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ABSTRACT ITALIANO

L'inquinamento atmosferico rappresenta una sfida significativa per la salute globale, soprattutto negli
ambienti urbani dove i pendolari sono esposti a livelli elevati di particolato, come il PM> 5. La mobilita
attiva, sebbene vantaggiosa per la salute fisica, paradossalmente aumenta 1'esposizione agli inquinanti
a causa della maggiore ventilazione dovuta allo sforzo fisico. Questa tesi esplora queste dinamiche
analizzando le variazioni nelle concentrazioni di inquinanti atmosferici in diverse aree urbane di

Brescia, evidenziando 1 fattori stagionali e geografici che influenzano 1 livelli di esposizione.

Le e-bike si rivelano una soluzione promettente per ridurre l'inquinamento e promuovere la salute
attraverso la mobilita attiva. Tuttavia, 1 risultati suggeriscono che la riduzione del carico metabolico
associata alle e-bike potrebbe essere eccessiva per stimolare significativi benefici per la salute.
Nonostante cio, questa minore richiesta metabolica ¢ vantaggiosa perché riduce la ventilazione,
diminuendo cosi 1'inalazione di particelle durante I’utilizzo di e-bike. Inoltre, I'integrazione di dati
sulla qualita dell'aria in tempo reale e il monitoraggio di parametri fisiologici durante utilizzo di e-
bike consente aggiustamenti dinamici dell'assistenza elettrica, migliorando ulteriormente la sicurezza

degli utenti e riducendo l'esposizione agli inquinanti atmosferici.

Questa ricerca dimostra come la combinazione di tecnologie per la mobilita sostenibile con
applicazioni di dati in tempo reale possa favorire la mobilita attiva pur affrontando i rischi per la

salute, offrendo un modello scalabile e adattabile per migliorare la salute pubblica urbana.



ABSTRACT

Air pollution represents a significant global health challenge, with urban environments exposing
commuters to elevated levels of particulate matter such as PMas. Active mobility, while beneficial
for physical health, paradoxically increases exposure to air pollutants due to the higher ventilation
associated with physical exertion. This thesis investigates these dynamics by analyzing variations in
air pollutant concentrations across different urban areas of Brescia, highlighting the seasonal and

geographical factors that influence exposure levels.

E-bikes emerge as a promising solution to reduce both pollution and promote health through active
mobility. However, the findings indicate that the reduction in metabolic load associated with E-bikes
may be too substantial to effectively stimulate significant health benefits. Nevertheless, this lower
metabolic demand proves advantageous in reducing ventilation rates, which, in turn, minimizes the
inhalation of particulate matter during commuting. Additionally, the integration of real-time pollution
data and physiological monitoring into E-bike systems enables dynamic adjustments in electric

assistance, further enhancing user safety and mitigating exposure.

This research demonstrates how combining sustainable mobility technologies with real-time data
applications can promote active commuting while addressing health risks, offering a scalable and

adaptable model for improving urban public health.
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1.CHAPTER 1

1.1.Introduction

Air pollution represents a significant public health challenge, with the World Health Organization
(WHO) estimating that it contributes to approximately 9 million premature deaths yearly (Fuller et
al., 2022). In response to this emergency and the urgent issue of climate change, governments, and
environmental agencies are promoting active and sustainable mobility solutions to reduce the rising

production of CO2 and air pollutants.

However, this scenario presents a paradox: while promoting outdoor mobility is essential, it can also
expose individuals to health risks, as road users are often among those most impacted by elevated
concentrations of pollutants due to traffic exhaust emissions (Boogaard et al., 2009; He and Gao,
2021; Hernandez et al., 2021; Qiu et al., 2018; Strak et al., 2010; Zuurbier et al., 2010, 2009). In this
context, E-bikes can play a crucial role in the possibility to reduce exposure to air pollution during
everyday bike commuting in areas close to busy roads, as they lower the metabolic demand of cycling
(McVicar et al., 2022). The decreased metabolic demand linked to riding an E-bike leads to reduced
ventilation (VE), further enhancing air quality protection for the rider since the amount of pollutants

inhaled is influenced by both Vg, air pollutant concentrations, and duration of exposure.

E-bikes may also help to meet WHO requirements for physical activity (i.e., 150 min moderate
intensity or 75 min vigorous exercise per week). However, our understanding of the metabolic
demands linked to e-biking is still somewhat limited. Recent studies have evaluated the metabolic
demand of e-biking using absolute values of oxygen consumption (VO>) ((i.e. metabolic equivalents
(MET)) or fixed percentage of maximal physiological values (e.g. fixed percentages maximal oxygen
consumption (VOamax), fixed percentage of maximal heart rate (HRmax); methodologies that are being

increasingly criticized by recent literature (Iannetta et al., 2020; Jamnick et al., 2020). Additionally,
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assessments of individual exposure and inhaled dose (ID), the amount of air pollutant respired by an
individual, typically rely on costly reference methods (such as expensive optical particle counters) or
methodology with a low spatial-temporal sensitivity (i.e., gravimetric analysis from a fixed station or
satellite models) combined with standardized or predicted Vg values. This reliance on expensive or
low spatial-temporal sensitivity techniques limits the ability of the general public and public health
agencies to evaluate accurately the individual exposure to air pollutants. However, the increasing
accessibility of low-cost, real-time air pollution monitors and wearable devices capable of
continuously monitoring physiological parameters [i.e., heart rate (HR)] presents an opportunity for
more precise and individualized assessments of exposure to air pollutants and ID. Moreover, these
advancements facilitate the development of innovative systems leveraging emerging technologies,
such as the integration of E-bikes with real-time air pollution monitors and physiological data from

wearables, to minimize or reduce ID during physical activity in air-polluted environments.

1.1.1. Aims

The specific aims of this thesis were:

1. To investigate air pollutant concentrations in different areas within the urban environment of
Brescia.

2. To examine the variations in fine particulate matter (PM 5) ID under varying levels of exercise
intensity.

3. To determine potential differences in PM» 5 ID between male and female individuals during
different exercise intensities.

4. To investigate the interplay between exercise intensity and the concentration of PM»s in
different areas of Brescia in the calculation of the PM» s ID.

5. To quantify the extent to which e-biking reduces internal and external load compared to

traditional cycling.
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To evaluate the metabolic demand of e-biking within the exercise intensity domains
framework.
To design an application that reduces the ID through the integration of E-bike assistance with

a real-time calculation of the ID.

1.1.2. Hypotheses

This thesis specifically addresses the following hypotheses:

1.

Air pollution concentration depends on different areas within the same urban environment,
seasonality, and the interaction between them.

Exercise intensity significantly influences the ID of PM; s.

Males exhibit a higher PM; 5 ID during heavy-intensity exercise.

The ID in some areas of the city show similar level to other areas during moderate-intensity
exercise

E-biking may not provide enough metabolic stimulus to significantly enhance VOamax.
Integrating real-time physiological data with real-time air pollution data and E-bike assistance
can effectively decrease PM, s ID during commuting, thereby enhancing health and safety

outcomes for users.
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2.CHAPTER 2

2.1.A brief introduction to air pollution research

Air pollution has been a topic of research interest for a long time. The connection between human
health and air pollutants has been recognized since ancient Roman and Greek times. However, it was
during the period of industrialization that air pollution garnered greater attention from both
governments and scientists. For instance, Sir Charles II commissioned John Evelyn to investigate the
health effects of smog in London. In 1661, Evelyn published "Fumifugium, or, the inconveniencie of
the aer and smoak of London dissipated together with some remedies humbly proposed", a
dissertation that provided detailed recommendations on how to minimize exposure to air pollution
for workers in London, that is currently considered one of the first scientific document on air
pollution. Modern research on air pollution emerged in response to significant air quality disasters in
the 20th century, such as those in the Meuse River Valley in 1930, Donora, Pennsylvania in 1948,
and London in 1952. Before these incidents, air pollutants were minimally monitored, despite a
general awareness of their potential health impacts. These events led to a heightened focus on air
quality, prompting health and environmental agencies to prioritize monitoring air pollution and
investigating its potentially harmful effects. Nowadays, we are more informed about the detrimental
effects, but despite that, air pollution is still a global concern; the WHO states that it causes 9 million
premature deaths annually (Fuller et al., 2022). This concerning statistic underscores the urgent need
for a thorough understanding of individual exposure to air pollution and potential mitigation

strategies.

2.2.Composition of air pollution

Defining air pollution can be intricate, as even oxygen, essential for life, in excessive concentrations

can function as a pollutant. For instance, while the Earth's atmosphere comprises roughly 21%
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oxygen, an increase to 30% could significantly heighten fire risks due to its oxidative potential. This
is relevant because it explains how it is not the specific molecule or particle present in the air that is

detrimental but rather the quantity in which it exists.

Presently, air pollution is defined as the contamination of the indoor or outdoor environment by any
chemical, physical, or biological agent that alters the natural characteristics of the air respired
(Manisalidis et al., 2020). These contaminants may exist as solid particles, liquid droplets, or gases.
They can originate from natural sources, such as volcanic eruptions, dust storms, forest fires, and sea

salt, or from anthropogenic sources, such as power plants, factories, automobiles, and trucks.

Air pollution is a complex mixture of various components, encompassing a variety of particles and
gases in the atmosphere, some of the most studied include particulate matter (PM), gaseous pollutants
(including sulfur dioxide, nitrogen oxides, carbon monoxide, and ozone), volatile organic compounds

(VOCs), heavy metals, and persistent organic pollutants.

2.3.Particulate Matter

Ambient air contains a variety of solid matter originating from both natural sources, such as soil and
wind-blown dust, and anthropogenic and biogenic materials, including human and animal hair, skin
cells, textile fibers, and plant pollen, among others found in the local environment. Over the past
century, however, industrial development and extensive reliance on fossil fuels have substantially
increased both the composition and concentration of these suspended particles in the atmosphere

(Alfano et al., 2020). These particles, called "PM", vary significantly in size and composition. For
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instance, some elements, like dust, dirt, soot, smoke, pollen, and mold spores, are large enough to be

seen with the naked eye, while others are microscopic and require special instruments for detection.

Human Hair € PMy;s

50:70mein Combustion particles, organic compounds,

diameter metals, etc. < 2.5um m diameter

PM,,

Dust, pollen, mold, ete.
< 10pum in diameter

90um in diameter

Fine Beach Sand

Figure 2.1: Comparison of particulate matter (PM) sizes with human hair and fine beach sand. Human hair has
a diameter of 50—70 um, while fine beach sand is approximately 90 um. PM,y particles, such as dust and
pollen, are smaller than 10 um, and PM; s particles, including combustion particles and metals, are smaller
than 2.5 um. Credit for the image to Environmental Protection Agency

For this reason, PM is commonly classified based on its dimensions, specifically its aerodynamic
diameter. This classification is critical because the size of the particles directly influences their
behavior in the atmosphere and their physiological effects on the human body. Each size category of
PM is associated with specific physiological responses due to its ability to penetrate and interact with
different parts of the respiratory system (Kim et al., 2015; Manisalidis et al., 2020). These categories
include coarse particles (PMo) (i.e., particles in the range between 10 pm and 2.5 pum), PMas (i.e.,

the particles with diameters less than 2.5 pm), and ultrafine particles (PMoy.1) (i.e. the particles with
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diameters less than 0.1 pm). Differently from PM;sand PMio, PMy 1 is typically characterized by the
number of its components, as individual elements possess minimal mass (Harrison et al., 2016). The
chemical composition of PM displays considerable variability, often influenced by the geographical

characteristics of sampling locations and associated anthropogenic activities (Dominici et al., 2015).

