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ABSTRACT

The risk of developing non-communicable diseases (NCDs) is inextricably linked to the level of physical
activity undertaken by individuals. The Covid-19 lockdown caused a shift in physical activity behaviors
among the UK population. This study used an agent-based simulation to predict the impact of the reduction
in physical activity caused by the UK lockdown, quantified using data from smartphone tracked activity,
on the number of annual NCD occurrences over the lifetime of a cohort. The model considers an
individual’s characteristics and health status to predict the risk of developing type 2 diabetes (T2D),
cardiovascular disease (CVD), depression and musculoskeletal injuries (MSI). When physical activity was
reduced as a result of the lockdown, the model showed an increase in the number of T2D, CVD and
depression events and a decrease in the number of MSI events, over the short-term, but the number of
incidences recovered over the lifetime of the cohort.

1 INTRODUCTION

Physical inactivity is a major risk factor for non-communicable diseases (NCDs) and mental health
conditions (Santos et al. 2023). According to World Health Organization (WHO), seven of the 10 leading
causes of deaths in 2019 were NCDs, with cardiovascular diseases (CVDs) such as ischemic heart disease
and stroke being responsible for approximately 27% of the world’s total deaths (WHO 2020). Around half
of NCDs can be prevented by changes in lifestyle, including increased physical activity levels among others
(NCD Alliance n.d.). The health and economic burden of physical inactivity is huge globally. WHO
reported that almost 500 million new cases of preventable NCDs will occur between 2020 and 2030 with
an annual cost of around US$ 27 billion (WHO 2022). In the same report, WHO considers recommendations
on promoting physical activity as a means to save lives while responding to the impact of the Covid-19
pandemic on physical and mental health.

The Covid-19 pandemic brought unprecedented challenges to global public health, leading
governments worldwide to implement strict measures, including lockdowns, to mitigate the spread of the
virus. Whilst the transmission characteristics of the virus, as well as the risks associated with severe or fatal
Covid-19 outcomes are now well established (e.g., Clift et al. 2020; Cuevas 2020; Kerr et al. 2021; Shamil
et al. 2021), the longer-term effects of the implemented intervention strategies remain largely unknown.
Lockdown measures significantly altered daily routines and behaviors, affecting various aspects of
individuals' lives, including physical activity levels (Strain et al. 2022; Bailey et al. 2022; Rogers et al.
2020; McCarthy et al. 2021). Understanding the impact of the Covid-19 lockdown on physical activity is
crucial for informing public health strategies to promote active lifestyles during such unprecedented times,
and to inform future decision making on pandemic intervention strategies.

Here, we use the Physical Activity Lifelong Modelling and Simulation (PALMS) to assess the long-
term effects of lockdown-induced changes to physical activity on the prevalence of NCDs, such as CVDs
and type 2 diabetes (T2D), as well as depression and Muscular Skeletal Injuries (MSI). PALMS is an agent-
based model that has previously been used to assess the impacts of various physical activity interventions
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in reducing instances of NCDs (Anagnostou et al. 2019), and has also been extended in a different context
to the CoronAvirus Lifelong Modelling and Simulation (CALMS) model that assesses the health and
economic impact of Covid-19 interventions on the UK population (Mintram et al. 2022).

The paper is structured as follows. Section 2 discusses studies reporting on changes of physical activity
during the Covid-19 lockdowns. Section 3 gives an overview of the PALMS agent-based model and in
Section 4 we discuss how we incorporated in the model the physical activity changes during lockdowns.
We tested the short- and long-term impact of these changes by comparing the number of health events after
one, two and 80 years of the UK lockdown with the baseline case, where no lockdown occurs. The results
of our experiments are presented in Section 5. Section 6 concludes the paper and discusses the limitations
and potential of this work.

