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ABSTRACT

Objective: Loneliness, when prolonged, is associated with many deleterious effects and has been shown to be highly prevalent in those with a
history of stroke, yet the cognitive mechanisms underpinning this phenomenon remain unclear. Therefore, the current study aims to investigate
the extent to which cognitive factors, with specific focus on processing speed, are associated with loneliness in those with a history of stroke.

Method: Utilizing data from the British Cohort Study, a nationally representative dataset, we conducted secondary data analysis. A total of 7,752
participants completed relevant questions related to health, social interactions, demographics, loneliness, and cognitive assessments. Among
them, 47 had experienced a stroke (“stroke,” n = 47), 5,545 reported other health conditions (“ill,” n = 5,545), and 2,857 were deemed healthy
(“healthy,” n = 2,857).

Results: Consistent with previous research, our findings confirmed a positive correlation between stroke history and heightened loneliness.
However, inferential analysis revealed that processing speed, alongside other cognitive factors, had a minimal impact on loneliness, with
correlations too small to draw definitive conclusions.

Conclusion: This study suggests that cognitive processing speed alone is not a robust predictor of loneliness in stroke survivors. Consequently,
when developing interventions to combat loneliness in this population, it is crucial to consider a broader spectrum of factors, such as social
engagement, emotional wellbeing, and interpersonal relationships. This underscores the imperative need for comprehensive assessments to

better comprehend the multifaceted nature of loneliness and inform more effective intervention strategies.
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INTRODUCTION

Loneliness is defined as a discrepancy between the quality of
one’s desired social relationships and one’s actual social relation-
ships (Perlman & Peplau, 1998). Loneliness and social isolation,
although theoretically connected, possess distinct conceptual,
clinical, and empirical differences (Coyle & Dugan, 2012). Social
isolation reflects objective aspects of social connection including
frequency and duration of social contact, as well as proximity
to others. In contrast, loneliness reflects a person’s subjective
perception of the degree to which their social needs are being
met. Therefore, being alone does not necessitate that one would
experience loneliness. Equally, many people report experiencing
loneliness despite being socially connected and integrated. As
such, one can feel lonely in a crowd or find peace in solitude.
When loneliness is prolonged, it is associated with many dele-
terious effects both physiologically and psychologically, includ-
ing poor sleep, anxiety, depression (Zawadzki et al., 2013), high
blood pressure and stroke (Hawkley et al., 2010), as well as heart
disease (Yanguas et al.,, 2018). These substantial health effects

are coupled with loneliness being experienced by 20%-25% of
the population at any one time (Cacioppo & Patrick, 2008),
with more people becoming lonely in recent years (Groarke
et al,, 2020). Therefore, studying the causes and consequences
of loneliness is a highly relevant topic of research, which spans
the investigation of basic underlying mechanisms to real-world
interventions.

The existing literature predominately investigates the causes
and consequences of loneliness in older adult populations (Boss
et al, 2015) or those with neurodegenerative conditions, such
as dementia (Victor, 2021). Little attention is given to those
who have other non-progressive neurological conditions, such as
acquired brain injury (ABI). A specific subgroup of ABI that has
been studied in the context of loneliness is stroke. For example, a
recent large-scale study, which used nationally representative sur-
vey data in two separate samples of ~8,000 individuals, revealed
that loneliness is highly prevalent in the stroke population, with
up to one in three stroke survivors reporting higher levels of
loneliness (Byrne et al., 2022a). This initial work provided clear
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empirical evidence that loneliness was elevated in stroke sur-
vivors.

Theoretical papers, like Byrne and coworkers (2022b), have
delineated how cognitive impairment post-brain injury could
affect social connections, aligning with established loneliness
models like the reaffiliation motive model (Qualter et al., 2015).
For instance, damage to the left and right dorsolateral prefrontal
cortex has been linked to deficits in executive control, involv-
ing challenges with planning, flexibility, and inhibition, crucial
for socially adaptive behaviors (Moriguchi, 2014). Furthermore,
Hertrich and coworkers (2021) discuss how damage to the left
dorsolateral prefrontal cortex may lead to processing difficulties,
potentially contributing to social isolation as individuals strug-
gle with the complexity of social interactions. However, despite
theoretical exploration in this area, there is limited empirical
evidence demonstrating how cognitive mechanisms mediate the
experience of loneliness following brain injury.

One of the most prevalent cognitive challenges faced by indi-
viduals with various forms of ABI is related to impairments in
processing information efficiently and quickly, which constitutes
the initial crucial step in encoding information into memory.
Therefore, the primary aim of the current study was to estimate
the extent to which loneliness varies as a function of processing
speed. In addition, other cognitive factors, such as memory and
verbal fluency, will be explored in both the healthy population
and those with a history of stroke.

Stroke, ischemic and hemorrhagic, is a leading cause of death
and disability in the United Kingdom. The incidence rates for
a first-time stroke are ~50 per 100,000 people. Thankfully, as
medical interventions advance, there are more people surviving
stroke each year. Approximately 1.3 million individuals are esti-
mated to be living in the United Kingdom after experiencing a
stroke (Stroke Association, 2021). To provide some perspective,
this figure signifies that roughly 2% of the UK. population has
a history of stroke. A significant portion of these individuals
may experience enduring psychological, physical, and cognitive
consequences, potentially rendering them susceptible to social
isolation and loneliness (Stroke Association, 2021).

Recent work by Byrne and colleagues (2022a) revealed that
those with a history of stroke were at least 70% more likely to
report loneliness when compared to a healthy population. In
addition, the experience of loneliness in this population could
not be explained by objective social factors such as frequency of
social contact. This suggests that typical interventions address-
ingloneliness through increasing social contact alone may not be
effective. Therefore, it is important to consider other non-social
factors when considering alleviating loneliness in the stroke pop-
ulation. This may include examining whether the cognitive con-
sequences of stroke affect social functioning and, if so, what
domains of cognition are important when considering the expe-
rience of loneliness in the stroke population.