Generally, fine particles comprise a core representative of the specific pollutant source, surrounded
by a common shell that contributes significantly to the overall mass (Adams et al., 2015; Dominici et
al., 2015). This envelope typically includes constituents such as sulphates, nitrates, ammonia, sodium
ions, potassium, calcium, magnesium, and chloride, as well as organic compounds, including
hydrocarbons and oxidized organic aerosols. Moreover, biological components, including allergens
and microbial entities, may also be present within PM (Adams et al., 2015; Harrison et al., 2016). PM
can originate from either anthropogenic or natural sources and can also be classified as primary (i.e.,
directly emitted from sources) or secondary (i.e., formed in the atmosphere from reaction with other
pollutants, e.g., ammonia). The main human-related contributors to PM include emissions from
transportation, solid fuel heating systems, heavy industry, and agriculture. On the natural side, sources

include volcanic eruptions (which release substantial sulfates) and wind-driven transport of sand.

2.4.PM health effects and exposure-related disease

PM is among the most prevalent atmospheric pollutants and has been the focus of considerable
research. The effects of PM exposure on human health are complex and influenced by numerous
factors, including individual characteristics and the specific properties of the PM. The size of PM
particles is particularly important in determining health outcomes (Brown et al., 2013; Kim et al.,
2015). Smaller particles have a higher capacity to penetrate the respiratory system, resulting in a
greater deposition rate within the lungs. During nasal breathing, the body utilizes cilia and mucus to
filter larger PM particles, particularly those greater than 10 um, which typically settle in the upper

respiratory tract (Atkinson et al., 2010). Upon inhalation, PM is largely retained in the nasal cavities
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and throat, leading to physiological reactions such as coughing and sneezing intended to remove these
particles (Cadelis et al., 2014). Conversely, particles smaller than 10 pm are significantly more
concerning, as they can travel deeper into the respiratory system and reach the alveoli, the site of gas
exchange (Londahl et al., 2006). Deposition patterns suggest that particles in the 5 to 10 pm range
predominantly impact the tracheobronchial region, while those between 1 and 5 pm penetrate the
respiratory bronchioles and alveoli more effectively (Londahl et al., 2006). The health consequences
of inhaling these fine particles are substantial, potentially leading to various health issues (Mukherjee
and Agrawal, 2018). Particles smaller than 1 pm behave similarly to gas molecules, facilitating their
diffusion into the alveoli and possible translocation into surrounding tissues (Valavanidis et al., 2008).
Research has underscored the significance of transition metals (the elements ranging from group 3 to
group 12 in the periodic table) in PM, which may contribute to airway damage and inflammation
(Diociaiuti et al., 2001; Gonzalez-Flecha, 2004; Li et al., 2008). Transition metals such as iron present
in PM can increase the production of reactive oxygen species in biological systems, leading to cellular
harm and triggering inflammatory responses (Kim et al., 2015; Li et al., 2008). Studies using animal
models have shown a direct link between soluble transition metals and PM-induced pulmonary injury
(Costa and Dreher, 1997). Moreover, endotoxins contained in PM have been related to gram-negative
bacterial contamination, which can exacerbate airway inflammation and dysfunction (Pirie et al.,

2003; Traversi et al., 2011).

Osornio Vargas et al. (Osornio-Vargas et al., 2011) revealed that PM enriched with elemental
components could lead to cell membrane disruption and a pro-inflammatory state, posing significant
health threats, including pulmonary fibrosis. The role of anthropogenic sources in altering PM
composition may intensify lung and cardiovascular diseases due to the increased production of pro-
inflammatory cytokines (Araujo, 2011). Research has established a connection between PM

exposure, oxidative stress, and inflammation (Mpller et al., 2008). Furthermore, Jung et al. (Jung et
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al., 2012) found that organic extracts from subway PM g exhibited genotoxic effects on normal human

lung cells, indicating that oxidative stress may be a fundamental mechanism at play.

From the previous part is clear that PM could harm human health; in fact, exposure to PM has been
associated with a wide array of adverse health effects, significantly impacting public health. Research
indicates that PM exposure correlates with increased hospitalizations, emergency room Visits,
respiratory disorders, exacerbation of chronic respiratory and cardiovascular diseases, diminished
lung function, premature mortality, and neurological disorders (Kim et al., 2015; Manisalidis et al.,
2020; Mukherjee and Agrawal, 2018; Thompson, 2018; You et al., 2022). Particularly high levels of
PM can lead to perinatal complications, such as low birth weight, pre-term deliveries, and infant
mortality. Short-term health effects from PM exposure encompass symptoms including dyspnea,
chest pain, and coughing (Guaita et al., 2011). The risk of adverse effects from PM exposure is
heightened among vulnerable populations, including older adults, children, and individuals with pre-
existing cardiovascular or pulmonary conditions. In pediatric populations, PM exposure is intimately
linked to impaired lung development, reduced lung growth rates, and enduring deficits in pulmonary
function (Brauer et al., 2012). For example, exposure to elevated concentrations of PM s (e.g., 65
ug/m? over 24 hours) is shown to aggravate asthma symptoms and hinder lung function significantly
(Gold et al., 1999; Guaitaet al., 2011). Moreover, arise in PMjg levels (e.g., >150 pg/m?) is associated
with a 3-6% decline in lung function (Sofer et al., 2013), while an increase of 10 pg/m? in PMio 25
corresponds to an 18% increase in asthma admissions on the same day (Tecer et al., 2008).
Furthermore, PM pollution poses considerable cardiovascular risks, particularly among the elderly,
leading to conditions such as myocardial infarctions and congestive heart failure (Dominici et al.,
2006; Wellenius et al., 2006, 2005; Zanobetti and Schwartz, 2005). Mechanistically, PM exposure
may initiate systemic inflammation, endothelial dysfunction, and the progression of atherosclerosis
(Sun et al., 2010; Suwa et al., 2002). For instance, an increase in PM; s concentrations is related to

heightened carotid intima-media thickness, a recognized marker of atherosclerosis (Kiinzli et al.,
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2005). Additionally, short-term exposure to PMa s correlates significantly with hospitalizations due
to cardiovascular and respiratory conditions (Bell et al., 2008) and has been linked to reduced vagal
tone, as observed in residents of Boston (Gold et al., 2000). In addition to this, PM exposure likely
contributes to the development of neurological disorders such as Alzheimer’s disease or dementia; it
seems that PM>s and PMy.1 cause neurotoxicity (You et al., 2022). In summary, the evidence
underscores the profound burden imposed by PM pollution, highlighting the urgent need for
interventions aimed at improving air quality and safeguarding public health through strategies for

mitigating general public.

2.5.Volatile Organic Compounds

VOCs are a class of organic chemical substances present in the air, characterized by their high
volatility. They originate from both natural and anthropogenic sources. VOCs can be emitted by
plants, trees, and other living organisms (Wang et al., 2024), while human activities significantly
contribute to their release through industrial processes, solvents, paints, pesticides, fuels, and vehicle
exhaust fumes (Piccot et al.,, 1992). Over the past decades, increasing urbanization and
industrialization have led to a substantial rise in VOC emissions into the atmosphere. A critical feature
of VOCs is their ability to chemically interact with other atmospheric compounds, resulting in
secondary pollutants such as tropospheric ozone and PM» s (Atkinson, 2000; Shao et al., 2020). These
compounds play a key role in the formation of photochemical smog and have significant implications
for both human health and the environment. VOCs can be classified based on their chemical structure
and reactivity potential (Rumchev et al., 2007), including categories like alkanes, alkenes, aromatic
compounds, and oxygenated compounds. The chemical composition of VOCs varies widely
depending on their sources and local environmental conditions. For instance, biogenic VOCs, such
as monoterpenes and isoprenoids, are particularly prominent in forested areas (Wang et al., 2024),

while anthropogenic VOCs, including benzene, toluene, and xylenes, dominate industrial and
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urbanized areas (Piccot et al., 1992). Furthermore, anthropogenic VOC sources include both direct
emissions and secondary processes, such as the oxidation of other organic compounds. VOCs are
typically categorized as indoor pollutants because they tend to accumulate in enclosed environments.
Outdoor VOCs, on the other hand, consist of a mixture of anthropogenic and biogenic sources. Due
to the biogenic origin of certain VOCs, seasonal trends can be observed in their levels, as the
production of biogenic VOCs increases during warmer periods (spring and summer) due to

heightened biological activities (Oderbolz et al., 2013).

2.6.Volatile Organic Compounds and health-related disease

The health effects of VOC exposure depend on multiple factors, including the specific compound, its
concentration, the duration of exposure, and individual susceptibility. VOCs are particularly
concerning because they often accumulate in indoor environments, where individuals spend a
significant portion of their life time, and because some VOCs are highly toxic or even carcinogenic

(Zhou et al., 2023).

One of the primary concerns associated with VOC exposure is their impact on the respiratory system.
VOCs, such as formaldehyde, benzene, and toluene, can irritate the respiratory tract, leading to
symptoms such as coughing, throat irritation, and shortness of breath (Ware et al., 1993). Long-term
exposure to certain VOCs has been linked to chronic respiratory conditions, including asthma and
chronic obstructive pulmonary disease (Alford and Kumar, 2021; Rumchev et al., 2007).
Additionally, VOCs can exacerbate pre-existing respiratory disorders, particularly in sensitive

populations such as children, the elderly, and individuals with compromised immune systems.

VOCs are not only respiratory irritants but also systemic toxins. Some compounds, such as benzene,
are well-documented carcinogens that can disrupt bone marrow function, leading to hematological

disorders, including leukaemia (Aksoy, 1989). Others, like toluene and xylene, have been associated
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with neurological symptoms, including headaches, dizziness, and cognitive impairment, particularly
after prolonged exposure in occupational settings (Bolden et al., 2015). Chronic exposure to
neurotoxic VOCs may also contribute to neurodegenerative diseases, such as Alzheimer’s or
Parkinson’s disease, by inducing oxidative stress and inflammation in the central nervous system

(Nabi and Tabassum, 2022).

Moreover, exposure to VOCs has been linked to systemic effects, including cardiovascular
complications. Studies suggest that inhalation of VOCs may promote oxidative stress and systemic
inflammation, leading to endothelial dysfunction and an increased risk of atherosclerosis and
cardiovascular events (Shen et al., 2024). Pregnant women exposed to elevated VOC levels may also
experience adverse reproductive outcomes, including low birth weight, preterm delivery, and

developmental delays in children (Boyle et al., 2016).

The health risks of VOC exposure are heightened in indoor environments due to limited ventilation,
which allows for the accumulation of emissions from sources such as paints, cleaning products,
building materials, and furnishings (Rumchev et al., 2007). In outdoor environments, biogenic VOCs
such as isoprene and monoterpenes may contribute to the formation of ground-level ozone and

secondary organic aerosols, exacerbating respiratory and cardiovascular issues (Lippmann, 1989).

2.7.Air pollution monitoring

To effectively evaluate the health risks associated with PM and determine its sources, various
measurement techniques are employed, categorized by the parameters they assess: particle mass per
unit volume, particle number per unit volume, size distribution, and surface area concentration
(Amaral et al., 2015). Among these, gravimetric analysis and beta attenuation monitoring are
considered the gold standards for measuring PMio and PM> s (UNI EN 12341:2014). Gravimetric

analysis involves collecting PM on a filter over a specified time interval, followed by weighing the
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filter before and after collection to determine the particle mass (Amaral et al., 2015). This method is
highly precise but requires laboratory processing, making it less suitable for real-time applications.
Beta attenuation monitoring, in contrast, measures particle mass in real time by observing the
attenuation of beta radiation passing through a filter loaded with PM. While this technique is efficient

for continuous monitoring, it is sensitive to environmental conditions such as humidity.