2 STUDIES ON CHANGES OF PHYSICAL ACTIVITY IN THE COVID-19 LOCKDOWNS

During lockdowns, restrictions on movement, closure of recreational facilities, and work-from-home
arrangements disrupted established physical activity patterns. People were required to adapt to new
circumstances, leading to changes in how they engaged in physical activity, exercise, and sedentary
behaviors. Across Europe, cross-sectional surveys have reported generally reduced physical activity as a
result of the lockdown measures (Caputo and Reichert 2021). According to a survey undertaken in the UK
by Strain et al (2022) of 726,257 individuals, the mean weekly duration of moderate-intensity activity was
between 9.5% and 10.8% lower in April-May 2020, compared to the same months between 2015 and
2019. The proportion of people reporting any activity was lower in 2020, with 77.2% of respondents
engaging in more than zero minutes per week of activity compared to 81.2% to 83.5% in the years
2016-2019. Another UK study using self-reported data found that nearly 29% of participants experienced
reduced physical activity during the lockdown (Bu et al. 2021). Similar results have been reported in
Greece (Bourdas and Zacharakis. 2020), Croatia (Pogas et al. 2020), Spain (Balanza-Martinez et al. 2021),
France (Deschasaux-Tanguy et al. 2020) and Germany (Mutz and Gerk. 2020).

Another cross-sectional online survey-based study in England, which collected data from 818 adults
between 29th April and 13th May 2020, found contrasting results, with total physical activity increasing
during the lockdown. They reported an increase in the proportion of participants engaging in high physical
activity during the lockdown (from 32% to 36%), while the proportion of individuals with low physical
activity decreased slightly (from 26% to 22%). The proportion of participants with moderate physical
activity remained relatively stable at 42%. However, there was a shift in sitting behavior during the
lockdown, with more participants spending longer hours sitting. The proportion of individuals engaging in
high sitting increased from 29% before the lockdown to 41% during the lockdown (Bailey et al. 2022).

While the changes in physical activity and sedentary behaviour as a result of the lockdown are evident,
some studies have additionally reported associations related to demographic and behavioral characteristics.
Bailey et al. (2022) reported that lower education level and higher BMI were associated with increased
odds of low physical activity during lockdown, compared to moderate or high physical activity, whereas
non-White ethnicity was associated with reduced odds. For sitting behavior, younger individuals aged 18—
39 years had significantly higher odds of engaging in high sitting during lockdown compared to those aged
60 years or older. Rogers et al. (2020) found that participants who engaged in less intensive physical
activity during lockdown were found to have higher odds of having obesity, hypertension, lung disease,
depression, and a disability. Being female, living alone, or lacking access to a garden were also associated
with engaging in less intensive physical activity. Conversely, being in the highest income group or
having school-age children were associated with a higher likelihood of engaging in more physical activity.
Bu et al. (2021) similarly found that a range of factors were found to be associated with physical activity
trajectories, such as age, gender, education, income, employment status, and health.

Self-reported questionnaires form the basis for many studies which quantify physical activity
behaviors due to their inexpensive and convenient nature, and current physical activity guidelines are
largely based on results from these surveys (Haskell et al. 2007; UK Department of Health and Social
Care 2011). However, activity information derived from self-reported data is potentially subject to
response biases such
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as imprecise recall and influence of social desirability (Althubaiti 2016)), and shows limited validity and
reliability (Shephard. 2003). A study in the UK, which used longitudinal smartphone-tracking, reported
more severe results compared to those described above (McCarthy et al. 2021). The authors report median
reduction in physical activity between January and June 2020, and found that 63% of people decreased their
physical activity over the lockdown period, where levels of physical activity among those classed as active
at baseline showed a larger drop compared with those considered to be fairly active or inactive. In contrast
to the self-reported data (Bailey et al. 2022), socioeconomic group and gender did not appear to be
associated with changes in physical activity. Fitbit (Fitbit 2020) and Garmin (Garmin 2020) have also
released some data, with both showing an increase in more vigorous physical activity and a reduction in
step activity. Fitbit showed a 9% decline in step activity in the UK. This study, however, ended on 22nd
March 2020 prior to the full lockdown restrictions and is therefore likely to underestimate the impact of the
restrictions.