To our knowledge, only a few studies have investigated
the relationship between cognitive correlates and loneliness.
The initial results in healthy populations are mixed, but
generally show that loneliness is negatively correlated with
several cognitive processes, such as processing speed, immediate
memory, and delayed memory (Boss et al., 2015; Okely & Deary,
2019). Impairments in executive functioning, including working

memory and planning, have also been found to be a significant
predictor of loneliness (Sin et al., 2021). Therefore, those that
report more frequent experiences of loneliness tend to show
lower performance in cognitive tasks.

Taking this a step further, Okely and Deary (2019) showed
that the results were not consistent across cognitive domains.
For instance, processing speed, in addition to visuospatial abil-
ity, were more closely related to loneliness than other cognitive
domains, such as verbal memory. This suggests that specific cog-
nitive domains may be more crucial in mediating loneliness than
others. These results are consistent with the proposal that some,
but not all, cognitive impairments could disrupt an individual’s
ability to engage in social interactions. Moreover, it suggests
difficulties processing social cues (requiring processing speed
ability), difficulty understanding and retaining the perspectives
of others (requiring memory), and difficulty regulating their own
emotions (requiring executive functioning) may all contribute to
the experience of loneliness (Byrne et al., 2022).

The current study, therefore, aims to investigate the extent
to which cognitive factors, with specific focus on processing
speed, are associated with loneliness in those with a history of
stroke. The study uses a large, secondary survey dataset from
a nationally represented sample (British Cohort Study; BCS,
N ~ 8,581), which includes cognitive performance data, psycho-
metric data related to loneliness, and demographic information.
Our pre-registered hypothesis was that loneliness scores will be
associated with poorer cognitive functioning. More specifically,
performance on cognitive tests measuring processing speed will
be negatively correlated with loneliness scores. In addition, we
hypothesized that this relationship will be stronger in those who
report a history of stroke when compared to the healthy sample

group.

METHOD
General Methodological Approach

The current study adopted a secondary data analysis approach
using a large existing dataset collected via the BCS. The BCS
is an ongoing multidisciplinary longitudinal birth cohort study
that monitors >17,000 individuals who were all born within
a single week of each other in 1970 in England, Scotland, and
Wales. Participants involved in the BCS undertake surveys at
specific time intervals collecting data relating to health and edu-
cation, as well as social and economic variables. Surveys have
been completed at the age of 5, 10, 16, 26, 30, 34, 38, 42, and
more recently at ages 46-48. In the most recent survey (2019),
variables of interest to the current study were included: cognitive
performance indicators, measure of wellbeing (including indica-
tors of loneliness), social contact, health status, and demographic
information. Further information and background regarding the
BCS are provided by Elliott and Shepherd (2006). The primary
analysis of interest was to estimate the relationship between a
measure of cognitive performance (processing speed) and a mea-
sure of wellbeing that was closely associated with loneliness.
Because the BCS data do not include a validated and spe-
cific measure of loneliness, we used items from a measure of
wellbeing as a proxy for loneliness. The wellbeing items on face
value refer to themes that are closely associated with loneliness,
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such as feeling close to other people and feeling loved. Nonethe-
less, before running the primary analysis, we wanted to first
empirically assess the extent to which these items correspond
to a standardized measure of loneliness that has been specifi-
cally validated to index aspects of loneliness. As such, before the
main analysis, we used a separate dataset (the National Survey
of Wales [NSW]) to assess the extent to which the wellbeing
items in question correspond to a measure of loneliness (The De
Jong Gierveld Loneliness Scale; de Jong Gierveld & van Tilburg,
2006) in a large, nationally representative sample (~8,000 indi-
viduals). We report the findings from this preparatory analysis
before completing the main analysis.

Open Science Framework and Pre-registration

The BCS is freely available through the United Kingdom Data
Services via UKdataservice.org. In addition, our analysis files,
which outline each step of the current study’s analytical process,
are provided on the open science framework (https://osfio/
rxgdy/) to facilitate transparency should other researchers wish
to reproduce our analysis. Furthermore, the current study’s
hypotheses, design, and analyses were defined and pre-registered
in advance of data analysis (https://aspredicted.org/mu3iy.
pdf). This promotes open science principles, recommended by
Munafd and colleagues (2017), and helps reduce questionable
research practices such as HARKing (Hypothesizing After
Results are Known; Kerr, 1998).

Deviation from Pre-registration

The current study also aimed to examine the relationship
between loneliness scores and biomarkers. It was hypothesized
that there would be a strong positive relationship between
inflammatory biomarkers and loneliness. However, it turned out
that only 12 stroke participants completed both the wellbeing
questionnaire items of interest and underwent the blood sample
analysis that we would need to perform the biomarker analysis.
Subsequently, we did not analyze the biomarker data any further
as we felt that no meaningful inferences could be drawn from
such a small sample. For transparency, we do plot the biomarker
data in supplementary materials.

Participants

A total of 8,581 participants completed the most recent BCS
survey (age 46-48), with 7,752 participants fully responding
to questions related to variables of interest. Of the 8,581 par-
ticipants, 47 reported a history of stroke (“Stroke”; n =47).
The primary comparison groups of interest included those who
reported any other form of health condition apart from stroke
(“ill”; n = 5,545) and those with no reported health difficulties
(“Healthy”; n =2,857).