Photometric methods, which use light-scattering techniques, are commonly employed for real-time
monitoring of PM concentrations (Amaral et al., 2015). These devices operate by illuminating
airborne particles with a light source, such as a laser, and detecting the scattered light to estimate
particle concentration. Photometric techniques are portable and fast but may require frequent
calibration against gravimetric methods due to variability in particle shape and composition (Chung
et al., 2001). For particle number concentrations, optical particle counters (OPCs) are particularly
effective, as they utilize lasers to count and size particles individually, providing detailed insights into
ultrafine particles. However, OPCs cannot provide chemical composition data, limiting their use in
identifying pollution sources. For size distribution analysis, advanced instruments like scanning
mobility particle sizers and aerodynamic particle sizers are employed. Scanning mobility particle
sizers devices classify particles based on electrical mobility, allowing for precise measurement of
nanometer-sized particles. These are critical for understanding ultrafine PM toxicity, but they require
complex operation and significant investment. Aerodynamic particle sizers instruments, on the other
hand, measure the aerodynamic diameter of particles by observing their behavior in an accelerated
air stream, effectively classifying particles within the 0.5-20 pm range. Aerodynamic particle sizers

devices are ideal for larger particles but are limited in their ability to measure ultrafine PM.

Recent advancements in satellite technology have revolutionized PM monitoring by enabling large-
scale observation of regional and global air quality. Satellite-derived data, often integrated with

ground-based measurements, can refine predictive models of PM behavior under varying
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meteorological conditions. However, satellite data relies heavily on atmospheric models and optical
depth measurements, which lack the spatial and temporal resolution required for precise ground-level
assessments of PM concentrations. As such, these systems are less suited for evaluating individual

exposure to pollutants.

In contrast, the emergence of low-cost sensors has transformed PM monitoring by providing an
affordable, scalable, and real-time solution (Snyder et al., 2013). Platforms like Arduino and
Raspberry Pi support the development of compact devices capable of measuring PM alongside
environmental parameters. While these sensors are less accurate than traditional methods and can be
sensitive to environmental interference, their affordability, portability, and scalability make them
particularly useful for individual exposure monitoring and community-based air quality studies
(Karagulian et al., 2019; Snyder et al., 2013). This availability of high-precision data on air pollutant
concentrations can help public health agencies and decision-makers develop more effective public

health interventions and individual mitigation strategies.

Method Advantages Disadvantages Relative Cost (€)
High accuracy; LG ORI
. . . requires laboratory
Gravimetric standardized; :
. processing; €€€
Analysis endorsed for .
T — unsuitable for real-
& time data
Beta Attenuation Real-time data; Se‘nsmve tg
. robust; low humidity; relatively €€ee
Monitoring . :
maintenance expensive
o RO Calibration
Photometric Light . ’ ired; affected
orometric s portable; suitable for required, atecte €€
Scattering . o by particle
real-time monitoring .
properties
High sensitivity; Cannot determine
OPCs detailed particle size chgmic.al ' cee
and count composition; higher
information maintenance
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. Excellent for Requires solvent;
Condensation . . :
. ultrafine particles; limited to specific €€€
Particle Counters . o\ :
highly sensitive size ranges
Precise size Expensive:
ing Mobili istribution f .
Scannzz?g c?bzlzty distribution for complex operation; ceeee
Particle Sizer nanometer particles; S .
.- time-1ntensive
critical for research
. Effective for 0.5-20 .
Aerodynamic Ve Limited to larger
. . um particles; real- . . €€eee
Particle Sizer . . . particles; high cost
time classification
Low spatial
Large-scale W Spatia;
. . resolution; indirect
Satellite monitoring;
) > . measurements; €EEE
Observations enhances predictive .
unsuitable for
models e s
individual exposure
Affordable; portable;  Limited accuracy;
real-time; ideal for sensitive to
Low-Cost Sensors ’ . . N €
personal/community- interference; short
level monitoring lifespan

Table 2.1: Comparison of various particulate matter monitoring methods, highlighting their advantages,
disadvantages, and relative costs. The table provides an overview of techniques ranging from highly accurate
laboratory methods like gravimetric analysis to portable and affordable options such as low-cost sensors,
catering to diverse applications and requirements in air quality monitoring.

2.8.Air pollution thresholds

Different environmental agencies establish air pollution thresholds to regulate and mitigate the effects
of PM on human health and the environment. However, there is often a lack of agreement on the
specific values that should be considered safe (see Table 2.2) or dangerous, leading to variability
across national and international standards. For instance, the thresholds for PMio and PMas
concentrations differ significantly between countries, reflecting variations in local air quality policies,
public health priorities, and scientific interpretations. In addition to national standards, non-
governmental organizations such as the WHO have proposed guidelines that are often more stringent,

emphasizing precautionary measures to protect public health.
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Country/Organization PM> s (Annual ~ PM>s5 (24-hour ~ PMjo(Annual ~ PM o (24-hour
Mean) Mean) Mean) Mean)

WHO 5 pg/m? 15 pg/m? 15 pg/m? 45 pg/m?
Argentina 15 pg/m? 45 pg/m? 40 pg/m? 100 pg/m?
Australia 8 ng/m? 25 pg/m? 25 pg/m? 50 pg/m?
Brazil 10 pg/m? 25 pg/m? 20 pg/m? 50 pg/m?
Canada 8.8 ug/m? 27 pg/m? 20 pg/m? 50 pg/m?
China 35 pg/m? 75 pg/m? 50 pg/m? 150 pg/m?
France 10 pg/m? 25 pg/m? 20 pg/m? 50 pg/m?
Germany 10 pg/m?3 25 pg/m? 20 pg/m? 50 pg/m?
India 40 pg/m? 60 pg/m? 60 pg/m? 100 pg/m?
Indonesia 15 pg/m? 50 pg/m? 50 pg/m? 150 pg/m?
Italy 10 pg/m?3 25 pg/m? 20 pg/m? 50 pg/m?
Japan 15 pg/m? 35 pg/m? 50 pg/m? 100 pg/m?
Mexico 12 pg/m?3 45 pg/m? 40 pg/m? 75 pg/m?
Russia 25 pg/m? 50 pg/m? 40 pg/m? 100 pg/m?
Saudi Arabia 15 pg/m? 50 pg/m? 50 pg/m? 150 pg/m?
South Africa 20 pg/m? 40 pg/m? 50 pg/m? 120 pg/m?
South Korea 15 pg/m? 35 pg/m? 50 pg/m? 100 pg/m?
Turkey 25 pg/m? 50 pg/m? 40 pg/m? 100 pg/m?
United Kingdom 10 pg/m? 25 pg/m? 20 pg/m? 50 pg/m?
United States 12 pg/m? 35 pg/m? 50 pg/m? 150 pg/m?

Table 2.2: Air quality standards for PM>s and PM;o concentrations set by the WHO and various countries,
expressed as annual and 24-hour mean limits. These values reflect regulatory benchmarks aimed at protecting
public health, with significant variation between countries based on local policies and environmental
conditions.

This lack of global consensus poses challenges for international collaboration and policy alignment,

making it difficult to establish universally accepted benchmarks for air quality. Despite this, such
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comparisons are vital for understanding regional and global trends in air pollution management and
their implications for human health. One key limitation of these thresholds is their reliance on
concentration values without considering the actual dose of pollutants inhaled by individuals (i.e. ID)
(Borghi et al., 2021). The ID is defined as the product between the Vg, the concentration of pollutants

and the duration of exposure (t) (see equation 1).
1) ID = [Air pollutant (ug/m*)] - Ve (m?/min) - t (min)

The ID can vary significantly depending both on personal ventilation, which is influenced by factors
such as age, activity level, and individual physiology during daily activities (Aitken et al., 1986) and
concentration of pollutants. By overlooking this variability, current threshold standards may not fully
account for individual exposure and associated health risks, underscoring the need for more
comprehensive approaches to air pollution assessment (Borghi et al., 2021). Although the concept of
ID has been adopted in research studies (Buonanno et al., 2013; Correia et al., 2020; de Nazelle et al.,
2012; Qiu et al., 2019; M. J. Ramos et al., 2015), it is not yet widely utilized. A key limitation has
been the lack of capacity to leverage real-time air pollution data and the challenges in retrieving
accurate information on personal ventilation. However, with the advent of wearable technologies, it
is now possible to estimate Ve from HR measurements using various regression equations available
in the literature. By integrating these two data streams, real-time air pollution levels and estimated
ventilation rates, researchers can calculate the ID more precisely, providing more accurate and

detailed insights into individual exposure to air pollutants.

2.9.The context of Brescia and the Po Valley

Brescia, situated in the heart of the Po Valley in northern Italy, highlights the complex challenges
posed by air pollution in industrialized regions. This area is marked by significant industrial activity,
leading to serious environmental issues, particularly concerning air quality. The geographic and

climatic characteristics of the Po Valley intensify these problems, especially during winter when
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pollution levels typically arise. The valley's unique topography, surrounded by the Alps, creates a

natural barrier that restricts airflow, resulting in the accumulation of pollutants.

Figure 2.2: shows a satellite picture displaying a period with high levels of PM concentration in the Po Valley.
Credit to ESA (Data source: CAMS/ECMWF)

In winter, the region frequently experiences thermal inversion, a phenomenon where a layer of warm
air traps cooler air below it, along with pollutants. Combined with increased household heating,

agricultural activities, and the use of fossil fuels, this leads to elevated concentrations of PM.
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Additionally, periods of drought hinder the natural cleansing of the air by rain, causing prolonged
high pollution levels. Consequently, residents of the Po Valley, including those in Brescia, face
heightened health risks linked to prolonged exposure to air pollution. The increased levels of PM and
other pollutants not only diminish life expectancy but also negatively impact the quality of life in this
region. For instance, research by (Khomenko et al., 2021) indicates that Brescia has the highest rate

of premature mortality due to PM> 5 in Europe.

2.10. Strategies to reduce air pollution

Around the world, and particularly in Europe, governments (Christidis et al., 2023; De Nazelle et al.,
2011) are working to minimize air pollution. A suggested approach, differing from the typical
methods aimed at reducing industrial pollutant emissions, focuses on encouraging active and green
transportation options in cities to decrease vehicle traffic and, as a result, lower transportation-related

emissions.

Promoting active mobility, such as walking or cycling, is a promising strategy for reducing PM
emissions (Johansson et al., 2017; Philips et al., 2022). In addition to environmental advantages, these
policies can substantially enhance public health (De Nazelle et al., 2011). For instance, Schantz et al
noted that biking commuting achieves on average a VO, of about 65% of the maximum, which is
sufficient to maintain or even improve physical health (Schantz et al., 2020). Additionally, Chatterjee
et al. discovered that workers who cycled or walked to work experienced less stress than their
colleagues who commuted by other means car (Chatterjee et al., 2020). Furthermore, regular physical
activity contributes to mental well-being alongside physical health (Pearce et al., 2022; Wicks et al.,
2022). Thus, incorporating walking or cycling into daily commutes not only helps alleviate air

pollution but also promotes better overall health outcomes.

However, this leads to a paradox whereby promoting active mobility while vehicular emissions

remain high can negatively impact active commuters' health. Cyclists and pedestrians are subjected
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to significant peaks of air pollution (Luengo-Oroz and Reis, 2019; Strak et al., 2010; Zuurbier et al.,
2010). Moreover, engaging in physical activity increases minute ventilation and considering that the
ID depends on both ventilation and pollutant concentration, this increases the amount of pollutants

inhaled.

2.11. Integrating technologies for the mitigation of air pollutants exposure

Technological progress has enabled widespread access to both air pollution and physiological data.
For instance, wearables that can easily monitor physiological parameters like HR are becoming
increasingly popular to the general public. Meanwhile, the growing awareness of air quality has led

to the increasing availability of real-time air pollution sensors, thanks to their decreasing costs.