Despite differences across methodological approaches, there is generally a negative impact of
lockdowns on physical activity behavior of individuals. Lower physical activity increases the risk of NCDs
such as CVD (Muhammed and Abubakar 2021; Ahmed et al. 2012) and T2D (Hamasaki 2016), as well as
depression (Pearce et al. 2022). Studies indicate that the occurrence of these NCDs have increased in the
short-term as a result of the lockdown (Perrone et al. 2021; American Heart Association 2023; British Heart
Foundation 2023; Izzo et al. 2023; Cecchini et al. 2021; Schuch et al.2020). Each of these conditions can
cause substantial disability or death, and reduces the quality of life for patients living with the condition.
Moreover, there is a significant cost to the NHS associated with the ongoing treatment of these chronic
conditions (Scarborough et al. 2011). It is difficult, however, to interpret the long-term health, and
associated economic, impacts of the effects of changes in physical activity on NCD occurrences.
Deciphering this information is vital to understanding the full impacts of government intervention strategies
on the overall health of a population, and informing on future pandemic management.

In this study, we attempt to shed some light on this impact by incorporating the lockdown effects in the
PALMS agent-based model and reporting on the changes in NCD incidents, depressions and MSI events
as a result of the physical activity changes due to the Covid-19 restrictive measures. We next present the
model and our experimental results.

3 PHYSICAL ACTIVITY LIFELONG MODELLING AND SIMULATION MODEL
(PALMS)

3.1 Model Overview and Description

PALMS is a micro-simulation that predicts the lifelong physical activity behavior of individuals of a
population and its effect on their quality of life (Anagnostou et al. 2019). In Figure 1 we can see the main
components of the model. The first component is the seed population where information about
demographics, physiological and socioeconomic characteristics is included in the individual agents. The
Lifelong Modelling and Simulation (LMS) component is the core module of the model where the life course
modeling logic is implemented. In this component, all risk and output calculations occur. The Physical
Activity (PA) component deals with updates on physical activity trajectories and relative risk adjustments.
The final component is the Life histories component, where all output events are recorded for each
individual agent in the model.
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Figure 1: PALMS model components overview.

3.1.1 Population Initialization

The model consists of a sub-population of individuals defined by their characteristics (e.g. age, sex) and
health status (e.g. blood pressure, CVD, diabetes). The initial population data was obtained from the Health
Survey for England (HSE 2012) representing 9,594 individuals. Table 1 describes the seed population
characteristics included in the model at initialization. Bootstrapping methods are implemented at
initialization using sampling with replacement if we wish to run experiments with larger than the seed
population size. We provide an overview of the model here, but a detailed description of the model can be
found in Anagnostou et al. (2019).

Table 1: A summary of selected baseline characteristics of the initial population (adapted from
Anagnostou et al. 2019).

Selected baseline characteristics of the initial population (n = 9,594)

Female, n (%) 5,268 (54.9)
Age, (years) median (25", 75" percentile) 45 (27, 63)
Ethnicity, n (%)

—  White 8,470 (88.3)

~  Black 247 (2.5)

—  Asian 642 (6.6)

—  Other 235 (2.4)
Physical activity status, (min per week) median (25%, 75" percentile) 225 (30, 570)
BMI, median (25", 75 percentile) 25.95(22.21,29.72)
CVD history, n (%) 1,033 (10.8)
Type 2 Diabetes, n (%) 527 (5.5)

3.1.2 Model Conceptualization

Figure 2 summarizes the processes undertaken be each agent in the simulation over time. The model is
initialized for n agents by reading population data (see Table 1) from an input CSV file, and the simulation
characteristics (simulation time (years) and n runs) are set.
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Over each time step (3 months), individuals may develop CVD, T2D, depression and MSI according
to established and validated risk algorithms (QRisk2 (Hippisley-Cox et al. 2008) and QDiabetes (Hippisley-
Cox et al. 2017) for CVD and diabetes, respectively) or estimated probabilities established from the
literature (depression and MSI (Rait et al. 2009; Wijlaars et al. 2012)). The relative risk of developing these
NCD:s is dependent on the individual’s physical activity level. In addition, the physical activity level itself
is dependent on an individual’s characteristics and health status, and the change in physical activity over
time is a function of previous activity levels. The formulae for calculating physical activity level can be
found in Anagnostou et al. (2019). Several time and/or condition dependent variants are then updated. These
include aging, physical activity changes, costs, quality of life and medical history.

Physical activity levels are classified into three categories using minutes of vigorous physical activity
(MVPA) per week as a measure: Inactive (0 < physical activity status < 85 min per week); Moderately
active (86 < physical activity status <425 min per week); and Very active (physical activity status > 426).
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Figure 2: A summary of the PALMS simulation and agent logic (Anagnostou et al. 2019).