Unfortunately, 7 out of the 47 participants who reported a his-
tory of stroke did not answer the questions relating to loneliness
leaving 40 post-stroke individuals in the final analysis. Similarly,
only 2,631 of the “Healthy” population and 5,081 of the “ill”
group answered questions relating to loneliness. The complete
demographic characteristics, including sex, age, relationship sta-
tus, and socioeconomic status, for each group of interest are
outlined in Table 1.
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MEASURES
Dependent Variable/Outcome Variable

Loneliness was measured using three items within The War-
wick-Edinburgh Mental Wellbeing Scales (WEMWBS). The
WEMWRBS is a 14-item questionnaire developed to enable the
monitoring of mental wellbeing in the general population (Ten-
nant et al,, 2007). Although the WEMWBS is validated to mea-
sure overall wellbeing, and not exclusively loneliness, it includes
three questions that relate closely to an individuals’ subjective
experience of their social situation: (1) “I've been feeling interested
in other people”; (2) “I've been feeling close to other people”; (3)
“I've been feeling loved”. Each item is measured on a Likert scale
from 1 to S (1—“none of the time”, 2—*“rarely”, 3—“some of
the time”, 4—“often”, S—“all of the time”). For the purpose of
the analysis, each item was reversed scored so that higher scores
would reflect a proxy measure for greater levels of loneliness.
As the three items of the WEMWBS have not been validated to
measure loneliness specifically, further analyses of the items were
performed to examine the suitability of use as a proxy measure for
loneliness in the current study (see preparatory analysis section
for details).

Independent Variables/Predictor Variables
Cognitive factors
The most recent BCS also comprised a small cognitive assess-
ment battery measuring memory (immediate and delayed), ver-
bal fluency (a common measure of executive functioning), and
processing speed.

Processing speed

Processing speed was measured using a letter cancelation task
(LCT). The use of LCTs as a measure of processing speed is
well documented in the neuropsychological literature (Haarhoff
et al,, 2020). In the BCS, participants were presented with a
page of randomized alphabetical letters in rows (n =26) and
columns (n = 30). The participants were then asked to cross the
letters “P” and “W” as quickly as possible within a 1-min time
limit. The BCS survey captured both the accuracy and speed
of participants’ performance. The speed score is the variable of
interest for the current study, which related to the total number of
correct letters scanned within the time limit. Higher scores indi-
cate faster processing speed. The decision to focus primarily on
speed in our analysis was rooted in the specific research aims and
hypotheses of our study. We recognize that both accuracy and
speed are crucial dimensions when assessing cognitive perfor-
mance clinically. However, for the purpose of our investigation,
we chose to prioritize speed as the primary variable of interest.
As the task only captured correctly identified letters, this ensured
that the speed scores reflects efficient processing, rather than
simply rapid scanning with many errors.

Verbal fluency

Verbal fluency was assessed through an animal naming task.
Animal fluency tasks are frequently used in clinical settings to
assess semantic processing and verbal ability (Shao et al,, 2014).
Participants were asked to name as many different animals as
possible within a 1-min time period. Repetition of the same
animal, redundancies (e.g., white swan, black swan) and named
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Table 1. Demographic information for Stroke, Healthy and Any Ill Health group

Stroke Healthy Any health issue
Gender
Male 25(53.2%) 1435 (50.2%) 2632 (47.5%)
Female 22 (46.8%) 1422 (49.8%) 2913 (52.5%)
Age category
46 years old 14 (29.8%) 975 (34.1%) 2168 (39.1%)
47 years old 24 (51.1%) 1273 (44.6%) 2297 (41.4%)
48 years old 9(9.1%) 609 (21.3%) 1080 (19.5%)
Marital status®
Relationship/married 14 (31.1%) 1792 (64%) 3441 (63.3%)
No partner 30 (66.7%) 998 (35.6%) 1970 (36.2%)
Widowed decile 1(2.2%) 10 (0.4%) 28 (0.5%)
Level of deprivation
Most deprived 20% 7 (14.9%) 168 (5.9%) 354 (6.4%)
2> Decile 6 (12.8%) 165 (5.8%) 404 (7.3%)
3* Decile 4 (8.5%) 198 (6.9%) 447 (8.1%)
4" Decile 4 (8.5%) 244 (8.5%) 472 (8.5%)
S® Decile 4 (8.5%) 299 (10.5%) 543 (9.8%)
6" Decile 7 (14.9%) 304 (10.6%) 606 (10.9%)
7 Decile 1(2.1%) 353 (12.4%) 634 (11.4%)
8" Decile 4 (8.5%) 361 (12.6%) 681 (12.3%)
9 Decile 3(6.4%) 340 (11.9%) 683 (12.3%)
Least deprived 20% 7 (14.9%) 420 (14.7%) 704 (12.7%)

%45 stroke participants answered relationship status question bLevel of deprivation in deciles

animals (bugs bunny) were excluded from the score. Higher
scores indicate better verbal fluency/executive control.

Immediate memory and delayed memory

Immediate memory ability was assessed via a Verbal List
Learning Task (10 words). Verbal List Learning Tasks are often
routinely employed in neuropsychological assessment as tool to
examine encoding, storage, and retrieval (Rabin et al., 2016).
Participants were presented with a list of 10 words through
a computer using a pre-recorded voice. If the computer was
deemed inaudible to the participant, then the interviewer would
read the list aloud imitating the pace of the pre-recorded voice at
a rate of one word every 2 s. Once the list had been presented,
the participants had 2 min to recall as many words as they could
remember. For the delayed memory phase, the participants were
required to recall words from the initial 10-word list following
a distraction period consisting of verbal fluency and processing
speed tests. Again, participants were given a time limit of 2 min
to recall as many words as they could remember in the delayed
memory phase. The time between the initial presentation of the
10 words and the delayed recall task was ~S min.