This increased data accessibility allows for the integration of these metrics to help individuals monitor
air pollutants exposure. HR can effectively predict Vg; different studies (Cruz et al., 2020;
Lathouwers et al., 2021; Zuurbier et al., 2009) have created regression equations that correlate HR
with VE, aiding with the understanding of the ID. By combining these two types of data, it is possible
to calculate the ID in real-time, which can help individuals to develop strategies to minimize

individual exposure.

In addition, such data can support decision-makers in formulating new policies regarding exposure,
utilizing ID as a more accurate measure for evaluating health risks. Municipalities can leverage this
information to design dedicated commuting routes that reduce air pollution exposure for commuters
and road users. Additionally, the general public can utilize this data to make informed decisions about

where to localize efforts to lower exposure to air pollution.

Furthermore, more complex integrations could enhance these efforts, such as incorporating green

modes of active transportation to assess user exposure or to mitigate it through technology. For
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example, Sweeney et al. (Sweeney et al., 2019) developed a “context-aware E-bike” that reduced

users' Vg during e-biking when electric assistance was activated.

In conclusion, integrating physiological data, specifically Vg estimates, with air pollution data can
provide accurate insights for decision-makers, policymakers, and the general public regarding
individual exposure. Real-time data retrieval on the ID can also be utilized through smart apps,

guiding individuals in reducing their exposure to air pollution.
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3.CHAPTER 3

3.1.Electric assisted bicycles

E-bikes have gained significant popularity in recent years due to their capacity to enable rapid
transportation. They can also be used as a “greener” means of transportation for short trips around

cities, and they likely contribute positively to users' health.

E-bikes combine traditional bicycle systems with electrical components to assist the user during the
riding. Central to their operation is the electric motor, powered by a rechargeable lithium-ion battery.
The battery is the energy reservoir, typically measured in watt-hours (Wh), which determines how
far the bike can travel on a single charge. Alongside the motor and battery, the controller serves to
integrate data from the sensors of the bike (e.g. cadence sensor, power sensor, velocity sensor and
breaks sensors), managing the flow of electricity to the motor and determining how much assistance

1s delivered.

For instance, the motor could assist in providing fixed percentages of power output with respect to
what power the user is exerting; if a user generates a power output of 50 W, the bike provides
assistance at the first level with 20% (equating to 10 W) of the user's input, 40% at the second level,
and so forth. Additionally, some more economical E-bikes offer assistance to help maintain a specific
speed target, such as 18 km/h at the first level and 20 km/h at the second level, and so on. These latter
E-bikes do not account for the user's additional effort but instead provide enough power to achieve a
predetermined speed. The rider has the possibility to interact with the E-bike through a user interface
mounted on the handlebar, where settings like assistance levels, speed, and battery status can be
monitored and adjusted. Some models also include throttles, offering motorized propulsion without

the need to pedal.
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3.2.E-bike Motors

E-bikes are also classified with respect to the motor position, with the three primary types being hub
motors, mid-drive motors, and friction drive systems (Contd and Bianchi, 2023). Hub motors are
among the most commonly used and are installed within the hub of either the front or rear wheel.
They excel in urban and moderate terrains. Hub motors can also be subdivided into geared and
gearless (direct drive) varieties. Geared hub motors use internal planetary gears to amplify torque,
making them lighter and more effective on inclines but prone to wear over time. Gearless hub motors
operate through electromagnetic forces, offering durability and regenerative braking capabilities,
albeit with added weight and reduced efficiency at low speeds.

Mid-drive motors differ significantly in their placement and operation. Located centrally near the
bike's bottom bracket, these motors drive the crankset directly rather than the wheels. This design
allows the motor to leverage the bike’s gear system, delivering higher torque and efficiency,
particularly on steep or challenging terrains. Mid-drive motors are prized for their superior weight
distribution, which improves handling and balance, especially in off-road settings. However, they
tend to be more expensive and place additional wear on the drivetrain due to the increased torque.
Friction drive motors represent a less common but innovative alternative. These systems rely on a
motorized roller that contacts the rear wheel to create propulsion. Friction drives are lightweight and
easy to install, making them suitable for retrofitting onto existing bicycles. However, they are less

efficient than hub or mid-drive systems and can struggle with slippage, especially in wet conditions.

3.3.Metabolic demand for e-biking

The metabolic demand associated with E-bike use has been increasingly studied to understand its
possible contribution to meeting physical activity guidelines (i.e., 150 min moderate- or 75 min
vigorous-intensity exercise per week) (Bull et al., 2020). Research demonstrates that while E-bikes

typically require less physical effort compared to conventional bicycles, they still allow for sufficient
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effort to meet the physical activity guidelines, often within the range of moderate-intensity physical
activity. McVicar et al. (McVicar et al., 2022) have quantified the physiological responses of E-bike
use in comparison to traditional cycling, walking, and sedentary behavior. These responses include
metrics such as HR, VO», energy expenditure, and METs. While riding E-bikes with electrical
assistance generally exhibit lower energy expenditure VO, and HR compared to conventional cycling,
they surpass walking in terms of exercise intensity. Moreover, E-bikes reduce the perceived exertion
of cycling, encouraging more frequent and prolonged use, particularly among individuals who might
otherwise avoid traditional cycling due to physical limitations, age, or lack of fitness (Bourne et al.,
2020). This accessibility positions E-bikes as a practical tool for integrating physical activity into
daily life through active transportation. However, the level of motor assistance can significantly affect

the metabolic demand.

While e-biking may not match the full intensity of traditional cycling, its ability to engage broader
populations in moderate exercise highlights its potential as a public health tool for increasing physical
activity and reducing sedentary behavior. However, despite previous findings, the metabolic demands
of e-biking remain misunderstood. This is largely because existing studies in this field have classified
exertional intensity associated with riding E-bikes using fixed percentages of maximal physiological
parameters, such as VOamax, HRumax, HR reserve, or predetermined MET ranges. These approaches
have recently been criticized (Iannetta et al., 2021, 2020; Jamnick et al., 2020) for being potentially
misleading when assessing exertional intensity. In this context, recent literature recommends the use
of the exercise intensity domain framework (Iannetta et al., 2020; Jamnick et al., 2020) for evaluating
the exertional effort associated with a given physical activity. A brief explanation of this framework

is provided in the next section.
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4. CHAPTER 4

4.1.The exercise intensity domain

The concept of the exercise intensity domain, introduced by Whipp and Mabhler in 1980 (Whipp,
1987), provides a foundational framework for understanding exercise tolerance and metabolic
responses. It categorizes exercise intensity into three distinct levels: moderate, heavy, and severe,
determined by physiological markers such as the lactate threshold (LT) and maximal metabolic steady
state (MMSS), or their respective proxies (for LT i.e. gas exchange threshold, first ventilatory
threshold and for MMSS i.e. critical power, maximal lactate steady state, and respiratory

compensation point).

Work
LT MMSS Rate

Moderate Heavy/Vigorous | Severe/Maximal

Figure 4.1: Exercise intensity continuum with LT (Lactate Threshold) and MMSS (Maximal Metabolic Steady
State) serving as key physiological limits. The progression moves from moderate to heavy/vigorous and
severe/maximal intensity.

These domains standardize the evaluation of exercise intensity, enabling precise quantification of the

physiological effects experienced during physical activity.

The moderate-intensity domain ranges from rest to the LT, typically corresponding to 40—60% of
VOamax (Iannetta et al., 2020). Within this domain, the VO, response adheres to a mono-exponential
model (Rossiter, 2010), with steady-state VO, typically achieved within 1-2 minutes in trained
individuals and 3—4 minutes in less active or clinical populations (Grey et al., 2015; Rossiter, 2010).
Energy production primarily relies on fatty acid oxidation, resulting in high efficiency and minimal

fatigue accumulation unless exercise is prolonged to exhaustion (Iannetta et al., 2022)
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The heavy-intensity domain is defined as the exercise intensity between LT and the MMSS or their
proxies. It is characterized by a higher oxygen cost (Keir et al., 2016), with steady-state VO, taking
up to 15 minutes to achieve (Poole et al., 1988). This domain it is characterized by a "slow
component,” a progressive increase in oxygen cost over time, linked to the recruitment of less efficient
type II fibers, increased ATP demand, and motor unit fatigue (Jones et al., 2011). The heavy exercise
domain result in less efficiency and faster fatigue accumulation compared with the moderate intensity

domain (Rossiter, 2010).

The severe-intensity domain is defined as the exercise intensities above MMSS and up to VOzmax. In
this domain, VO is projected to the VOamax (Poole and Jones, 2012), rapidly or with a “slow
component”. Exercise duration is limited by the rate of slow component progression (the faster, the
less exercise duration)(Jones et al., 2010). Energy turnover heavily relies on anaerobic metabolism,
leading to the rapid accumulation of byproducts such as hydrogen ions and adenosine diphosphate,
which accelerate fatigue and exercise intolerance (Burnley et al., 2012; Cannon et al., 2011; di

Prampero and Ferretti, 1999).

4.2.Exercise Intensity and the Risks of Misclassification

When evaluating the intensity of physical exercise, as previously mentioned, the metabolic equivalent
concept (i.e., MET) is commonly used. At its base, one MET is the VO ; at rest, and the intensity of
any physical activity is expressed as multiple of this value. By convention, one MET is equivalent to

3.5 ml'kg! min’!,

Most guidelines have adopted the MET system to characterize exercise intensity using fixed ranges
of METs. Specifically, an activity is considered sedentary if it falls between 1 and 1.6 METs (e.g.,
sleeping, watching television, or sitting quietly). Activities are classified as light intensity between

1.6 and 3 METs, which includes tasks such as washing dishes, feeding household animals, or slow-
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paced walking. Moderate intensity is defined as activity between 3 and 6 METs, such as walking at
a moderate pace, bicycling on level terrain, or mowing the lawn. Heavy or vigorous intensity ranges
from 6 to 9 METs and includes activities like jogging, swimming laps, or playing tennis. Finally,
activities are categorized as severe or maximal intensity if they exceed 9 METs, such as sprinting,
high-intensity interval training, or competitive sports like soccer. See Figure 4.2 for a schematic
representation of the MET-based exercise intensity classification.

1 1.6 3 6 9 METs
Sedentary Light Moderate Heavy/Vigorous | Severe/Maximal >

Figure 4.2: Exercise intensity classification based on MET (Metabolic Equivalent) levels, ranging from
sedentary to light, moderate, heavy/vigorous, and severe/maximal activity.

However, recent literature (Iannetta et al., 2021), has strongly criticized this method of classifying
exertional intensity because the use of absolute MET values does not consider the ranges of the
individual exercise intensity domains and, thus, can lead to an over- or under-estimation of the actual

intensity of exertion.

In Figure 4, the black lines illustrate how the classification of exercise intensity based on METs
changes depending on an individual's fitness level, represented by their VOamax. The vertical black
line at 5 METs indicates the activity's metabolic demand, while the horizontal black lines correspond
to the VOamayx of two individuals with different fitness levels. For a less fit individual, represented by
a VO2max of 25 ml-kg"-min" (lower horizontal line), the activity requiring 5 METs would fall into
the heavy intensity domain. Conversely, for a fitter individual, represented by a VOamax of 50
ml-kg''min! (upper horizontal line), the same 5 METs activity would be classified as moderate
intensity. This example underscores the limitations of fixed MET-based categorizations,
demonstrating the need for classifying exercise intensity using the exercise intensity domain

framework. Underestimating or overestimating exercise intensity has significant implications both in
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the field of public health and in sports performance.

