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Key Points

Question: How do social and medical factors compare in predicting differences in quality of life
(QoL) with long COVID and to what extent do clinical mediators explain social variables’
relationships with long COVID QoL?

Findings: Socio-economic proxies employment status and educational attainment and female
sex ranked on par with or above age and neuropsychological and rheumatological comorbidities
as predictors of variation in long COVID QoL across participants. Additionally, estimated
adjusted associations between each of these social factors and long COVID QoL were largely
unexplained by a set of key comorbidities.

Meaning: Long COVID-based interventions may be more broadly beneficial if they account for
social disparities as important risk factors for differential long COVID burden and, in addition to
clinical targets, address broader structural determinants of health.

Abstract

Importance

Post-acute sequelae of SARS-CoV-2, referred to as “long COVID”, are a globally pervasive
threat. While their many clinical determinants are commonly considered, their plausible social
correlates are often overlooked.

Objective

To compare social and clinical predictors of differences in quality of life (QoL) with long COVID.
Additionally, to measure how much adjusted associations between social factors and long
COVID-associated quality of life are unexplained by important clinical intermediates.

Design, Setting, and Participants

Data from the ISARIC long COVID multi-country prospective cohort study. Subjects from
Norway, the United Kingdom (UK), and Russia, aged 16 and above, with confirmed acute
SARS-CoV-2 infection reporting >= 1 long COVID-associated symptoms 1+ month following
infection.

Exposure

The social exposures considered were educational attainment (Norway), employment status
(UK and Russia), and female vs male sex (all countries).

Main outcome and measures

Quality of life-adjusted days, or QALDs, with long COVID.
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Results

This cohort study included a total of 3891 participants. In all three countries, educational
attainment, employment status, and female sex were important predictors of long COVID
QALDs. Furthermore, a majority of the estimated relationships between each of these social
correlates and long COVID QALDs could not be attributed to key long COVID-predicting
comorbidities. In Norway, 90% (95% CI: 77%, 100%) of the adjusted association between the
top two quintiles of educational attainment and long COVID QALDs was not explained by
clinical intermediates. The same was true for 86% (73%, 100%) and 93% (80%,100%) of the
adjusted associations between full-time employment and long COVID QALDs in the United
Kingdom (UK) and Russia. Additionally, 77% (46%,100%) and 73% (52%, 94%) of the adjusted
associations between female sex and long COVID QALDs in Norway and the UK were
unexplained by the clinical mediators.

Conclusions and Relevance

This study highlights the role of socio-economic status indicators and female sex, in line with or
beyond commonly cited clinical conditions, as predictors of long COVID-associated QoL, and
further reveal that other (non-clinical) mechanisms likely drive their observed relationships. Our
findings point to the importance of COVID interventions which go further than an exclusive focus
on comorbidity management in order to help redress inequalities in experiences with this
chronic disease.

Manuscript word count: 2999 words
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Introduction

Long-term COVID-19 sequelae, referred to as long COVID, have resulted in a pressing public
health crisis since early 2020. As defined by the World Health Organization, long COVID
encompasses unexplainable symptoms which persist at least three months after an infection,
occurring over two or more months.1 Its widespread presence and impacts have been immense:
a multinational study found that nearly half of individuals who were previously infected with
SARS-CoV-2 went on to experience long-term symptoms around four months post infection2;
further an estimated 59% of previously infected subjects reported a reduced quality of life
(QoL).3 Prior work has focused on identifying a myriad of clinical risk factors for post-COVID-19
conditions, including co-infections and pre-existing conditions, vaccination status, age, and
female sex.4-7 Conditions that have been consistently identified as key correlates of long COVID
sequelae include obesity, asthma and other pulmonary diseases, chronic cardiac disease,
diabetes, and smoking.6,7

Beyond clinical factors, social vulnerabilities are often critical determinants of differential disease
burden overall.8-11 Such inequities are attributed to broader challenges in access to health
services and an array of health-threatening exposures, including but not limited to food and
housing insecurity, financial discrimination, and air pollution.8-11

While there have been efforts to examine social factors potentially linked to long-term symptoms
of COVID-19, findings on these relationships have been somewhat mixed.7,12-17 For instance, a
2021 study in the United Kingdom (UK) found that living in high-deprivation settings was
associated with both a higher and lower odds of symptom persistence, depending on the
measure of deprivation index used18, and a 2021 study in Michigan (USA) found that lower
income was both significantly associated and not associated with long COVID symptoms’
prevalence, depending on the post-illness duration considered.13 It is also important to highlight
that many of these studies rely on self-reported binary measures of post-COVID recovery, which
do not capture nuanced experiences in recovery.