Health, Demographic, and Social Contact Variables
(Covariates)
Health status

The BCS included items investigating health status. Participants
were initially asked an open-ended question relating to if they
have any longstanding physical or mental health conditions—
“Do you have any physical or mental health conditions or illnesses
lasting or expected to last 12 months or more?”. If yes, the partici-
pants were asked specifically to choose which health conditions
apply from a pre-defined selection—"have you had any of the

health problems listed on this card? Please include any health prob-
lems that had already started before that date. You can tell me which
numbers apply”. Participants who selected “Stroke” out of the pre-
defined medical conditions were allocated to the stroke group.
For the purpose of the current study, two comparison groups
were also selected (“Healthy” and “Ill Health”) for comparison to
the group of interest (“Stroke”). The “Ill Health” group included
all participant who reported “yes” to the initial health screen-
ing item, with exception of those who also selected stroke. The
“Healthy” group included all participants who reported “no” to
the initial health screening question.

Demographic factors

Demographic factors captured by the BCS were also included in
the analysis such as gender (binary; male or female), age (con-
tinuous; 46-48 years), relationship status, and socioeconomic
deprivation (Index of Multiple Deprivation [IMD]). The IMD
is a measure of relative deprivation in small areas in the United
Kingdom. It is calculated by combining data from a number
of different sources, including income, employment, education,
health, crime, barriers to housing and services, and living envi-
ronment. The IMD ranks geographical areas into deciles: 1st
decile (most deprived area) to 10th decile (least deprived area).
Relationship status was captured by the BCS, which included (1)
Separated, (2) Married, (3) Divorced, (4) Widowed, (5) Civil
partner, (6) Former civil partner, (7) Surviving civil partner, and
(8) Never married or in civil partnership/Single. The current
study further categorized relationship status into three groups:
Single, Married, or Widowed.

Frequency of social contact

Two items of the BCS examined frequency of social contact with
friends and family: Item 1—contact with family (“how often do
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you meet with family”); Item 2—contact with friends (“how
often do you meet with friends”). Likert-scale responses range
from 1 (“three of more times a week”) to 7 (“never”). These
measures are used by the current study to examine objective
social isolation.

ANALYSES
Preparatory Analyses of NSW WEMWBS Data

We wanted to assess the extent to which there is an association
between the three WEMWBS loneliness-related items and
another well-established measure of loneliness, the De Jong
Gierveld (DJG) Loneliness Scale (de Jong Gierveld & van
Tilburg, 2006). To do this, data from the National Survey of
Wales (NSW2016/17) were used. The NSW2016/17 is a survey
involving 10,493 participants from a nationally represented
sample of an entire country of Wales. Details of this survey
can be found in the Welsh Government Technical Report
by Helme and Brown (2018). Pertinent to the current study,
the NSW2016/17 included both the WEMWBS and DJG
Loneliness Scale. This allowed for additional analyses to test
for the degree of correspondence between the two measures.

We performed three main analyses to estimate the correspon-
dence between the DJG Loneliness Scale and the three items of
the WEMWBS. Overall, the aim of this preparatory analytical
stage was to provide some confidence that there is reasonable
correspondence between the three WEMWBS loneliness items
and the DJG Loneliness Scale from a data-driven perspective.
From a conceptual perspective, it is clear that there is similarity
between the different scales and that they all relate to key features
of loneliness. However, the empirical demonstration of data-
driven similarity within a large, nationally representative sample
would provide further support that the WEMWBS loneliness
items can be used as a proxy for a validated measure of loneliness.
In other words, if our primary dataset did include the DJG Lone-
liness Scale, we would have expected to observe similar results.

Although we find this preparatory step valuable and an impor-
tant justification for using the WEMWBS items in the main anal-
ysis, we do acknowledge that this analytical approach does not
represent a formal validation of the WEMWBS items as measures
of loneliness specifically. A formal validation paper would be a
substantial piece of work in itself (Furr, 2022), and that is not the
focus of our work here. As such, although we do think that the
inferences that can be drawn from the primary analysis benefit in
important ways from this preparatory analysis, we want to make
clear that this is not a formal validation of the scales as measures
ofloneliness.

We briefly summarize each of the three preparatory analyses in
the next section. For full details of the preparatory analysis phase,
including the analysis scripts, plots, and tables, please see our
Open Science Framework (OSF) page (https://osf.io/rxgdy/)
and supplementary materials.

First, we calculated the correlation strength between all four
variables. If the DJG scale and WEMWBS items vary in a
similar manner across the sample, we would expect a positive
correlation.

Second, for each item separately, we calculated the percentage
of the sample that responded within each available category
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option. We then visualized and compared the distribution of
these responses between the DJG Loneliness Scale and the three
WEMWRBS items. A similar distribution of responses between
the scales would be suggestive that they are capturing something
common in the way participants respond.

Third, we ran multiple regression analyses to estimate the
extent to which variables predict WEMWABS items in the same
way as DJG Loneliness Scale. For example, we asked if there was
a correspondence between how variables such as gender, social
contact, and health predict a validated measure of loneliness, as
well as the three WEMWBS items that relate to other people. If
the factors predict WEMWBS items in a similar direction and
strength as the DJG Loneliness Scale, then we would consider
that as further evidence for a correspondence between the three
WEMWSBS items and the DJG Loneliness Scale.

Primary Analysis of BCS Data

We performed data analyses in the R programming language
(v4.0.4; R Core Team, 2021). Our general analysis strategy fol-
lowed a Bayesian estimation approach to multiple regression
(McElreath, 2020). The basiclogic of this approach is to estimate
and evaluate parameters of interest across a series of increas-
ingly complex models, as well as to perform model comparison
between simpler and more complex models. More specifically,
we followed a recent translation of McElreath’s (2020) general
principles into a different set of tools (Kurz, 2023). As such,
we use the Bayesian modeling package “brms” to build regres-
sion models (Biirkner, 2017, 2018). Furthermore, we follow the
“tidyverse” principles (Grolemund & Wickham, 2017) and gen-
erate plots using the associated data plotting package “ggplot2”,
as well as the “tidybayes” package (Kay, 2023).