Moderate Heavy Severe  Exercise intensity

domains

VO, (mL-kg" min™)

2 4 6 8 10 12 14 16 18 20 22 METs

> Fixed MET-derived

Light Moderate Vigorous (n-)Maximal categories

Figure 4.3: Comparison of the exercise intensity domain framework with the classical fixed MET intensity
schema (shown on the bottom axis). The plot illustrates exercise intensity domains in relation to individual
metabolic thresholds: yellow for moderate, orange for heavy, and red for severe intensity. The fixed MET
ranges, as defined in the classical schema, can correspond to different exercise intensity domains depending
on an individual’s fitness level and the positioning of their metabolic thresholds. For instance, at 5 METs
(vertical black line), an individual with a VOsnax of ~25 mL-kg "-min™" (lower horizontal black line) falls within
the heavy intensity domain, whereas an individual with a VOapax of ~50 mL-kg-min™" (upper horizontal black
line) would remain in the moderate intensity domain. Sports Medicine reproduction license number:
5945381433093.

In public health, overestimating exercise intensity has notable consequences. In this context, different
recent studies (Inglis et al., 2024; Ross et al., 2015) suggest that exercise intensity is directly
correlated with the extent of the improvements in VOamax: the higher the intensity, the more likely are
the positive adaptations. more specifically, Inglis et al. (Inglis et al., 2024) observed that moderate-
intensity domain-based exercise training for 6 weeks (below LT) did not improve VOamax or metabolic
thresholds in a group of moderately active individuals with limited time for training. Instead, all the
intensity above the LT (i.e. the boundary between moderate- and heavy-intensity exercise) was able
to increaseVOamax. Considering the variable correspondence between MET-derived categories of

intensity and the intensity domain framework, it is possible that the use of the MET approach in
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previous studies to characterize the intensity associated with riding E-bikes may have not been
accurate, and thus it may have jeopardized the accurate interpretation of the exertional intensity
associated with this mode of active commuting. In public health, where the aim is to enhance health
and quality of life, accurately defining beneficial activities is essential. Misclassifying exercise
intensity may prevent us from determining whether a specific physical activity or exercise positively

impacts individual's health.

In the next chapters, the three manuscripts included in the present thesis will be presented.
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S.CHAPTER 5: THE INHALED DOSE OF
POLLUTION WHILE BIKE COMMUTING:
INTERACTIONS BETWEEN POLLUTANT
CONCENTRATIONS AND EXERTIONAL
INTENSITY.

5.1.Introduction

Approximately 99% of the world's population lives in areas characterized by poor air quality (World
Health Organization, 2021) and it is estimated that air pollution accounting for ~9 million deaths each
year represents the second leading cause of premature mortality linked to non-communicable diseases
(Fuller et al., 2022). Volatile organic compounds (VOCs) and particulate matter (PM) are amongst
the most common urban pollutants and well known for their detrimental effects on health. For
instance, PM through its ability to penetrate into the bronchial tree, to traverse the alveoli-blood
barrier, and to enter the bloodstream (Brunekreef and Holgate, 2002) induces inflammation of the
airways (Kim et al., 2015), triggers asthma in susceptible individuals (Tiotiu et al., 2020), and, in the
long term, elevates the risk of developing lung cancer (Hamra et al., 2014), neurodegenerative

disorders (You et al., 2022), and cardiovascular diseases (Du et al., 2016).

Compared to standard gravimetric analysis and satellite based-tracking, which possess a low spatial
and temporal sensitivity (Snyder et al., 2013; Sorek-Hamer et al., 2016), recent advancements in
technology have allowed the possibility of monitoring air pollutants with a much greater resolution
(Seesaard et al., 2024; Snyder et al., 2013). More specifically, the use of real time portable monitors
has enabled the quantification of the overall individual exposure to air pollution via estimation of the

actual inhaled dose (ID) (Snyder et al., 2013). The ID is the product between air pollutants
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concentration and the individual’s minute ventilation (Vg) and represents the actual mass of air
pollutants respired in a minute (ug/min). Previous studies have demonstrated that the ID can change
while bike commuting (Nwokoro et al., 2012) because air pollutant concentrations can vary greatly
between city areas (Feinberg et al., 2019), times of the day (Guo et al., 2017) and seasons (Masiol et
al., 2015; Pinto et al., 2004) — mostly owing to changes in traffic levels and atmospheric conditions —
and because Vg can change depending on the level of exertion of the individual (Whipp and Ward,
1998) — which can be influenced by different terrains (Lathouwers et al., 2021) and the presence of

road infrastructures (Rybarczyk et al., 2020).

Despite the importance of an accurate characterization of the ID, how it can actually vary within the
same city and for given levels of exertional intensity remains elusive. In this context, understanding
the interplay between air pollutant concentrations and exertional intensity becomes paramount to
contribute to the definitions of more accurate reference/cut-off values for the individual exposure to
air pollution. This is key in an era where “green” mobility via active commuting is being strongly
promoted (De Nazelle et al., 2011; Useche et al., 2024) but traffic levels are yet to be reduced
(Christidis et al., 2023). Considering that cycling commuters are the ones paying the greatest price in
terms of air pollutants exposure (Cepeda et al., 2017; Huang et al., 2024; Luengo-Oroz and Reis,
2019; Strak et al.,, 2010), a characterization of this interplay from measured air pollutant
concentrations during urban commuting and individual Vg data can aid with the identification of

strategies to minimize the ID.

Therefore, the aim of this study was to characterize the interplay between air pollutant concentrations
and different levels of exertional intensity (i.e., Vi) within the municipal area of Brescia — a city
embedded within the Po valley region well known for its elevated levels of pollution (Khomenko et
al., 2021). In so doing, using a portable air pollutants monitor, we first obtained recordings of air

pollutant concentrations on different days and at different times of each season in six distinct areas

46



of this municipality. We then obtained laboratory-based ventilatory data during cycling from a large
group of male and female individuals at two distinct levels of exertional intensity (i.e., moderate and
heavy). Finally, we evaluated how the ID would vary depending on the recorded air pollutant

concentrations for each area and level of Vg while also evaluating potential sex-differences.

5.2.Methods

This study, which adhered to the latest version of the Declaration of Helsinki, was approved by the
local ethical board (NP5282) of the University of Brescia, and all 47 recreationally active participants
(21 females; age: 32+11, height: 1748 cm; weight: 69.9+13.4 kg) provided written informed
consent. Participants were excluded if they had a history of cardiovascular or metabolic disease or if

they were taking medications that could affect their cardiorespiratory responses to exercise.

Experimental Protocols

The study encompassed two phases. The first phase involved the collection of air pollutant
concentrations, which was completed over the span of thirteen months. These data were collected
using an air pollutant monitor (Atmotube Pro, Atmotech Inc, San Francisco, USA) during outdoor
simulated bike commuting rides. The second phase of the study took place within the same time
window and involved laboratory testing for the collection of ventilatory data during cycling exercise

on a cycle-ergometer.
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Figure 5.1: Geographical areas where the measurements of air pollutant concentrations took place. The city
of Brescia is located in the north of Italy and embedded in the Po valley region. The six city areas were selected
because they incorporate major cycling infrastructure highly used by bike commuters. Air pollutants recording
and analysis

Between November 2022 and October 2023, 35 bike rides were completed over 21 days. These rides
ranged from 10 to 16 km across various areas of the city of Brescia (Figure 5.1) during which the
device was secured on the investigator's shoulder to sample the air to which they were exposed. These
data were recorded from six major areas of the city which were selected because they included popular
pathways used by bike commuters. The speed of the rides was self-selected by the investigator and
each ride lasted between 30 min and 1 hour. The rides were intentionally carried out in different
seasons to account for potential seasonal variations of air pollutant concentrations (Adgate et al.,

2002; Guo et al., 2017; Masiol et al., 2015; Pinto et al., 2004).
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The device used in this study houses three distinct sensors: one for measuring VOCs (SGPC3,
Sensirion, CH); one for measuring PM (SPS30, Sensirion, CH); and one for monitoring temperature,
relative humidity, and barometric pressure (BME280, Bosch, Germany). The VOCs sensor operates
through a metal-oxide nanoparticle film, which changes its electrical resistance upon reacting with
the target gases. The accuracy of this sensor is reported to be £15% of the measured values. The PM
sensor functions through an optical particle counter based on a laser scattering principle. The
manufacturer reports an accuracy of £5% for PM; and PM> s for concentrations ranging between 0
and 100 pg/m?, and £10% for concentrations ranging from 100 to 1000 ug/m?. For PM, the reported
accuracy is £25 ng/m?® for concentrations ranging from 0 to 100 pg/m? and £25% for concentrations
ranging from 100 to 1000 pg/m’. The reliability of these sensors compared with reference methods
(i.e., gravimetric analysis) is reported elsewhere (Kortogi et al., 2022; Kuula et al., 2020; Roberts et

al., 2022; Zheng et al., 2022).

The device recorded air pollutant concentrations at 1 Hz. To integrate these recordings with
smartwatch-derived GPS coordinates (Forerunner 945, Garmin, Schaffthausen, CH), a custom-made
MATLAB code was developed (MATLAB, The MathWorks, Natick, Massachusetts, US). Briefly,
this code synchronized the air pollutant concentrations data from the Atmotube Pro with the GPS
coordinates from the smartwatch by matching the timestamps of the air pollutant measurements with
the GPS coordinates. This process enabled the analysis of the changes of air pollutant concentrations
along the recorded route. Each data point was assigned to one of the six areas if its GPS coordinates

fell within a radius of 500 m from the reference coordinates of that area.

Vi recording and analysis

To quantify Vg, the participants of this study visited our physiology laboratory on one occasion to
complete a ramp-incremental cycling test and two separate cycling bouts of constant-load cycling.

The ramp-incremental test was performed to assess the maximal exercise capacity (peak power output
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(POpeak) and maximal O, consumption (VOamax) (Mackie et al., 2024). The two constant-load bouts
of cycling were performed to obtain the ventilatory response at two distinct levels of exertion.
Specifically, the first bout consisted of cycling for 6 min at a moderate intensity corresponding to ~50
% of VOamax, while the second bout consisted of cycling for 12 min at a heavy intensity corresponding
to ~80 % of VOomax (Iannetta et al., 2020; Jamnick et al., 2020). The different durations of these rides
were required to account for the intensity-dependent time interval needed for VE to reach a steady
state (Iannetta et al., 2024). During the entire protocol, ventilatory and gas exchange variables were
continuously recorded using a metabolic cart system (K5, Cosmed, Rome, Italy), while heart rate
(HR) was monitored with a chest strap (HRM Pro Plus, Garmin, Schaffhausen, CH). A computer-
controlled bike ergometer (EVO, Monark, Vansbro, Sweden) was used to control the intensity during
the protocols. Ventilatory and gas exchange data were cleaned from aberrant breaths (Iannetta et al.,
2019) and interpolated based on the local mean. The average Vi recorded during the last two minutes
of each bout was used as the steady state ventilatory response for moderate and heavy intensity

exercise.

Individual exposure to PM> s

To calculate individual exposure to air pollutants, we calculated the minute ID for PM; 5 using the

following equation:
ID = Vi - [PM25]

Where VE is the steady state minute ventilation expressed in m?, and [PM> ] is the concentration of
PM,sin pg/m>. To note is that, to avoid redundancies in our analysis, we computed the ID only for
PM 5 concentration. We chose PM; 5 as our reference air pollutant because it is one of the most
extensively studied PM (Brunekreef and Holgate, 2002; Kampa and Castanas, 2008; Manisalidis et

al., 2020; Mukherjee and Agrawal, 2018; Thompson, 2018). Considering that VE can differ between
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males and females even for the same relative intensity (Kilbride et al., 2003), we considered sex in a

sub-analysis as a potential influencing factor.