Given this context, we aimed to complement efforts centered on uncovering disparities in long
COVID outcomes by leveraging a large, multi-national prospective cohort study. Specifically, we
formally assessed the relationship between a diverse group of exposures and long COVID QoL,
reasoning that factors like socio-economic status (SES) would be as much or more critical risk
factors than important comorbidities, as has been recently illustrated for related outcomes, such
as “healthy aging”.19 We further evaluated the extent to which clinical intermediates contribute to
any observed disparities, hypothesizing that they may only partially explain these differences.
Our analysis applies a similar mediation-centered lens to that of Vahidy et al.17 and Lu et al.20

However, rather than independently evaluating various mediators in the relationship between a
given social factor and long COVID risk17 or exploring the role of social factors as mediators20

we measured the degree to which social variables’ associations with long COVID QoL cannot
be explained by a collective set of comorbidities.
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Methods

Study design

This study uses data from the International Severe Acute Respiratory and emerging Infection
Consortium’s (ISARIC) multi-cohort consortium.21 This prospective study across 76 countries
collected demographic and medical data during acute SARS-CoV-2 infection, with a subset of
sites assessing participants any time from one-three months post-infection and periodically
thereafter.22 Complete details on the study design and recruitment procedures can be found in
the published follow-up protocol.22 The first iteration of the statistical analysis plan for this work
is also accessible online.23

We focused our analysis on subjects reporting one or more long COVID-associated symptom
that was not present prior to illness and countries with data available on SES, age, and sex,
QoL, and comorbidities, with combined demographic, comorbidity, and QoL datasets yielding
sample sizes of at least n=1000 subjects. The countries meeting this criteria were Norway
(n=1672), the UK (n=1064), and Russia (n=1155).

Measures

Our study incorporates information on both self-reported continued symptomatology and QoL.
Health utility values were obtained using standard QoL-adjustment estimation procedures,
based on subjects’ responses to the EQ-5D-5L survey in follow-up forms, eliciting self-reported
rankings of the intensity of problems experienced with each of five dimensions of health
(mobility, self-care, usual activities, pain/discomfort, and anxiety/depression)24, prior to and their
COVID-19 illness and in the present.

Utility scores were computed following standard practice and then time-transformed
(Supplementary Appendix: Methods). Similar to Sandmann et al.25, we used a measure of
quality-adjusted life days or QALDs (See Supplementary Appendix: Methods) and additionally
focused on QoL at least three months following infection. Issues with recalling experiences
several months in the past are likely to bias measures of pre-COVID QALDs.

We incorporated covariate data on age, socio-demographic variables, female sex at birth and
SES proxies, a set of clinical comorbidities, treatments, and COVID-19 severity. Indicators of
SES were selected depending on the data available in each cohort.

Statistical Analysis

To identify social predictors of long COVID QALDs, we applied a series of random forest
ensemble learners26 for each country, fit to all available clinical and demographic data, where
variables were either treated individually (RF #1), pre-grouped based on subject matter
knowledge (RF #2), or grouped algorithmically via hierarchical clustering (RF #3). We
implemented a pre-grouped procedure, which incorporates subject matter knowledge, as an
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alternative to approaches agnostic to such context. For RF #1 and RF #2, the percent increase
in mean squared error (MSE) associated with each variable was reported as a measure of
importance, while, for RF #3, the frequency of variable selection was reported.

To estimate the natural direct effects (NDE) and natural indirect effects (NIE) of binary SES
proxies or female sex on long COVID QALDs in each cohort, we applied a flexible
semi-parametric statistical approach (Supplementary Appendix: Methods).27,28 The NDE and
NIE arise from a decomposition of the average treatment effect or total effect (TE), as first
described by Robins and Greenland.29 In this context, the NDE describes the relationship
between a given social variable and long COVID QALDs, operating through all pathways
excluding the mediators of interest, while the NIE describes this exposure/outcome relationship
through the mediators. We define the proportion non-mediated as NDE/the total effect (TE), i.e.
the share of the TE of the social variable that cannot be explained by the clinical intermediates.
In order for these measures to be interpreted causally, several assumptions are necessary,
including exposure and mediator positivity, well-defined exposures and potential outcomes, no
interference between study units, and no unmeasured confounding.29,30 Rather than make the
strict, and possibly untenable assumption, that these criteria are all met, we eschew any claims
about causality, using this analysis as a framework to arrive at interpretable, model-free
statistical (i.e., non-causal) target parameters. In other words, we report adjusted associations,
where the NDE, NIE, and proportion non-mediated are used to communicate, in a clearly
interpretable manner, how mediators play a role in any observed disparities.