We first describe in detail our pre-registered analysis pipeline,
which focused on the relationship between processing speed,
stroke, and loneliness. For any further analyses, the same basic
approach was also employed. Given that the dependent variable
is an ordered category (a 1-$ rating scale), we used ordinal
regression. We built multivariate models using the “mvbind”
function in brms, which means that we could include all three
dependent variables (DVs) in one model.

We calculated six multivariate models, which we built incre-
mentally in complexity. Our model labeling convention was as
follows: “b” = Bayesian; “p” = processing speed; and then a num-
ber to denote the level of complexity. As such, model bp0 was
an “intercepts only” model, just so that we could compare sub-
sequent models that included predictors of interest to a model
without any predictors. Model bp1 additionally included demo-
graphic variables (gender, relationship status, and deprivation),
all of which were coded categorically. Model bp2 additionally
included the frequency of social contact (friend and family fre-
quency, both of which were centered and standardized). Model
bp3 included processing speed, which was centered and stan-
dardized. Model bp4 included the health variable (heathy vs.
stroke). Model bpS included the interaction between health and
processing speed and constituted the full model.

The brms formula for model bpS is specified here:
brm(mvbind(people, close, loved) ~ 1+ sex + relationship
status 4 deprivation + family frequency + friend frequency +
cognitive_speed * health, family = cumulative(“probit”)).
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Note: “people”, “close”, and “loved” refer to the three WEMWBS
scales that served as our dependent variables.

We set priors using a weakly informative approach (Gelman,
2006). Weakly informative priors differ from uniform priors by
placinga constrained distribution on expected results rather leav-
ing all results to be equally likely (i.e., uniform). They also differ
from specific informative priors, which are far more precisely
specified, because we currently do not have sufficient knowledge
to place more specific constraints on what we expect to find. We
used the probit link in our cumulative models, which means that
our priors are specified in a standardized metric (z-scores). We
placed priors for the thresholds at zero with a normal distribution
of 1.5. The fixed effects or predictors, as well as the standard devi-
ations, were centered around zero with a normal distribution of 1.
This means that we expect effects of interest (population effects)
to be around zero more than we do 1 unit of standardized differ-
ence. Given that effects are relatively small in psychology, we felt
that this was a reasonable expectation (Funder & Ozer, 2019).

We evaluated these models with regard to our hypotheses in
two main ways. First, we evaluate the key parameters of interest
from the posterior distribution of the full model. Therefore, we
primarily evaluate the parameter estimate and distribution of
interaction between processing speed and health in model bpS.
Second, we performed model comparison via efficient approxi-
mate leave-one-out cross validation (LOO; Vehtari et al., 2017).
LOO is away of estimating how accurately the model can predict
out-of-sample data. Therefore, we took all models and asked how
accurate they were at predicting the out-of-sample data. By doing
so, we can estimate how much increasing model complexity
increases model accuracy.

Descriptive analyses were also performed to outline the char-
acteristics of the data set for each variable of interest. Demo-
graphic characteristics for each group (“stroke”, “healthy”, and
“ill health”) including age, gender, marital status, and socioeco-
nomic deprivation are outlined in Table 1. To examine whether
there were any mean differences between cognitive performance
scores across groups, a multivariate analysis of variance was com-
pleted. The results of this analysis are outlined in Table 2. A
descriptive analysis was then completed to examine loneliness
scores across all groups for each loneliness domain (“closeness”,
“interest”, and “loved”), which is outlined in Table 3. In order
to examine whether those with a history of stroke report higher
levels of loneliness compared to the “ill health” and “healthy”
comparison groups, mean differences and confidence intervals
(95%) were generated for each loneliness item. Based on pre-
vious research (Byrne et al., 2022a), we expected the stroke
group to report higher levels of loneliness compared to both
comparison groups.

The Bayesian approach taken offers a distinct framework for
parameter estimation, one that inherently accounts for uncer-
tainty and integrates prior information into the analysis pro-
cess. Within this Bayesian paradigm, the need for conventional
corrections for multiple comparisons is mitigated. This is out-
lined in the works of Gelman and Tuerlinckx (2000) and Gel-
man and colleagues (2012). Therefore, the decision not to cor-
rect for multiple comparisons stemmed from the fundamental
distinctions in the estimation of parameters of interest between
Bayesian and frequentist approaches.

RESULTS
Preparatory Analyses of NSW WEMWBS Data

We ran three different analyses to estimate the correspon-
dence between the WEMWABS items of interest and the DJG
Loneliness Scale. First, a correlational analysis was completed
demonstrating that the three items of the WEMWBS positively
correlated with the DJGS with the correlation coeflicients
ranging from r =0.3 to 0.65, but with most ~0.5 or higher
(Supplementary Fig. 1). Second, we plotted the distribu-
tion of responses between the DJG Loneliness Scale and
the WEMWBS, and they were found to be visually similar
suggesting that there is a commonality between the two
scales (Supplementary Fig.2). Third, a regression analysis
was completed revealing that the same demographic variables
used in the current study (gender, age etc.) predict both
WEMWRBS and DJGS scores in a similar manner, which again
suggests that there is a commonality between the two scales
(Supplementary Fig. 3). Subsequently, although it is noted that
the analyses completed do not reflect a more formal validation
of the WEMWRBS items as a loneliness measure, it does suggest
good face validity and therefore increase our confidence in using
it as a proxy measure of loneliness.

Main Analysis
Sample characteristics

Demographic characteristics for each sample group are outlined
in Table 1. Demographic factors were mostly equal across groups
except for relationship status. Those in the Stroke group (31.1%)
were less likely to be in a relationship when compared to those
in Healthy (64%) and Il Health (63.3%) groups. Given the
way the BCS was created, there was little difference in groups
in age. Equally, there were little differences in social-economic
deprivation between all three groups. However, a difference was
observed for those in the most deprived areas, with 14.9% of the
Stroke group falling within the most deprived decile, compared
to 5.9% of the Healthy group and 6.4% of the “Any Ill Health”
group.