5.3.Statistical analysis

Laboratory test data are presented as mean + standard deviation, while air pollutants and the ID data
are reported as median (I1st—3rd quantile). Prior to the main analyses, laboratory test data were
evaluated for sex differences using an independent samples t-test, with the Mann-Whitney U test
applied if normality assumptions, assessed by the Shapiro-Wilk test, were not met. Upon verifying
normality and homogeneity of variance (Levene’s test), a two-way ANOVA was used to analyse 1)
air pollutant concentrations across areas and seasons, and ii) to evaluate the interactions between
exercise intensity and areas and sex and exercise intensity, with regards to the ID. To evaluate
seasonal variations in air pollutants, we combined data from spring and summer (hot season) with
data from fall and winter (cold season). Research indicates that PM concentrations rise during the
cold months and drop in the hot months (Chen et al., 2017; Mecca et al., 2024; Xu et al., 2017). A
Bonferroni post-hoc test was used where appropriate. In circumstances where the assumptions of
normality were not met, the Scheirer-Ray-Hare test was employed as a non-parametric alternative to
the two-way ANOVA, followed by Dunn’s post-hoc analysis with Bonferroni correction. Statistical

significance was set at P<0.05.

5.4.Results

Participant ramp-derived results and VE.

On average, females had a lower POpeak (P<0.001) and VOamax (P<0.001), expressed in both absolute
and relative terms. For the whole sample, the VO, associated with the bout of moderate-intensity
exercise was 1.41£0.23 L/min (50% of VOomax), while for the heavy-intensity bout was 2.53+0.69

L/min (80% of VOamax). The VE elicited by these intensities was 37.1£7.2 L/min for moderate-
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intensity exercise and 76.2+18.8 L/min for heavy-intensity exercise. There was no sex-difference in
Vg during the moderate-intensity bout (females: 37.4+8.4 L/min, males: 36.8+6.4 L/min; P=0.792)
whereas Vg was higher in males (87.7+14.0 L/min) versus females (62.1£14.1 L/min) during the

heavy-intensity bout (P<0.001).

Spatial and seasonal variability of air pollutant concentrations

Figure 5.2 shows the spatial and seasonal variation for all air pollutants.

PM;. When analysing the data amongst areas, we found that in area 4 and 6 PM s were respectively
~45% (P=0.014) and ~61% (P=0.001) higher than in area 1. Furthermore, PM; s in area 6 was ~54%
(P=0.011), ~36% (P=0.020), and ~36% (P=0.009) higher than area 2, 3, and 5, respectively. For
aggregated areas, PM; in Spring-Summer [10.3 (6 — 14.35) ng/m®] were ~53% lower than Fall-Winter
[22 (7.97 — 32) pg/m’] (P=0.001). When comparing different areas in the same season, we found the
only differences for PM; in the Fall-Winter season. Area 3 was lower by ~38% than area 6 (P=0.042)

and area 5 was lower than area 6 by ~44% (P=0.002).

PM> s When analysing the data amongst areas, we found that in area 4 and 6 PM s were respectively
~43% (P=0.014) and ~59% (P<0.001) higher than in area 1. Additionally, PMsin area 6 was ~53%
(P=0.010), ~38% (P=0.019), and ~38% (P=0.010) higher than area 2, 3, and 5, respectively. For
aggregated areas, PM s in Spring-Summer [12 (7 — 16.45) ng/m’] were ~52% lower than Fall-Winter
[25 (10 — 36) ng/m?] (P<0.001). When comparing different areas in the same season, we found the
only differences for PM> s in the Fall-Winter season. Area 3 was lower by ~36% than area 6 (P=0.048)

and area 5 was lower than area 6 by ~ 34% (P=0.002).

PM;o. When analysing the data amongst areas, we found that in area 4 and 6 PM» s were respectively
~42% (P=0.014) and ~58% (P=0.001) higher than in area 1. Additionally, PMsin area 6 was ~52%

(P=0.012), ~36% (P=0.021), and ~36% (P=0.016) higher than area 2, 3, and 5, respectively. When
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merging all the areas together, PMio in Spring-Summer [12 (7 — 16.45) pg/m®] was ~52% lower than
Fall-Winter [25 (10 — 36) pg/m*] (P<0.001). When comparing different areas in the same season, we
found the only differences for PMjo in the Fall-Winter season. Area 3 was lower by ~35% than area

6 (P=0.049) and area 5 was lower than area 6 by ~37% (P=0.004).

VOCs. There were no differences in the area interaction and area and season interaction for VOCs.
For aggregated areas VOCs in Spring-Summer [0.169 (0.071 —0.263) ppm] season were 444% higher

(P<0.001) than during Fall-Winter [0.038 (0.010 — 0.200) ppm]
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Figure 5.2: Spatial and seasonal variations of pollutant concentrations across the six monitored areas. Maps
illustrate localized concentration for each pollutant (rows) in specific areas of the city of Brescia. Boxplots
detail pollutant concentrations within each area (panels A-D-G-L), aggregated seasonal trends (panels B-E-
H-M), and interaction between area and seasons (panels C-F-I-N).

*Depicts a significant difference from area 6.

Inhaled dose: Area and exercise intensity interactions.

There was a difference between the ID (Figure 5.3) computed for moderate- [0.60 (0.31 - 0.99)

pg/min] and heavy-intensity ([1.16 (0.60 - 1.99) ng] exercise (P=0.001) (Figure 5.3).
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Figure 5.3: Inhaled dose (ID) of PM. s for moderate and heavy exercise intensities.

*Depicts a significant difference (P<0.001).

Figure 5.4 illustrates the interaction of the ID of PM; s between different areas and levels of exertional
intensity. In addition to a main effect of intensity (P=0.001), there was significant interaction between
areas (P=0.013). More specifically, we found that the ID of area 1, 2, 3, and 5 for moderate-intensity
exercise was lower than all the IDs for heavy-intensity exercise for all the investigated areas
(P<0.001). On the other hand, we found that the ID of area 4 for moderate-intensity exercise was not
different that the IDs of area 1, 2, 3, and 5 for heavy-intensity exercise (P=1.000). Likewise, the ID
of area 6 for moderate-intensity exercise was not different that the IDs of area 1, 2, 3, 4 and 5 for

heavy-intensity exercise (P=1.000).
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Figure 5.4: Comparison of (inhaled dose) ID across different exercise intensities (moderate and heavy) in
various geographic areas.

* Heavy different than moderate of area 1, 2, 3, 5
5 Heavy different than moderate of area 1, 2, 3, 4, 5

& Heavy different than moderate of area 1, 2, 3, 4, 5, 6

Inhaled dose: Sex differences.

For moderate-intensity exercise, the ID was similar between females [0.60 (0.31 - 0.99) pg/min] and
males [0.60 (0.31 - 0.98) ug/min; P=0.105] (Figure 5.5). However, for heavy-intensity exercise, males
exhibited a higher ID [1.36 (0.71 - 2.24) pg/min] compared to females [0.97 (0.50 - 1.64) pg/min;

P=0.001] (Figure 5.5).
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Figure 5.5: Comparison of the inhaled dose (ID) between females and males during moderate and heavy
exercise intensities.

*Depicts a significant difference (P<0.001).
5.5.Discussion

Cities are some of the most air-polluted areas because of the presence of high levels of motorized
traffic (Colvile et al., 2001). In this urban environment, bike commuters are the ones paying the
greatest price in terms of individual exposure because bike pathways often run parallel to major roads
and because active commuting requires an increased level of ventilation (i.e., Vi) (de Nazelle et al.,
2012; Luengo-Oroz and Reis, 2019; Zuurbier et al., 2010). Interestingly, although the dependence of
the actual inhaled dose (i.e., ID) to changes of its parameter estimates (i.e., air pollutants

concentrations and V) is well known (Dons et al., 2017), reports on this interplay in real world
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scenarios are scarce. By recording on-road air pollutant concentrations in different areas of the city
of Brescia and using real ventilatory responses at two distinct levels of exertional intensity, this study
aimed to provide more insights into this interplay. The main findings were that within the same
municipality the concentration of air pollutant concentrations vary considerably and because of this
variability a high level of ID can be achieved even with low levels of exertional intensity. In addition
to this, for the same potential level of air pollutant concentration and at a similar heavy-intensity level
of exercise, our computations demonstrate that the ID for males is greater than for females. This
study, therefore, offers novel insights into the interplay between concentration of air pollutants and
ventilation in determining the ID while bike commuting in an urban environment, and an initial
platform upon which to define individual reference values for the ID of pollutants during active

commuting.

Concentrations of air pollutants: spatial and seasonal variations

As expected, on average the recorded concentrations of air pollutants were particularly high and in
line with previous reports related to this specific region of Italy (Figure 5.2) (Masiol et al., 2015;
Mecca et al., 2024; Pini et al., 2021). For instance, the local regional environmental agency reported
for the years 2021, 2022, 2023, and 2024 that the average annual PM> 5 concentration obtained from
fixed stations using the gold standard gravimetric analysis was approximately 19.6 pg/m?, 19.8
pg/m?, 17.4 ng/m3, 17.69 pg/m?; thus, consistently higher than the 5 pg/m?® “threshold” that is
recommended to be not exceeded by the WHO. Our recordings obtained from a portable laser
scattering-based device are in line with these averages (Figure 5.2). Notably, within the city of Brescia
(i.e., where our measurements took place), we found a substantial variability between the different
areas investigated, such that in some areas air pollutant concentrations were significantly higher than
in others. This was the case, for example, for area 4 and 6 (Figure 5.2 E) which demonstrated an

approximate ~35% and ~60% greater concentration levels of PMzs compared to other areas,
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respectively, (Hofman et al., 2018). Similar variations in air pollutant concentrations have been
reported by previous studies investigating other municipalities. For instance, Feinberg et al.
demonstrated that in the city of Memphis the hourly average PM> 5 in some areas was ~34% higher
than in other areas of the city (Feinberg et al., 2019). Likewise, Eilenberg et al. observed that different
areas within an urban environment exhibited different PM> s concentrations than the background
levels; for instance, in one measuring site, the PM2 s were higher than background levels, representing

an approximate 43% increase (Rose Eilenberg et al., 2020).

With respect to seasonal variations, we found that PM concentrations were greater in the Fall-Winter
vs Spring-Summer (P<0.001; Figure 5.2 B-E-H-M). This is an expected finding which can be
attributed to the unique geographical characteristics of the Po Valley. Specifically, during the cold
season, thermal inversion, which is peculiar to this region, traps pollutants near the ground, while
household heating adds onto the already elevated levels of primary (e.g., traffic) and secondary (e.g.,
agricultural activities) emissions (Lelieveld et al., 2015) contributing to increase PM levels.
Additionally, the lack of substantial wind in this specific region impedes dispersion of air pollutants.
In this context, Pini et al. found that pulmonary-related hospitalizations in this area of Italy increase
during the cold season, in association with increased PMio and PM; s concentrations. Specifically,
they found that a 10 pg/m? increase for both PM» s and PM ¢ concentrations is associated with a ~7%
and ~5% increases, respectively, in hospital admissions for chronic obstructive pulmonary disease
(Pini et al., 2021). Interestingly, in contrast to the behavior of PM levels, VOC levels were higher
during the warm season likely because of an increased biogenic production of VOCs during spring

and summer periods (Wang et al., 2024).

Overall, these observations align with the growing body of research demonstrating the presence of
considerable spatial and temporal variability of air pollutant concentrations within the same urban

environments which has the capacity of generating different “micro-environments” to which
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individuals, and more so bike commuters, are exposed to (Boogaard et al., 2009; Borghi et al., 2021;

Hankey and Marshall, 2015; He and Gao, 2021; Hsu et al., 2020; C. A. Ramos et al., 2015).