Our code is publicly available at: https://github.com/goshgondar2018/social_long_covid.

Results

Norway

Long COVID QALDs in this cohort reported a median of 345 (Interquartile range/IQR: 313-360).
There was no broadly consistent trend in long COVID QALDs across quintiles of educational
attainment, although the lowest mean QALDs occurred in the bottom two quintiles. The greatest
differences in long COVID QALDs, in order of increasing magnitude, occurred between quintiles
3 and 1, 5 and 1, and 4 and 1. Estimated long COVID QALDs among males slightly exceeded
that of females (p<0.001).

This cohort was the youngest, with a mean age of 51.8 years (SD: 13.6 years). The most
commonly reported comorbidity was asthma (22%).

Among the leading individual predictors of long COVID QALDs from RF #1, anxiety/depression
ranked first, followed by educational attainment, rheumatological disorder, and age (Figure 1a).
For RF #2, the first and second PCs of the cluster containing all socio-demographic variables,
i.e., educational attainment indicators and sex, ranked below the first and second PCs of the
cluster containing psychological disorder and chronic neurologic disorder (Figure 1b). RF #3
largely corroborated these orderings, where psychological disorder, rheumatological disorder,
chronic neurological disorder, and asthma were the most consistently selected variables within
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identified important clusters, followed by educational attainment (in years) and a dummy
educational attainment indicator for quintile 5 (vs 1) (Figure 1c).

We estimated that falling in the top two quintiles of educational attainment was significantly
associated with 12.3 (6.49,18.2) additional long COVID QALDs, on average, via the NDE, and
0.67 (-0.982, 2.32) additional long COVID QALDs on average, via the NIE (non-significant),
corresponding to a proportion non-mediated of 0.897 (0.773, 1). That is, 89.7% of the adjusted
association between high educational attainment and long COVID QALDs could not be
explained by the included mediators and must thus be attributed to other mechanisms. The
exact relationship between the NDE/NIE and proportion non-mediated may not hold for
computational reasons, because CIs are estimated separately for each of the measures using
cross-validation. We obtained consistent directionality in findings for pairwise comparisons of
quintiles 3 and 1, 4 and 1, and 5 and 1, with the greatest proportion non-mediated for the
quintile 5 versus 1 comparison, although we cannot make any conclusions about significance as
multiple testing corrections are warranted.

A clear and statistically significant negative association was also observed between female sex
and long COVID QALDs, with an estimated NDE of -6.79 (-12.8, -0.723), NIE of -3.05 (-5.89,
-0.215) and proportion non-mediated of 0.773 (0.455,1).

UK

The median (IQR) of long COVID QALDs was 295 (233, 342). Employment status was markedly
skewed towards full-employment (51%), retirement (30%), part-time employment (10%) and
unemployment (7%). Estimated long COVID QALDs were greatest among participants who
reported being furloughed, students, or full-time employees and lowest among those in the
unemployed and retired categories. Estimated long COVID QALDs were also slightly higher
among males (p<0.001).

This cohort was skewed towards older adults (mean (SD): 59.0 (12.6) years) and the most
commonly reported comorbidity was hypertension (36%).

Employment status was the leading predictor for long COVID QALDs in the UK, followed by
psychological disorder, age, employment status category, chronic neurological disorder, and
rheumatological disorder, based on RF #1 (Figure 2a). Sex followed in the rankings, which,
along with the acute COVID-19 severity indicator, fell among the top ten predictors (Figure 2a).
RF #2 further supported the predictive role of employment status and sex as a group, with the
PCs of the socio-demographic variables leading, closely followed by the PCs of the group of
mental health and neurological disorders (Figure 2b). Age alone ranked highly, even in
comparison to grouped factors (Figure 2b). Findings from RF #3 aligned well with these results,
with age, chronic neurological disorder, employment status indicators, and psychological
disorder the most commonly selected variables, followed by rheumatological disorder, across
key clusters (Figure 2c).