Differences between groups for cognitive performance were
also examined. Those with a history of stroke performed more
poorly across all cognitive domains, including processing speed,
immediate memory, delayed memory, and verbal fluency, when
compared to both the Health group and the Ill Health group.

Health conditions and loneliness

The mean difference and 95% confidence interval between
the healthy, ill, and stroke groups on each loneliness item are
reported in Table 3 and plotted in Fig. 1. For each item, the stroke
group reported higher levels of loneliness than the healthy and
otherwise ill groups. These findings are reassuring as they are
similar to those reported previously, which showed elevated
levels of loneliness in post-stroke individuals (Byrne et al,
2022a).

Cognitive correlates, loneliness, and stroke
First, we assessed key parameters of interest in the full model
(Fig. 3; Table 4). The general pattern for our key parameters is
the same for all three dependent variables (feeling loved, feeling
interested, and feeling close).
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Table 2. Mean difference between cognitive performance scores across groups

Cognitive test Health Health Mean Std. error Sig 95% Lower  95% Upper
status status difference CI CI
Processing speed Stroke Il health —38.132° 13.145 011 —69.61 —6.66
Healthy —38.294 13.195 011 —69.89 —6.70
Verbal fluency Stroke 11l health —4.142 0.917 .000 —6.34 —1.95
Healthy —3.931" 0.920 .000 —6.14 —-1.73
Immediate memory Stroke 11l health —0.925" 0212 .000 —143 —0.42
Healthy —0.914 0.213 .000 —142 —0.40
Delayed memory Stroke 11l health —1.046 0.271 .000 —1.70 —0.40
Healthy —1.068 0.272 .000 —1.72 —0.42

“Indicates p < .05 significance.

Table 3. Mean difference between loneliness scores across groups

Health status Mean difference Std. error 95% Confidence interval (CI)
Lower CI Upper CI
Interested
Stroke 111 health .396 0.138 0.065 0.728
Healthy 463 0.139 0.131 0.796
Closeness
Stroke 11l health 266 0.140 —0.069 0.602
Health .392 0.141 0.056 0.729
Loved
Stroke 111 health .60S 0.152 0.242 0.968
Healthy 661 0.152. 0.297 1.026
Interest in people Close to other people Feel loved by others
i healthy ill stroke healthy ill stroke healthy ill stroke
41 0.4
£ 0.3 S 0.34 S
o §. g 0:21
S 0.21 S 0.21 =
ot e = T Ml 2
12345 12345 12345 12345 12345 12345 12345 12345 12345
score score score
()
E_ 51 E o} 5
3 2 3 |
o 4 3 3 * B
=i - 2° 3
s 2 g ° i
L ) w U
£ 1 O 1
healthy il stroke healthy il stroke healthy il stroke

Fig. 1. Histogram and violin plots demonstrating the distribution mean scores on the loneliness WEMWEBS items across all participant
groups.
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Table 4. Parameter estimates for fixed effects

term dv value Jower .upper
cog_speed People —.04 —0.08 0.01
cog_speed Close —.01 —0.06 0.03
cog_speed Loved —.01 —0.05 0.03
Stroke People 47 0.10 0.83
Stroke Close .38 0.01 0.75
Stroke Loved 49 0.12 0.86
cog_speed:stroke People —.03 —0.39 0.32
cog_speed:stroke Close —.00 —0.36 0.35
cog_speed:stroke Loved —-.23 —0.58 0.13

We start by interpreting the processing speed and health group
interaction, which was one of our key pre-registered effects. The
posterior distribution for the interaction term shows consid-
erable overlap with zero, which suggests that the relationship
between processing speed and loneliness does not differ substan-
tially between the healthy and stroke groups.

We then separately evaluated the effects of having a stroke
and processing speed in relation to loneliness. Compared to the
healthy group, having a stroke increased the degree of loneliness
reported, which replicates prior work from our laboratory (Byrne
etal, 2022a). Stroke was associated with an increase in reported
loneliness of 0.5 standardized units or an average of ~0.5 points
on a scale from 1 to S (Fig. 3).

In contrast, processing speed showed no clear and obvious
relationship with loneliness (Fig. 3). The posterior distribution
for the average effect of processing speed was very close to zero
and showed clear overlap with zero. This finding suggests that,
in general, variations in cognitive processing speed do not play
a substantial role in determining levels of loneliness across the
entire sample.

Given that past research and our pre-registered hypotheses
suggested that we should expect a negative relationship between
processing speed and loneliness, such that those with faster
cognitive processing speed should report lower levels of lone-
liness, we make a few additional observations. Visual inspection
of the slopes in Fig.2 shows that in the healthy group, there
was a very subtle negative slope, which is consistent with our
expectations and past research. However, the relationship is
too small to make any clear inferences about it. Furthermore,
in the stroke group, the negative slope is steeper for “feeling
loved” and the “interested in people” items. Such findings
are numerically consistent with our pre-registered hypotheses
that the relationship between processing speed and loneliness
will be greater in the stroke group compared to the healthy
group. However, as stated previously, our modeling estimates
remain too uncertain to form clear inferences about these
relationships.

Second, we performed model comparison between simpler
and more complex models. As can be seen in Fig. 4, once pre-
dictors, such as demographic factors (bp1) and social contact
(bp2), were added to the model, out-of-sample predictive accu-
racy improved. However, there was no clear difference between
the models with predictors, which suggests that adding addi-
tional variables, such as cognitive processing speed (bp3) and

health (bp4), did not make a substantial improvement in terms
of out-of-sample predictive accuracy.