Inhaled dose of air pollutants. Interplay between pollutants concentration and exertional intensity

The ventilatory response to moderate- and heavy intensity cycling was predictably smaller in the
former (~37 L/min) compared to the latter (~76 L/min). Consequently, for a given concentration of
air pollutant, the ID was higher for heavy compared to moderate levels of exertion (Figure 5.3). The
computation of the ID for the area-specific air pollutant concentrations reveals some important
patterns. More specifically, this interplay was such that in some areas of the city, given the relatively
higher concentrations of air pollutants, the computed the ID for moderate-related levels of Vi was
similar to the ID computed for heavy-related levels of Vg for other areas of the city with a lower
concentration of air pollutants (Figure 5.4). This signifies that for some areas of the city of Brescia, a
bike commuter could potentially inhale the same amount of pollutants even if their levels of exertion
is relatively low. To note is that these patterns emerge despite a two-fold difference in Vi between
the intensities investigated, confirmatory of the fact of the substantial variability in air pollutant

concentrations between city areas (Figure 5.2).

Inhaled dose of air pollutants. Influence of sex

An important finding of our study is that the computed the ID for PM s is independent of sex for
moderate-intensity exercise, but approximately 40% higher in males compared to females for heavy-
intensity exercise (Figure 5.5) due to the greater ventilatory response of males at this intensity.
Notably, we purposedly matched the percent of VOamax at these two intensities (i.e., ~50% for
moderate- and ~80% for heavy-intensity exercise) between the sexes to rule out any potential effect
of dissimilar intensity prescriptions. In this regard, although beyond the scope of the current paper, it

is plausible to hypothesize that the different ventilatory response and subsequent greater the ID in
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males compared to females for heavy-intensity cycling is due to differences in workloads which could
manifest physiologically at progressively higher relative intensities. Interestingly, these experimental
findings are in line with in silico reports demonstrating that males experience a higher depositional

fraction of air pollutants compared to females (Oravisjarvi et al., 2011).

Implication of findings
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Figure 5.6: The heatmap illustrates the relationship between PM: s concentration (x-axis) and ventilation (Vg,
x-axis). White lines track consistent levels of inhaled dose across the different combinations of the parameter
estimates (ID). Below the x-axis are displayed the WHO thresholds of PM: s concentration. On the left of the
y-axis the levels of exertional intensity associated with the ventilatory responses recorded in the present study
are depicted.

The heatmap in Figure 5.6 illustrates the relationship between PM, s concentrations and Vi with white
lines tracking predetermined levels of the ID across different combinations of the parameter
estimates. In this context, it must be considered that the deposition fraction of air pollutants even for
the same ID may vary depending on its parameter estimates, pattern of breathing, and particle size.

For instance, Daigle et al. found that ultrafine particle deposition increases with larger respiratory
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tidal volumes (Daigle et al., 2003). Deng et al. reported that for a given pollutant concentration, a
moderate level of Vi causes particles to deposit uniformly across the entire respiratory tract while,
on the other hand, high levels of Vg increase particle deposition predominantly in the upper airways
(Deng et al., 2019). This might be in part related to the fact that at higher exertional intensities
breathing switches from occurring through the nose to occurring predominantly through the mouth

bypassing a considerable portion of the mechanical filtration system (Niinimaa et al., 1980).

In light of this, although computing the ID represents a step-forward to the computation of the
individual exposure to pollutants during bike commuting, a thorough understanding of the health-
related effects can only be generated from an accurate evaluation of its parameter estimates. In this
context, the planning, or rerouting, of bike pathways in order to minimize pollutants exposure is often
done on the basis of the concentration levels of air pollutants. Considering the substantial interplay
between these levels and exertional intensity, it would be more optimal to do so on the basis of the
ID which also accounts for variation in Vg which can vary substantially depending on the terrain,

presence of road infrastructures, etc.

5.6.Conclusion

This study demonstrates substantial interactions between air pollutant concentrations and exertional
intensity within the same municipality. Given the high variability of air pollution, high levels of ID
can be achieved even with low levels of ventilatory rates. Such interplay underscores the need to
carefully consider the ID when evaluating individual exposure to air pollutants while actively

commuting in an urban environment.
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6. CHAPTER 6: E-BIKE RIDING: A METABOLIC
EVALUATION IN THE CONTEXT OF EXERCISE
INTENSITY DOMAINS

6.1.Introduction

Sedentarism and physical inactivity remain a public health concern, worsening quality of life and
contributing to a substantial proportion of all-cause mortality globally (Park et al., 2020; Patterson et
al., 2018). Currently, one in four adults and three in four adolescents do not meet the physical activity
guidelines of at least 150 minutes of moderate- (3-6 METs) or 75 minutes of vigorous-intensity (6-9

METs) physical activity per week that is recommended to maintain health (Bull et al., 2020).

In recent years, the use of electric bikes (E-bikes) has spread considerably, being promoted as a mode
of transportation to not only reduce traffic congestion and pollution (Bourne et al., 2020; Johansson
et al., 2017; Li et al., 2023; Sundfer et al., 2020) but also to help individuals of all ages to adopt a
more active lifestyle (Bourne et al., 2020). Indeed, thanks to the substantially lower metabolic demand
compared to traditional cycling (e.g. ~15% lower rate of O2 consumption (VO.)) (Alessio et al., 2021;
Berntsen et al., 2017; Bourne et al., 2020; Hoj et al., 2018; McVicar et al., 2022; Stenner et al., 2020)
E-biking is accessible to a wider population and tolerable for longer commuting distances (Castro et

al., 2019).

In this context, studies have reported that despite the lower metabolic demand, based on current
physical activity guidelines, E-biking could still be considered a “moderate” activity that could aid
individuals in meeting current recommendations (Berntsen et al., 2017; Bourne et al., 2018; Jenkins
et al., 2023; McVicar et al., 2022). However, whether this presumption holds true remains uncertain
because the validity of the guidelines-based methods used by these studies to characterize intensity

of E-biking has been highly questioned (Iannetta et al., 2021, 2020; Jamnick et al., 2020). In this
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context, several recent studies have observed substantial discrepancies in terms of classification of
exertional intensity between guidelines- [e.g., METs, percent of maximum heart rate (HRmax), etc.]
and metabolic threshold-based methods (Anselmi et al., 2021; Iannetta et al., 2020; Jamnick et al.,
2020). Such discrepancy arises because guidelines-based methods do not consider the positions of
the metabolic thresholds, which are highly individual in terms of both absolute and relative metabolic
rates (lannetta et al., 2020; Jamnick et al., 2020). Given that the magnitude of the metabolic stimulus
in response to physical activity is function of the position of these thresholds and, therefore, of the
metabolic domains that they define (Iannetta et al., 2020; Jamnick et al., 2020), using the current
guidelines-based methods to quantify/classify intensity of E-biking may incur in erroneous
interpretations of the associated metabolic demand. This is important to consider because small
variations in work rate within and between intensity domains can significantly influence the metabolic
stimulus of aerobic exercise (Brownstein et al., 2022; Iannetta et al., 2022) and, thus, its expected
health benefits (Inglis et al., 2024; Ross et al., 2015). Thus, an evaluation of E-bike riding with respect
to the threshold-based model is warranted to investigate whether such mode of transportation can be

recommended to meet current physical activity recommendations.

Therefore, within a large and heterogeneous sample of individuals, this study aimed to quantify the
reduction in metabolic demand associated with E-bike riding versus traditional cycling while
considering the position of the gas exchange threshold (GET), which is the individual metabolic
boundary portioning the moderate- from the heavy-intensity domain within the domain-based model
(Iannetta et al., 2020; Jamnick et al., 2020). We hypothesized that the magnitude of the reduction in
power output (PO) when riding an E-bike compared to traditional cycling is such that it will cause a

shift in the domain of intensity according to the domain-based model of classification.
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6.2.Methods

For this study, 44 subjects (22 females) of different activity levels were recruited and completed the
experimental procedures. The study was approved by the local ethics committee (NP5282) and
complied with the latest version of the Declaration of Helsinki. All participants signed an informed
consent to participate in the study. None of participants had previous history of cardiovascular or
metabolic disease nor were taking medications that could alter their cardiorespiratory responses to

exercise.

Exercise protocols

A schematic representation of the research design is depicted in Figure 6.1. Within two separate days,
participants completed two experimental visits. The first one included performance of a ramp-
incremental test in an environmentally-controlled laboratory to measure VOamax, GET, and the
respiratory compensation point (RCP). The second visit was outdoor wherein participants completed
twice a pre-determined course on the same bicycle equipped with an electrical motor, first without

and then with electrical assistance. All sessions were completed at the same time of the day (+30
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Figure 6.1: A schematic representation of the experimental procedure.

Ramp-incremental protocol.

The ramp-incremental protocol consisted of one moderate-intensity step transition, which was
followed by the ramped portion of the test, which in turn was followed by performance of a heavy-
intensity step transition. The moderate- and the heavy-intensity step transitions served the purpose of
retrieving the PO at GET and RCP, as previously described (Iannetta et al., 2023). The moderate-
intensity step transition was performed at 80 W and lasted 6 min. Thereafter, following a baseline
cycling of 20 W for 4 min, the ramp-incremental test began and was set at a rate of 20 W-min™'.
Participants were instructed to exert maximally, and the test was stopped when they reached volitional
exhaustion or when they could no longer maintain the targeted cadence for more than 10 s. Following
~30 min of recovery, participants performed the heavy-intensity step transition, which was set at
~55% of the peak PO (POpgaxk) obtained during the ramp-incremental test. During the entire protocol,

participants were asked to maintain a cadence between 70 and 80 revolutions per minute. Gas
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exchange and ventilatory variables were monitored with a metabolic cart (K5, Cosmed, Rome, Italy),
while heart rate (HR) was measured with a chest strap (HRM Pro Plus, Garmin, Schaffhausen, CH).
The exercise protocol was completed on a computer-controlled bike ergometer (EVO, Monark,
Sweden) which was also equipped with pedals capable of independently measuring PO (Rally Xc200,
Garmin, Schafthausen, CH). These same pedals were used to monitor PO during the outdoor session

(see below).

E-bike outdoor rides.

During the second experimental visit, participants rode an E-bike (Nuvola, Italwin, Bologna, Italy).
The first ride was completed without electrical assistance, while the second ride was completed with
electrical assistance turned on and set to the lowest level. The pre-determined course consisted of a
5.9-km long pathway, which took between 18 and 36 minutes to complete, depending on the fitness
level of each participant. These durations are common for cycling commuting trips (Schantz, 2017,
Schantz et al., 2020). The same power meter pedals used during the first laboratory session were also

used to monitor and record PO during these outdoor rides.

During the first ride, participants were instructed to maintain an average PO ~10% above GET
identified during the first laboratory session. We selected this intensity for two reasons. Firstly,
considering that GET occurs on average at ~60% of VOamax (Iannetta et al., 2021) and that the average
VO> during cycling commutes is reportedly ~65% of VOamax (Schantz et al., 2020), this choice
ensured an individualized yet generalizable intensity of exertion. Secondly, as recently demonstrated
(Inglis et al., 2024), an intensity just above GET is the minimum level of exertion recommended to

elicit health benefits in individuals who have limited time to exercise.

After the first ride, a ~20-min rest period was given to all participants to ensure that all physiological
parameters would return to baseline. After this recovery phase, participants began the second ride,

which was performed at the same average speed of the previous ride without electrical assistance. An
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investigator closely monitored each participant to ensure that they would follow the established speed.
A smartwatch (Forerunner 945, Garmin, Schaffhausen, CH) was mounted on the bike's handlebar to

record PO, speed, and HR.

6.3.Data Analysis

Identification of GET and RCP.