7

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted September 9, 2024. ; https://doi.org/10.1101/2024.02.21.24303099doi: medRxiv preprint 

https://doi.org/10.1101/2024.02.21.24303099
http://creativecommons.org/licenses/by-nc-nd/4.0/


Increased income/job stability, as proxied by employment status, was consistently associated
with increased long COVID QALDs, irrespective of the binary designation. We found that
self-reported full-time employment versus any other employment status category (excluding
retirement) was associated with, on average, 31.7 (14.2, 49.3) higher long COVID QALDs, via
the NDE, and 4.90 (-0.0652, 9.86) higher long COVID QALDs, via the NIE (narrowly
non-significant), with a proportion non-mediated of 0.862 (0.729, 0.996). We obtained an even
stronger and significant relationship between self-reported full-time employment versus
unemployment, with, on average, 79.5 (50.0, 109) increased long COVID QALDs among the
full-time employed relative to the unemployed (NDE) and 9.50 (1.04, 18.0) increased long
COVID QALDs among the full-time employed versus unemployed (NIE). The proportion
non-mediated was 0.905 (0.829, 0.981), suggesting that 90.5% of the adjusted association
between full-time employment versus unemployment on long COVID QALDs does not operate
through the considered mediators.

Female sex was associated with lower expected long COVID QALDs, with an NDE and NIE of
-24.2 (-37.8, -10.7) and -9.61 (-16.3, -2.95), respectively. The corresponding proportion
non-mediated was the lowest observed among all contrasts, with 72.9% (51.9%, 93.5%) of the
adjusted association between female sex and long COVID QALDs being unexplained by the
clinical intermediates.

Russia

The median (IQR) of long COVID QALDs was 353 (334-365). Employment status was markedly
skewed towards full-employment (55%) and retirement (39%). Long COVID QALDs were
highest among students, part-time employees, full-time employees, and carers, and lowest
among those in the retired and unemployed categories. Males reported higher long COVID
QALDs than females (p<0.001).

The mean age of participants was 59.6 years (SD: 14.4 years) and hypertension was the most
frequently reported comorbidity (59%).

According to RF#1, age, followed by employment status indicators, hypertension, and chronic
neurological disorder, outranked all other variables in predicting long COVID QALDs in this
cohort (Figure 3a). RF #2 generally supported these findings. The cluster containing solely age
led the rankings. The principal components (PCs) of the cluster containing the
socio-demographic variables, the first PC of the cluster containing hypertension and other
cardiac disease, and the first PC of the cluster containing dementia and chronic neurological
disorder (Figure 3b) then followed. Similarly, for RF #3, age, other chronic cardiac disease,
chronic neurological disorder, as well as dementia, employment status indicators, hypertension,
rheumatological disorder, and sex led the set of most frequently selected variables (Figure 3c).

Full-time employment was associated with higher long COVID QALDs compared to all other
employment status categories. 12.9 (95% CI: 5.28, 20.5) more long COVID QALDs were
expected among subjects self-reporting full-time employment compared to all other employment
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categories, via the NDE, which was significant. An additional 4.03 (-1.37, 1.56) long COVID
QALDs were expected among subjects self-reporting full-time employment compared to all other
employment categories, via the NIE. The proportion non-mediated was estimated to be 0.93
(0.80, 1).

Female sex was associated with lower COVID QALDs, with an estimated NDE of -7.49 (-13.3,
-1.69) and NIE of -0.0547 (-2.02, 1.91). The estimated proportion mediated was negative, which
corresponds to a proportion non-mediated exceeding 1. This result is intuitive given our
estimates of the NIE, where the upper bound of the CI fell markedly above 0, indicating
insufficient evidence in favor of a positive NIE. In other words, the NDE and NIE for female sex
may act in opposite directions in this cohort.

Discussion

In this study, we provided a quantitative assessment of the extent to which social factors,
compared to commonly highlighted clinical conditions, may relate to varying experiences with
long COVID.

Of note, we observed that educational attainment or employment status and sex at birth were
generally as or more predictive of long COVID QALDs as highly ranked neuropsychological and
rheumatological comorbidities and age. Our mediation analyses further suggest that not only
are indicators of social disadvantage notably predictive of lower long COVID QALDs, but also
that the connection between these variables and long COVID QALDs could only be partially
explained by key long COVID-predicting comorbidities. This general finding, i.e., that disparities
are not solely attributable to underlying differences in comorbidity rates across various
demographic groups, has been validated in other studies conducted over the course of the
pandemic.12,17,31

Our study benefited from the use of a sizable and multi-national cohort with long-term QoL data,
providing more nuanced information on post-acute COVID-19 experiences beyond simply
whether patients experienced long COVID symptoms. Given the reasonably large sample sizes
of our study cohorts, we were able to apply data-adaptable machine learning tools, including
recent developments in causal machine learning.27,28 The variable selection methods we used
avoid strict modeling assumptions and further accommodate inherent variable groupings. The
causal mediation approaches we applied integrate flexible, but simultaneously relatively precise,
algorithms27,28, providing a promising alternative to strictly parametric approaches.32

