevalence was observed at t2, in
the first few weeks of the global lockdown in North America,
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when pandemic experiences were most novel and salient in
collective consciousness and discourse. For interpretability of
topic labels in this section, we refer the reader to Fig. 3 which
reports each topic as a word cloud of the 20 most diagnostic
keywords.

A semantically similar shift characterized story type
“past” in Fig. 9 (third row). Even though the narratives of
this type related an event in a person’s distant past, which
COVID-19 did not affect, the influence of the pandemic
was visible in verbalization of distant past. Similar to story
type “yesterday”, a significant increase in prevalence was
observed in topic HEALTH, with a step-wise change between
test sessions t2 and t3. Also, topic ouTpoORS showed a drop
in prevalence in the same time interval, supporting the find-
ing above that issues of entertainment and leisure withdrew
from the public discourse as the pandemic unfolded.

Finally, story type “future” (bottom row of Fig. 9)—
which arguably reflects future outlook—incorporated a more
frequent discussion of the topic we labeled LIFE AND DEATH.
While similar to the pattern found in story type “yesterday”,
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the increase in prevalence of this topic took place at a later
time period, between test sessions t3—t4 (rather than t2—t3).
This suggests a possibility that topics relevant for perception
of recent events take time to affect the future outlook and
the language that is used to describe it. If this hypothesis is
correct, subsequent test sessions may reveal that story type
“future” replicates changes in topical prevalence of story
type “yesterday” but in a staggered way, with a delay.

In sum, Analysis 5 demonstrated the CoSoWELL corpus
to be a valid source of data for studies interested in both the
content of autobiographic memories and their change due to
the psychological impact of the pandemic.

General discussion

This paper presents the Cognitive and Social Well-Being
(CoSoWELL) project which consists of two components.
The one component in the focus of the present analyses is
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dates: t1 = 2019; t2 = from 2020-04-08 to 2020-06-16; t3 = from
2020-06-17 to 2020-06-30; t4 = from 2020-10-14 to 2020-11-05 and
t5 = from 2021-01-12 to 2021-02-15

the corpus, a collection of English-written narratives elic-
ited from North American older adults and supplemented by
the second component, i.e., demographic and psychological
participant data collected through the survey. The original
goal of the project was to create a resource that would enable
researchers to identify linguistic markers of age, retirement,
social isolation, and loneliness in written productions both
longitudinally within-participants and between participants.
The main anticipated use of the resource was to examine how
patterns of language use are affected by processes of aging
and psychological states related to the intensity and nature
of one’s verbalization of lived experiences and whether these
patterns can be used predictively or diagnostically. The onset
of the COVID-19 pandemic and the lockdown brought about
the oft-reported exacerbation of feelings of loneliness and
social isolation, especially in older adults who require a
more thorough isolation and physical distancing because
of greater mortality (Lebrasseur et al., 2021). The CoSoW-
ELL project pivoted to incorporate an additional goal of
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characterizing the psychological outcomes of the COVID-19
pandemic, and its specific impact on one’s autobiographi-
cal memories and perception of the distant past, the recent
past and future outlook (Brown, 2021). The present paper
lays the groundwork for achieving these goals by introduc-
ing the first release of the project (CoSoWELL version 1.0)
and validating the theoretical premises that went into design
decisions for creating the CoSOWELL corpus (see below).
We also offer an overview of future research directions that
CoSoWELL data may aid in pursuing, beyond the scope of
this methodological paper.

The current release of the corpus (CoSoWELL version
1.0) is large as it covers over 1.3 million tokens contributed
by 1178 unique participants. A unique feature of the corpus
is that it represents a time-series of five test sessions with
repeated measures from roughly half of the participants and
has a time coverage from before the COVID-19 pandemic
through the first year of the global lockdown. Data collection
is ongoing and additional corpus releases are planned (see
below). At each test session, narratives were elicited in the
same controlled way, using prompts that instructed partici-
pants to write a total of four narratives. Prompts for three of
the story types—writing about a significant life event in the
distant past, describing their day yesterday, and describing
an anticipated event in the future—were chosen because they
anchored narratives relative to veridical time, namely distant
past, yesterday, and future, and were expected to tap into
different facets of the writers’ autobiographical memories.
Only certain memories are significant and can become part
of an individual’s life story.