To further explore the relationship between other cognitive
factors and loneliness, supplementary analyses were conducted
to examine other cognitive domains such as immediate memory,
delayed memory, and verbal fluency. Surprisingly, the additional
analyses did not reveal any significant associations between these
cognitive domains and loneliness in either the stroke or healthy
group (see additional analyses on our OSF page).

DISCUSSION

The present study sought to explore potential associations
between processing speed, health status, and loneliness. In
line with prior research (Byrne et al, 2022a), we show that
experiencing a stroke is positively correlated with heightened
levels of loneliness. However, the primary analysis did not reveal
any clear and obvious interactive effect between processing speed
and health status (healthy or stroke), which indicates that the
relationship between processing speed and loneliness is largely
invariant to the presence of stroke. Consequently, our inferential
analysis suggests that processing speed, as operationalized
through a letter cancelation task, has minimal influence on the
experience of loneliness, and this association remains unaltered
in the aftermath of a stroke.

Visual inspection of the data revealed a small negative slope
in the healthy group, which is consistent with our pre-registered
hypotheses and prior studies (Gilmour, 2011; Gow et al., 2013;
O’Luanaigh et al, 2012; Sin et al, 2021; Boss et al,, 2015).
However, in contrast to other studies, such as Boss and coworkers
(2015) and Sin and coworkers (2021) who demonstrated strong
negative correlations, the size of the correlation in the current
study is too small to draw clear inferences. Our findings are in
line with Gow and colleagues (2013) who also demonstrated a
relationship between loneliness and processing speed, but the
size of the effect was again small (partial > = 0.009). The current
study revealed a steeper negative slope in the stroke group for
certain aspects of loneliness (feeling loved and feeling interested
in people) when compared with the healthy population, which
aligned with our hypotheses. However, due to the small size
of the relationship in the stroke group, definitive conclusions
regarding these relationships cannot be made. In other words,
it is still possible that there is a stronger relationship between
processing speed and loneliness in the stroke population than
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Fig. 2. Correlation slopes for loneliness and processing speed for healthy and stroke groups. Legend—*WEMWBS items: close—“I've been
feeling close to other people”, loved—“I've been feeling loved”, people—“I've been feeling interested in other people”.

the healthy population, but we just did not have the right data
to convincingly demonstrate the precise size of the effect.

The methodological approach employed in most prior work
tends to be cross-sectional (Gilmour, 2011; Gow et al., 2013;
O’Luanaigh et al., 2012; Sin et al,, 2021; Boss et al., 2015). It
is worth noting that in cross-sectional research, the observed
associations between variables may not necessarily imply causa-
tion as there is a possibility of confounding variables or shared
underlying causes influencing the association, as demonstrated
by Gow and coworkers (2013). Gow and coworkers (2013) ini-
tially identified a significant association between loneliness and
processing speed. However, to clarify the nature of this relation-
ship, they expanded their model to include depression symptom
scores as a covariate. This adjustment revealed the previously
observed association between loneliness and processing speed to
become non-significant. This outcome underscores the impor-
tance of considering and controlling for potential confounding
factors, or shared underlying causes, when interpreting findings
from cross-sectional studies, as such factors can substantially
affect the observed relationships between variables. It empha-
sizes the need for caution in drawing causal conclusions solely
based on cross-sectional data and highlights the value of employ-
ing covariates to enhance the precision and validity of study

findings.

Although the current study’s cross-sectional analysis revealed
a significant association between loneliness and an increased
incidence of stroke, the possibility of bidirectionality in this
relationship should be acknowledged. Specifically, it is plau-
sible that loneliness may contribute to a heightened risk of
stroke, as suggested by the higher incidence observed among
individuals with a single relationship status in the stroke group.
However, it is equally important to consider the converse
possibility—that individuals who have experienced a stroke
may subsequently have faced increased challenges in maintaining
social connections, leading to heightened feelings of loneliness.
Likewise, individuals facing adversities such as heightened levels
of socioeconomic deprivation may be more susceptible to both
stroke and loneliness. To disentangle these complex dynamics,
future longitudinal studies are warranted, allowing for a more
comprehensive understanding of the temporal sequence and
causal pathways underlying the observed associations.

Age is pivotal differentiating factor between prior research
examining this area and is of relevance for the interpretation
of our findings. Former studies primarily featured an older
adult sample, surpassing the age of 70 years (O’Luanaigh et al,,
2012; Gow et al., 2013; Okely & Deary, 2019), whereas our
current study encompassed participants within a comparatively
younger age range, spanning from 46 to 48 years. The samples
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Multivariate model coefficient plot for fixed effects (predictors)
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Fig. 3. Multivariate model coefficient plot for fixed effects (predictors). Legend—“female”—gender, “partnered”—in a relationship,
“ended”—relationship ended, “Q2, Q3, Q4 & least deprived”—socioeconomic deprivation (Index of Multiple Deprivation [IMD]),
“famfq”—frequency of family contact, “friendfq”—frequency of friend contact, “cog_speed”—processing speed, “stroke”—history of stroke,

“cog_speed:Stroke”—interaction between stroke and processing speed.
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Fig. 4. Visual representation of model comparison.
Legend—elpd_LOO is the Bayesian LOO estimate of the expected
log pointwise predictive density and is a sum of N individual
pointwise log predictive densities (Vehtari et al., 2017). It is an
estimate how accurately each model predicts the data. Smaller values
are better as they reflect less deviation (greater accuracy) between
the model’s predictions and the data (McElreath, 2020).

used in Sin and colleagues (2021) and Gilmour (2011) were
marginally younger, with participants averaging 65 years of
age. Nonetheless, the age of the participants remained older
than that of the current study’s sample. It may be that the
relationship between cognition, in particular processing speed,
and loneliness becomes more pronounced with increasing age.
However, there was no consistent finding between processing
speed and loneliness at the ages of 73 (r = —.071, p =.206),
76 (r =—.219, p =.001), and 79 (r =—.114, p =.096) in

Okely and Deary’s (2019) longitudinal study. The only signifi-
cant, but small, relationship was found at age 76 (Okely & Deary,
2019).