3.1.3 Model Outputs

The model tracks the health status of individuals in the population over time, including BMI, cholesterol,
blood pressure, number of NCD events, physical activity status, utility, and QALY's as well as the economic
costs associated with NCD events and interventions. Individual and aggregated outputs are recorded in CVS
files and key parameters can be visualised on a desktop GUI in real-time.
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4 MODELLING THE EFFECTS OF THE UK COVID-19 LOCKDOWN ON PHYSICAL
ACTIVITY

McCarthy et al. (2021) explored patterns of smartphone-tracked activity before, during, and immediately
after lockdown in the UK. This study was chosen as the primary data source for our simulations because
other studies of physical activity in the UK during the pandemic have primarily used self-reported data
(e.g., Strain et al. 2022; Bailey et al. 2022).

The study reported physical activity between the week before the first case of Covid-19 was reported
(22nd January 2020) and the day the shops re-opened (17th June 2020). The authors found that
socioeconomic group and gender did not appear to be associated with changes in physical activity. There
appeared to be an effect of age, whereby younger people engaged in more physical activity before lockdown
and the least amount of physical activity after lockdown resulting in the greatest difference among age
categories. In contrast, those aged >65 years appeared to remain more active throughout and increased their
activity levels as soon as the lockdown was eased. Reductions in physical activity remained fairly static
throughout most of the lockdown, until the study ended on June 17th.

To obtain the data reported in the published time-series graphs, an online graph digitizer was used
(https://plotdigitizer.com/) and the percentage decrease was calculated from 22nd January 2020 (baseline)
to the first full week of lockdown (25th March 2020) as shown in Table 2

In a longitudinal study undertaken by Solomon-Moore et al. (2022), an online survey comparing
physical activity during the UK lockdown to the same time period 12 months later showed no differences
between baseline and follow-up physical activity. This indicates no recovery from the reported reductions
in physical activity between March 2020 and March 2021. This is supported by Sport England who reported
recovery in physical activity starting in mid-March 2021 (Sport England 2022).

A survey undertaken between November 2021 and November 2022 reported that physical activity
levels had returned to pre-pandemic levels (Sport England 2023). To model this, we implemented a linear
incremental increase for each 3-month time step between March 2021 and March 2022 to reach pre-
pandemic physical activity levels.

The simulation timeline is therefore as follows (the timestep in the model in 3 months):

Initialization in December 2019 with baseline parameters.

Reductions in physical activity begin March 2020 and remain until March 2021.
Physical activity increases linearly between March 2021 and March 2022.
March 2022 physical activity has fully recovered.

Table 2: Physical activity change.

Age Percentage reduction in
Physical Activity
14-24 87
25-34 92
35-44 83
45-54 70
55-64 66
> 65 38

4.1 Simulation Conditions and Output Analysis

Outputs of total (cumulative) CVD, T2D, depression and MSI events were recorded, and the baseline
scenario (no lockdown effects on physical activity) was compared to the scenario where the UK Covid-19
lockdown affected physical activity as described above after one, two and 80 years. These timesteps were
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chosen for analysis to represent the year following the reductions in physical activity, the year following
the recovery of physical activity, and the lifespan of the cohort. Model outputs represent the average (+SD)
of 100 runs on a cohort of 10,000 agents.

5 SIMULATION RESULTS

Following the reduction in physical activity as a result of the UK lockdown at the end of year one, the total
number of CVD, diabetes and depression events increased by 2.3, 0.6, and 3.92 events per 10,000
individuals, respectively, compared to the baseline scenario where no lockdown occurred (equivalent to a
2.2%, 1%, and 2.8% increase). Similarly, at the end of year two, the total cumulative number of events
increased by 3.67, 1.63, and 8.05 events per 10,000 individuals, respectively, compared to the baseline
scenario (amounting to a 1.7%, 1.4%, and 3.0% increase). Comparatively, by year 80, there were no
differences (<0.01%) in the total cumulative number of CVD, diabetes and depression events between the
two scenarios, indicating that the effects of reduced physical activity effects on the cohort as a result of the
lockdown were able to recover over time (see Figure 4)
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Figure 3: Total number of CVD, diabetes and depression events following reductions in physical activity
as a result of the UK Covid-19 lockdown (grey bars) compared to the baseline scenario (no lockdown -
black bars) after 1 (a) ,2 (b) and 80 (¢) years. Outputs represent the mean (=SD) of 100 runs for a cohort
of 10,000 agents.