We anticipated and then observed that story type “yes-
terday” was the most revealing regarding the psychological
impact of the pandemic. Narratives related to future—and
the formal and semantic choices at the lexical and topical
level made in writing them—provide yet another comple-
mentary window into the nexus of narratives and language
use, pointing to the writer’s future outlook. Additionally,
the corpus contains stories written as a description of the
Cookie Theft picture that is widely used in clinical studies
as a standard tool for diagnosing cognitive well-being (for
an overview see (Cummings, 2019) and also the Introduc-
tion for discussion). The function of the story type “cookie”
was to serve as a control/baseline condition, against which
to compare narratives produced under the other three story
types, both within a given test session and over time.

The utility of the CoOSoWELL project to achieve the pro-
posed goals hinged on the validity of its narratives as a lin-
guistic window into psychological states related to diverse
facets of autobiographical memories and to the ongoing pan-
demic. This paper set out to explore this validity in a series
of analyses of the linguistic structure and the content of the
narratives in the corpus. First, using regression modeling
and structural topic modeling (STM), we showed that the
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prompts associated with the four chosen story types elicited
narratives that were distinct and separable in their lexico-
syntactic properties (Analysis 1) and the nature and compo-
sition of their topics (Analysis 2). As the next step, Analysis
3 used a random forests machine learning technique to prove
that the topics estimated by the STM provided a very accu-
rate (89%) classification of individual narratives into story
types. Importantly, the STM that learned the topic structure
from the narratives only had exposure to word counts and
was blind to all the meta-data regarding those narratives,
including what story type they were elicited under. This
strongly suggests both a formal and functional separability
of the four story types.

This separability is useful only to the extent that each
story type taps into a relevant facet of autobiographical
memory. Analysis 4 presented the variable importance of
the predictors based on the random forests. This highlighted
the topics that were most influential for the accurate clas-
sification of narratives into story types. For each story type
related to autobiographical memory (“past”, “yesterday”,
and “future”), these topics showed an excellent convergence
with the prior literature on the content of autobiographical
memories or—in the case of rare catastrophic events like
the pandemic—with the researchers’ subjective intuitions
about the topics that are at the forefront of the writer’s mind.
Writing about distant past thus evoked topics like FAMILY LIFE
and FAMILY MEMBERS, as well as EDUCATION, all described in
prior memory research as central anchoring themes of one’s
self-perception (e.g., Thomsen et al., 2011).

Future outlook highlighted such topics as ADVENTURE and
FAMILY EVENTS, as well as retirement with its obvious rel-
evance to many participants in our age group of 55+ (e.g.,
Thomsen & Berntsen, 2008; Thomsen et al., 2011). Topics
central for stories about recently lived experiences (“yester-
day”) were directly tied to the COVID-19 pandemic, which
is not surprising given the salience of this ongoing event.
On the basis of computational analyses, we conclude that
the content of the CoSoWELL narratives is reflective both
of entrenched autobiographical memories and also of the
dynamic circumstances of the writers’ day-to-day life. Thus,
the corpus is a valid source of psychologically relevant data
for pursuing the first goal of the project, i.e., studying the
effect of age and social context on the formal and semantic
structure of language use in English-speaking older adults.