There are several important limitations of our analysis. First, we note that we did not have
information on subject-specific duration of long COVID, and instead assumed a uniform
duration, consistent with examples in the literature.33,34 Additionally, we were unable to examine
the varying roles of the different social and clinical factors on changes in QoL, due to the
aforementioned issues with recall. However, to informally assess whether differences in
post-COVID QALDs between socioeconomic groups and self-reported sex were simply artifacts
of baseline QoL differences, we compared pre-COVID QoL scores across groups. We found
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that for Norway and Russia, cross-group variability in estimated QALDs was much higher post-
vs pre-COVID, suggesting that pre-COVID heterogeneity in QoL did not fully drive the
differences we observed across groups. The UK cohort had pre-COVID QoL measures for only
26% of subjects, so we could not make a standardized comparison. For future work, it is
imperative to collect information on QoL measures at all stages of illness, not simply ex post
facto, by positioning readily implementable study protocols at the outset of an outbreak.

It can also be concluded that survivorship bias35 might affect our results, as only subjects who
completed a follow-up survey at any follow-up interval can have their QoL measures recorded,
and those lost to follow up due to debilitating medical events are also likely to have a far
reduced QoL prior to this event. However, we note that no participants in the three cohorts died
at any point during follow-up.

Finally, we were limited to specific socio-economic variables that may not fully reflect
participants’ levels of socio-economic deprivation, which further varied by country. Thus, we can
only draw conclusions about the role of socio-economic status in relation to the specific
measures defined for each country. For future work, it would be useful to emphasize the
collection of more proximate shared indicators of socio-economic status. We were also limited to
data on sex at birth, which does not capture important gender-based disparities that exist
beyond this binary.36

Conclusion

Here, we provide a robust statistical framework for highlighting the contribution of social
disparities to chronic ill-health. Our approach can be used to compare a collective of diverse
variables in predicting post-acute COVID-19 QoL and to distill the unique role of a given social
variable. Our data highlights the multifactorial relationship between pre-existing risk factors and
socio-economic factors and long COVID QoL. As such, we demonstrate that accounting for
social vulnerabilities when evaluating determinants of post-acute COVID-19 trajectories is
essential and that studies and interventions focusing solely on clinical targets may not be
sufficient. Conversely, transformational societal interventions, which address access to care,
education, employment, etc., have the opportunity to lead to potentially more comprehensive
benefits and improve overall well-being in marginalized communities.
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Main text figures and tables

Table 1: Summary of demographic variables (excluding SES proxies) and common
comorbidities in the final study populations for each cohort, post-missing data imputation.
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Figure 1a. Estimated variable importance measures, i.e. % increase in mean squared error or
MSE, from individual random forest implementation (RF #1) for Norway. Variables with negative
% MSE values are considered unimportant.
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Figure 1b. Estimated variable importance measures, i.e. % increase in mean squared error or
MSE, from pre-grouped random forest implementation (RF #2) for Norway. Rows indicate
cluster names (a full list of variables belonging to each cluster can be found in Supplementary
Table S3) and corresponding principal components, if the cluster consists of multiple variables.
PC1 denotes principal component 1 and PC2 denotes principal component 2.
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Figure 1c. Number of times (frequency) each variable appears in clusters selected for each
CoV-VSURF run (RF #3) for Norway.
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Figure 2a. Estimated variable importance measures, i.e. % increase in mean squared error or
MSE, from individual random forest implementation (RF #1) for the UK. Variables with negative
% MSE values are considered unimportant.
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Figure 2b. Estimated variable importance measures, i.e. % increase in mean squared error or
MSE, from pre-grouped random forest implementation (RF #2) for the UK. Rows indicate cluster
names (a full list of variables belonging to each cluster can be found in Supplementary Table
S3) and corresponding principal components, if the cluster consists of multiple variables. PC1
denotes principal component 1 and PC2 denotes principal component 2.
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Figure 2c. Number of times (frequency) each variable appears in clusters selected for each
CoV-VSURF run (RF #3) for the UK.
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Figure 3a. Estimated variable importance measures, i.e. % increase in mean squared error or
MSE, from individual random forest implementation (RF #1) for Russia. Variables with negative
% MSE values are considered unimportant.
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Figure 3b. Estimated variable importance measures, i.e. % increase in mean squared error or
MSE, from pre-grouped random forest implementation (RF #2) for Russia. Rows indicate cluster
names (a full list of variables belonging to each cluster can be found in Supplementary Table
S3) and corresponding principal components, if the cluster consists of multiple variables. PC1
denotes principal component 1 and PC2 denotes principal component 2.
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Figure 3c. Number of times (frequency) each variable appears in clusters selected for each
CoV-VSURF run (RF #3) for Russia.
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