MSI showed contrasting patterns, where the reduced physical activity during year one and year two
caused a decrease of 269.24 and 457.76 events per 10,000 individuals, respectively (equivalent to a 16.7%
and 14.4% decrease). This is expected since MSI is an adverse event of physical activity. After 80 years,
however, the number of events had recovered to a change of <0.01% between the two scenarios (see Figure
4).

6 CONCLUDING DISCUSSIONS

We simulated the effects of reduced physical activity as a result of the UK Covid-19 between March 2020
and March 2021, followed by a linear recovery back to pre-pandemic levels between March 2021 and
March 2022. We assessed the effects on NVDs, such as CVD and T2D, as well as depression and MSI, and
compared the results to a baseline scenario where no lockdown (or changes in physical activity) occurred.
The simulations showed that compared to the baseline scenario, the lockdown resulted in a higher
number of CVD, T2D and depression events, but a lower number of MSI events by the end of years one
and two. This emerges from the relationship in the model which quantifies an individual’s NCD risk as a
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Figure 4: Cumulative number of MSI events following reductions in physical activity as a result of the
UK Covid-19 lockdown (grey bars) compared to the baseline scenario (no lockdown - black bars) after
1, 2 and 80 years. Outputs represent the mean (+SD) of 100 runs for a cohort of 10,000 agents.

function of their physical activity level, where a lower physical activity increases the risks of CVD, T2D
and depression, but decreases the risk of MSI. It should be noted that the model does not account for
physical activity effects on other characteristics, such as BMI or blood pressure, which may in reality affect
the risk of developing an NCD; thus, these results may be under-representative.

The cumulative number of events did, however, recover over the lifetime of the cohort (80 years), where
cumulative changes in the number of CVD, T2D, depression and MSI events were <0.01%. This recovery
emerged due to the physical activity levels recovering after two years of lockdowns, resulting in the relative
risk converging with the baseline scenario. In addition, there are more fatalities due to NCDs during the
period with lower levels of physical activity. Nonetheless, further investigation is needed in order to
understand fully the impacts. The long-term recovery may again be under-represented in the model, as it
does not account for the increased fatalities from Covid-19 of older individuals at higher risk of undergoing
an NCD event, resulting in a marginally younger cohort with fewer comorbidities. The results from this
simulation study are therefore likely to be conservative.

Our results are supported by empirical studies in the literature which show that in patients with the
simulated NCDs, the risk of an event occurring in the short-term increased during the lockdown as a result
of changes in physical activity. Perrone et al. (2021) found that patients with high cardiovascular risk
showed increased LDL and cholesterol levels during the lockdown in Italy, increasing the ischemic heart
disease risk. In the US, the number of deaths from heart disease increased by 4.1%, representing about five
years of lost progress in reducing heart disease death rates among adults (American Heart Association
2023). Similarly, in the UK, nearly 100,000 more people with cardiovascular disease than expected have
died since the start of the pandemic in England (British Heart Foundation 2023).

For depression, Cecchini et al. (2021) found a significant rise during the lockdown in Spain, and
observed a negative relationship between the increase in depressive symptoms and moderate-to-vigorous
physical activity (MVPA) levels. Schuch et al. (2020) found the same pattern in self-isolating individuals
in Brazil. A similar trend is shown for T2D, for example, 1zzo et al. (2023) undertook a 6-year study on
more than 200,000 adult participants in Italy, and found that the incidence of T2D was significantly higher
during the pandemic compared to the pre-COVID-19 phase. These studies give a good indication that our
simulations are accurate, but they cannot assess how the diseases may progress in the long-term nor have
they attempted to quantify the cost of these diseases to the health system.
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Given this important knowledge gap, future work will assess the long-term economic effects of the
simulated changes in NCD occurrences as a result of the lockdown with the aim to provide a cost-benefit
analysis of increased NCD cases vs. Covid-19 infections prevented.
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