Apart from age, there are other design-related factors that
could account for the disparities in findings between the present
study and prior research in this field. Notably, all studies investi-
gating the relationship between processing speed and loneliness
have utilized varying measurement instruments to gauge pro-
cessing speed. Primarily, two subtests (Symbol Search and Digit-
Symbol) of the Wechsler Adult Intelligence Scale-I1I (WAIS-III)
were utilized by Okely and Deary (2019), Gow and cowork-
ers (2013), and O’Luanaigh and coworkers (2012) to measure
psychomotor processing speed. Gow and coworkers (2013) and
Okely and Deary (2019) also utilized additional computerized
reaction and inspection timed tests. Sin and colleagues (2021)
used the Symbol Digits Modality Test. Overall, although all types
of assessments aim to measure aspects of processing speed, they
do so in slightly different ways. For example, the subtests from
the WAIS-III, such as Symbol Search and Digit-Symbol, involve
cognitive processes related to symbol recognition, matching, and
coding. In contrast, the letter cancelation task typically requires
participants to scan and mark specific letters within a grid of
random letters. The cognitive demands and processing require-
ments are somewhat distinct between these types of tasks.
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Likewise, there is variability in the instruments employed to
measure loneliness across the studies. Most previous studies
(Okely & Deary, 2019; Gow et al., 2013; O’Luanaigh et al,
2012; Gilmour, 2011) relied on a single-question approach
rated via a Likert scale to gauge levels of loneliness. In contrast,
Sin and coworkers (2021) adopted a more comprehensive
approach by utilizing the University of California, Los Angeles
(UCLA) Loneliness Scale, a validated and reliable instrument
specifically designed for measuring loneliness. In the present
study, we opted for an alternative strategy by employing three
items from the WEMWBS as a proxy measure for loneliness. The
preliminary analysis revealed that the three WEMWBS items
exhibited a robust positive correlation with the DJG Loneliness
Scale, a well-validated measure of loneliness. This alignment
enhances the validity of our approach and suggests convergent
validity between our proxy measure and an established loneliness
assessment tool, although it is acknowledged that this analysis
is not a substitute for formal psychometric validation. The
variations in the measurement of loneliness across studies
hold the potential to explain the differences in the results and
outcomes.

A consequence of secondary data analysis is that the research
methodology relating to measuring variables of interest was
beyond the control of the current study. For example, inclusion
of other assessments such as performance validity tests was not
able to be implemented. This also extends to the number of
participants in each group of interest. A key limitation of this
studyis the absence of data on the specificlocation and frequency
of strokes experienced by participants in the BCS dataset. These
stroke characteristics can significantly affect cognitive outcomes,
yet their absence restricts our ability to explore variations in cog-
nitive performance within our sample. In addition, the reliance
on self-reported stroke diagnosis introduces potential limitations
in terms of accuracy compared to confirmed diagnoses from
medical professionals. It is also crucial to recognize that despite
standardized administration procedures, minor variations in test
administration or scoring across different studies may introduce
some degree of heterogeneity in the results. This consideration
remains pertinent in the current study, although the BCS
acknowledges in their technical documentation that tests were
conducted in standardized environments to ensure consistency
(Centre for Longitudinal Studies, 2019). In addition, cognitive
testing often measures a multitude of cognitive domains making
it difficult to isolate specific cognitive processes. For example,
although the LCT is a well-recognized test of processing speed,
it is also dependent of visuomotor ability, in addition to sus-
tained attention (McCrea & Robinson, 2011). Therefore, poor
performance on the test could be attributed to an impairment
in a different cognitive or motor domain, rather than processing
speed ability. For example, those with visual neglect, typically
associated with right hemisphere strokes, would score low on
the LCT due to attentional impairment, not slower processing
speed. Similarly, it may be that adopting a more comprehensive
measure of loneliness may be more sensitive to detect the
association between loneliness and processing speed. This, in
turn, may result in a stronger relationship between loneliness
and processing speed, and therefore measures such as the DJG

Loneliness Scale or the UCLA Loneliness Scale (Russell, 1996)
should be adopted.

Despite certain inherent limitations associated with this
approach, it is noteworthy that this data derived from the
BCS offers several advantageous strengths in terms of cost-
effectiveness, time efficiency, and the potential for replication.
It also affords access to a substantial nationally representative
sample, which enhances the generalizability of the research
findings. In addition, to ensure good research practice, the
hypotheses, design, and analysis were pre-registered prior to
completion of the data analysis, which we consider a major
strength in our approach. The analysis pipeline, and the dataset,
is also accessible to aid replication of the analysis.

The clinical implications for the current study reinforce
that loneliness should be routinely considered in stroke care.
Healthcare professionals working with stroke survivors should
be aware of the heightened risk of loneliness among this pop-
ulation. Assessing, and addressing, loneliness as part of stroke
rehabilitation and follow-up care could improve overall wellbe-
ing and potentially aid in recovery. As the study suggests that
cognitive processing speed alone may not be a strong predictor
of loneliness, future interventions to mitigate loneliness should
consider a broader range of factors beyond cognitive processing
speed, such as social engagement, emotional wellbeing, and
personal relationships. This further emphasizes the need for fur-
ther comprehensive assessment to understand the multifaceted
nature of loneliness and consider various contributing factors,
which include cognitive and social dimensions, to inform more
effective interventions. Furthermore, because the relationship
between processing speed and loneliness seems to be both
subtle and complex, clinicians should adopt a person-centered
approach. Tailoring interventions and support based on the
individual’s unique circumstances, including their cognitive
abilities and health status, is crucial.
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