We also contributed to the second goal of the project by
characterizing some aspects of the psychological impact of
the COVID-19 pandemic. Analysis 2 uncovered two topics
(PANDEMIC LIFE and PANDEMIC EXPERIENCE) directly related to
lexical items that were either specifically coined or rose in
their frequency of use since the start of the pandemic. Analysis
4 further indicated that these topics were the ones that dis-
criminated the most between the writer’s experience of recent
events (story type “yesterday”) from other experiences. The
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clearest insight into the impact of the pandemic was borne
out in Analysis 5, where a structural topic model was fitted to
individual narratives with a story type X test session interac-
tion as a covariate. This analysis determined changes in topic
prevalence—how often the topic is discussed—over time for
each story type. The main findings were a drastic increase in
the prevalence of topics related to health and well-being and a
parallel decrease in the topic prevalence related to leisure and
entertainment. Narratives about the recent past (“yesterday”)
also indicated a direct impact of the pandemic experience by
showing a prevalence increase in respective topics. Yet, these
changes were observed in all autobiographical story types.
Even though the COVID-19 pandemic did not affect the writ-
ers’ past and may not constitute a sizable part of their future,
it has clearly influenced their perception of self and led to a
sweeping revisiting of one’s personal, lived experiences.
Beyond outlining the nature of the changes in narra-
tives (and by implication, psychological states) over time,
Analysis 5 generated a time-locked account of when exactly
these changes took place. With only few exceptions, a shift
in topic prevalence—arguably mirroring a shift in the pub-
lic consciousness—occurred some 4 months after the onset
of the global lockdown in North America, in the interval
between test session t2 (April 2020) and t3 (June 2020).
The one exception was the topic we labeled PANDEMIC EXPE-
RIENCE, which increased in prevalence already at t2, e.g., 3
weeks after the lockdown took place. The data also suggest
that the same topics that characterize one’s perception of
recent events migrate to one’s future outlook, but with a
possible delay in time. Taken together, these findings quan-
tify the degree of inertia in the psychological response to
the COVID-19 pandemic and can be used comparatively by
researchers interested in the public response and recollection
of other catastrophic events, e.g., the 9/11 terrorist attack,
school shootings, or prior pandemics (Barber & Mather,
2014; Fischer-PreBler, Schwemmer, & Fischbach, 2019;
Cohn et al., 2004; Luhmann & Bleidorn, 2018; McKinnon
et al., 2014). Thus, the CoOSOWELL corpus is a rich and
novel source of data regarding the psychological state of
older adults and its change over the course of the pandemic.

Limitations and future directions

We view the key role of the present paper as an introduction to
the CoSoWELL project and an empirical validation of the design
decisions and theoretical premises. By opening this resource to
the research community, we aim at boosting research into the
cognitive and social well-being of older adults, with an emphasis
on the psychological impact of the COVID-19 pandemic.

As stated in the Introduction, CoOSoWELL data offer more
research possibilities than this paper covers. A critical ques-
tion, which can be answered with the presently published

demographic data in hand, is the link between story content
(including its change throughout the COVID-19 pandemic)
and such characteristics as age, gender, education, and place
of residence of the writer. The influence of demographic
parameters on attitudes towards the pandemic and severity
and nature of its psychological impact on mental health is
at the forefront of current research (e.g., Bernabe-Valero,
Melero-Fuentes, De Lima Argimon, & Gerbino, 2021;
Carstensen, Shavit, & Barnes, 2020; Kyroldinen, Luke, Lib-
ben, & Kuperman, 2021; McElroy et al., 2020). Moreover,
with Canada and the USA as two (unequal) sources of data,
it may be feasible to link the dynamics of narrative change
in writers from these countries to the different unfolding of
the pandemic in those countries (Jaggers, Gillet, Kuperman,
Kyroldinen, & Sonnadara, 2022; Pickup, Stecula, & Van Der
Linden, 2020). We anticipate that examination of the affec-
tive and sensorimotor dimensions of the narratives produced
before and during the pandemic (Kyroldinen & Kuperman,
2020) against extra-linguistic data on the writers will enable
researchers to formalize and quantify this link.

Future work will be further facilitated by the planned
releases of the CoSoWELL corpus, which will include data
from psychological surveys from participants, including their
self-rated estimates of loneliness, social isolation and memory
functioning. Together with the demographic data, CoSoW-
ELL materials will reveal how the strength of one’s social
network and social engagement modulate one’s experience of
the pandemic, as revealed in patterns of language use.

While our own methodological toolkit leans towards
quantitative analyses of linguistic data, CoOSOWELL stories
readily lend themselves to qualitative analysis. For instance,
these stories can reveal sources of emotional and cognitive
resilience that older adults showed under the pandemic (Jag-
gers et al., 2022). They can also point to resources and expe-
riences that helped older adults endure and overcome the
major disruption of their lives. The stories may also reveal
how critical the ability to stay connected was for coping
with the impact of the pandemic. Plausibly, the demographic
section of CoSoWELL will make it possible to analyze dif-
ferences between types of communities (e.g., urban vs. rural)
or even communities in a specific locale. Thus, we foresee
a fruitful use of content analysis linking stories to personal
and community characteristics of the writers'.

The CoSoWELL project is not without limitations. A
central one is that it is based on a self-selected sample of
North American older adults (554) who have technology,
knowledge, and means to access one of the crowdsourcing
platforms (Amazon’s Mechanical Turk or Prolific) to partici-
pate in data collection. Thus, the resource is built on data
that do not cross the “digital divide” and thus is not repre-
sentative of those older adults who have suffered the most

! We thank the anonymous reviewer for raising this point.
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from consequences of digital inequity and its implications
for social and physical isolation and mental health (Figueroa
& Aguilera, 2020; Van Jaarsveld, 2020). Another limita-
tion—driven by the imbalance in national representation
in crowdsourcing platforms—is a skew towards US-based
rather than Canadian-based participants, making difficult a
comparative analysis of these two countries.

In conclusion, a detailed understanding of the factors that
contribute to or, conversely, harm cognitive and social well-
being of older adults is a goal of academic, social, and eco-
nomic importance given the growing percentage of the aging
population in North America and world-wide. This importance
has increased multi-fold due to the medical and psychological
impact of the COVID-19 pandemic. The physical and social
isolation indicated as counter-measures to the pandemic
greatly exacerbated feelings of loneliness and anxiety in this
age group. We propose that the CoSoWELL corpus is a valu-
able and valid resource to address some of the most present
and pressing challenges that psychological science faces today.

Availability

The CoSoWELL project (version 1.0) is publicly available
and can be downloaded from the Open Science Framework
at https://osf.io/x4s28/?view_only=659fc5216cal477e8013
06d05ac0Ofeaa (the current version is for reviewing purposes
only; full access will be given after acceptance). The web-
site https://akkyro.gitlab.io/project/cosowell/ will provide
all updates related to new data releases, data collection and
publications. As part of this release, the following files are
made publicly available.

e A compressed corpus stored as an R data frame (cosow-
ell_corpus_v1.Rds

e A compressed corpus stored as a tab-delimited text file
(cosowell_corpus_v1.txt.gz)

e A compressed “matched” corpus (with data from partici-
pants who completed both the narrative writing and the
survey tasks) stored as an R data frame (cosowell_cor-
pus_matched_v1.Rds)

e A compressed “matched” corpus (with data from partici-
pants who completed both the narrative writing and the
survey tasks) stored as a tab-delimited text file (cosow-
ell_corpus_matched_v1.txt.gz)

e A compressed survey stored as an R data frame (cosow-
ell_survey_v1.Rds)

e A compressed survey stored as a tab-delimited text file
(cosowell_survey_vl.txt.gz)

e Document-topic distribution as an R file (doc_topic_dist_
v1.Rds) and as a tab-delimited text file (doc_topic_dist_
v1.tsv)
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e Topical keywords as an R file (topical_keywords_v1.Rds)
and as a tab-delimited text-file (topical_keywords_v1.tsv)

Any future release will have its own version number and
different URL to ensure the ease of availability of the data
and the replicability of studies relying on a specific version
of the corpus.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.3758/s13428-022-01926-0.
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