To identify the GET, the relationship between VCO, and VO> (V-slope method) was plotted, and the
point at which a change of slope in this relationship occurred was identified as the VO, at GET
(Beaver et al., 1986). This point was then corroborated by the identification of both the first change
in slope of the relationship between VO,—minute ventilation (Vg) and the concurrently beginning of
the flattening (isocapnic buffering) of the relationship between the end-tidal CO, pressure (PerCO3)
and VO». RCP was identified as the point when PerCO; began a precipitous fall with respect to VO,
after the period of isocapnic buffering, which was corroborated by the coincidental second change in
slope between Ve-VO2 and Vi/VCO,-VOs relationships (Keir et al., 2022). Two expert investigators
examined the plots and the average of the two estimates was used for subsequent analyses. If the
difference in these estimates exceeded 100 mL-min™!, the two investigators would discuss the position
of GET and RCP until a consensus was reached. To account for the VO, kinetic dynamics at ramp-
onset (normally referred as “mean response time”) which offsets the ramp-VO, from its
corresponding steady state-PO equivalent, the VO, response was “left-shifted”, as per procedures
outlined elsewhere (Iannetta et al., 2019). Briefly, the VO, at 80 W of the moderate-intensity step
transition was superimposed onto the ramp-derived VO,-PO relationship. The difference between the
ramp-derived PO corresponding to this VO and the moderate-intensity PO (i.e., 80 W) was then
calculated and used to “left-shift” the VO, response to align it to its steady state equivalent. In a

similar manner, to identify the PO corresponding to RCP, the relationship between the known VO,
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and POs at GET and at the heavy-intensity step transition was extrapolated until the VO, at RCP. The

PO at the RCP was then retrieved by linear interpolation to the x-axis (Mackie et al., 2024).

Physiological responses during the outdoor rides.

PO and HR collected during the outdoor rides were analysed using MATLAB (MATLAB, The
MathWorks, Inc, Natick, MA, USA). The averages for PO and HR corresponded to the average values
of the entire rides. To derive the metabolic equivalents (METs) associated with the rides performed
without and with electrical assistance, for each individual the laboratory-derived moderate- and
heavy-intensity VO»-PO relationships were used. For instance, if the average heavy-intensity PO of
the ride without electrical assistance was 120 W, the corresponding VO was retrieved by linear
interpolation of the slope of the relationship between the known VO, and PO coordinates at GET and
this PO (i.e., 120 W). The derived VO, was then normalized by body mass and divided by 3.5, which

is the nominal MET value (expressed in mL-kg!-min') at rest (Jetté et al., 1990).

6.4.Statistical analysis

Data are presented as mean + standard deviation. The Shapiro-Wilk test was used to assess the
normality of the data collected during the lab test. An independent samples t-test was used to compare
potential sex differences for the lab test variables where the data were normally distributed. If data
were not normally distributed, the Mann-Whitney U test was employed. To investigate the effects of
condition (without and with assistance) and sex, a repeated measures ANOVA was conducted, with
assistance as a within-subjects factor and sex as a between-subjects factor. Mauchly's test was used
to assess the assumption of sphericity. In cases of non-sphericity and heterogeneity of variance, a
repeated measures ANOVA with bootstrapping was performed (Johnston and Faulkner, 2021).
Where significant main effects or interactions were found, Bonferroni post-hoc tests were conducted
to examine pairwise comparisons between condition levels. All statistical analyses were performed

using R (v. 4.3, R Core Team, 2023). Statistical significance was set at P <0.05.
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6.5.Results

Participant characteristics and ramp-derived results.

Participant characteristics and physiological responses obtained during the ramp-incremental test are

presented in Table 6.1. On average, females had a lower POpgak (P<0.001), VOamax (P<0.001), GET

(P<0.001) and RCP (P<0.001) expressed as both absolute and relative terms.

Age, years

Height, cm

Body mass, kg

POpeax, W

POpeak, Wkg'!
VOZmax, L'milfl_l

VOomax, mL-kg!-min’’

GET, W

GET, Wkg!
GET, L-min’’

GET, mL kg -min!

RCP, W

RCP, W-kg™!
RCP, L-min!

RCP, mL-kg™!-min’’

Total = 44

32+10

17348

67+13

242468

3.6+0.7

3.03+0.98

44.6+9.9

112+34

1.6+0.3

1.72+0.54

25.7+£6.3

155+62

2.2+0.7

2.54+0.84

37.5£8.9

Males = 22

31£12

178+7

7612

291+£56

3.8+0.8

3.75+0.71

49.749.4

13331

1.7+0.4

2.05+0.51

27.3£7.6

194+60

2.6+0.9

3.12+0.67

41.549.4

Females = 22

3248

168+6

57£7

19337

3.3+0.5

2.3+0.62

39.5+£7.7

91£22

1.5+0.3

1.40+0.32

24.0+4.3

116+35

1.9+0.4

1.94+0.51

33.5+6.4

P value

0.328

<0.001

<0.001

<0.001

0.015

<0.001

<0.001

<0.001

0.125

<0.001

0.141

<0.001

0.008

<0.001

0.002

Data are showed as mean + standard deviation. Sexes were compared using an independent t test.

POprak: peak power output; VOomax: maximal rate of oxygen consumption; GET: gas exchange
threshold; RCP: Respiratory compensation point.

Table 6.1: Participants characteristics and data collected as part of the ramp-incremental test.
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Performance and physiological responses during the outdoor rides.

Figure 6.2 C and 6. 2D show the PO and the HR during the rides without and with electrical assistance.
The PO determined for the outdoor ride without assistance and corresponding to GET +10%
corresponded to 124437 W. There was no difference between this pre-determined PO and the actual
PO recorded during the ride (12735 W; P=0.163). The HR elicited by this PO was 127+19 bpm and
corresponded to 69+8% of HRmax. Overall, participants completed the course in 25+4 min at an
average speed of 13.9+2.1 km-h"!. Time required to complete the ride (25+3 min; P=0.143) and speed
(14.2+1.9 km-h!; P=0.074) were nearly identical during the second outdoor ride completed with
electrical assistance. However, expectedly, the average PO was lower (41427 W, P<0.001). The
difference in PO measured at the pedals between the rides without and with electrical assistance was
8619 W, which equates to a delta percent of 69+£12%. HR throughout the ride with electrical
assistance (97£15 bpm, 53+7% HRmax) was also lower (-16+£5% HRmax) compared to the ride without
electrical assistance (127+19 bpm, 694+8% HRmax; P<0.001). On average, we calculated that the
METs associated with the ride without electrical assistance were 8.3+1.7 METs, while the ones

associated with the ride with electrical assistance were 4.2+1.3 METs (P<0.001).
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Figure 6.2: Mean + 95% confidence intervals for power output (PO) (A) and heart rate (HR) (B) during rides
with (orange) and without (green) electrical assistance. Boxplots and individual data (Panels C, D) display
the distribution of participants for PO and HR.

Sex-related differences.

The average PO during the ride without electrical assistance was 150+33 W for males and 104+19 W
for females (P<0.001). Despite this difference in PO between sexes, the speed (P= 0.161) and time
(P=0.126) to complete the ride without electrical assistance was similar (males 14.6+2.1 km-h™;
24.5+4.0 min; females 13.3£1.8 km-h™'; 27.0+3.4 min). These were not different from the speed
(P=0.279) and time (P=0.131) recorded during the ride with electrical assistance (males 14.8+1.8
km-h'!; 24.0£2.9 min; females 13.6+1.9 km-h'; 26.5+3.6 min). When riding with electrical
assistance, the PO was reduced to 54430 W in males and to 28+15 W in females (P=0.001). This

absolute reduction in PO was significant between sexes (males 95+21 W; females 76+10 W;
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P=0.001). Nonetheless, this reduced PO with electrical assistance corresponded in both sexes to the

same percentage of the PO at GET (males 37+19%; females 31+11%; P=1.000).

During the ride without electrical assistance, HR was similar in males (122+20 bpm) compared to
females (132+17 bpm; P=0.426). During the ride with assistance, HR was 92+15 bpm for males and
102414 bpm for females (P=0.430). When normalized to HRmax, during the ride without assistance,
there was no difference between males (67+8% HRmax) and females (73+£7% HRmax; P=1.000).
Similarly, during the ride with assistance, no difference between sexes was found (males 52+7%
HRmax, females 556 HRmax; P=1.000). There was no difference between sexes in terms of METs
during the ride without assistance (males: 8.8+2.0 METs; females: 7.8+2.3 METs; P=0.205) nor with

assistance (males: 4.5+1.6 METs; females: 3.9+1.0 METs; P=1.000).
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6.6.Discussion

Considering the importance of an accurate characterization of exertional intensity (lannetta et al.,
2021, 2020) and given the shortcomings of the methods used by previous studies to classify intensity
of E-biking (Alessio et al., 2021; Anderson et al., 2022; Bourne et al., 2018; Haufe et al., 2022; Hoj
et al., 2018; Jenkins et al., 2023; McVicar et al., 2022), we investigated the metabolic responses of
riding an E-bike compared to traditional cycling in relation to the exercise intensity domain schema.
Findings were that riding a popular model of E-bike is associated with a shift of the domain of
intensity (heavy—moderate), requiring a level of exertion that is substantially lower (~36%) than the
intensity associated with GET. Overall, these findings demonstrate that despite current guidelines
would suggest E-bikes as suitable to meet current exercise intensity recommendations, when
interpreted in the context of the exercise intensity domains and in relation to a specific intensity
threshold (i.e., GET), the metabolic demand associated with routine bike commuting with electrical
assistance is likely insufficient to evoke a metabolic stress that is high enough to promote substantial

cardiorespiratory gains.

Physiological responses

Compared to traditional cycling without electrical assistance, in this study riding an E-bike led to a
reduction in PO of ~86 W (or 69 %) and a reduction in HR of ~30 bpm (or ~23 %). Although these
findings are in line with previous studies showing a reduction in metabolic demand when riding an
E-bike, the extent of the reductions herein is somewhat larger than the one reported by previous
studies. For example, Langford et al. (Langford et al., 2017) reported a 22 W decrease in PO and 5
bpm in HR between traditional cycling and E-biking. Similarly, Louis et al. (Louis et al., 2012) found
a reduction of 13 W in PO and 3 bpm in HR when using a “moderate” assistance level at a speed of
16 km-h'!, while the reduction was ~47 W and ~13 bpm when using a “high” assistance level.

Likewise, Simons et al. (Simons et al., 2009) observed reductions in the order of 17 W for PO and 7
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bpm for HR as well as 24 W for PO and 11 bpm for HR when riding the E-bike with moderate and
high levels of assistance, respectively. Finally, Sperlich et al. (Sperlich et al., 2012) found a reduction
of 33 W and 28 bpm. Summarizing these and other findings through a meta-analytic approach,
McVicar et al. (McVicar et al., 2022), calculated that the average reduction in PO and HR reported
to date within the literature is in the order of 19 W for PO and 3.5 bpm for HR, respectively. As also
mentioned herein, however, the variability amongst studies is quite large. Putative explanations for
such variability may relate to the characteristics of the E-bike used in terms of the levels of assistance
offered, the course selected (open roads vs cycling dedicated pathways), and the level of fitness
(trained vs untrained). Furthermore, in some studies participants were allowed to choose their
preferred speed during the ride with the E-bike which might have jeopardized the exact computation

of the difference between riding with and without electrical assistance.

Sex Differences

Predictably, there were differences in PO between sexes for the rides without and with assistance.
These differences can be attributed to the different levels of cardiorespiratory capacity between the
two sexes (i.e., POpeak, males: 291+56 W vs females: 193+37 W; GET, males: 133+31 W vs females
914+22 W; P<0.001). While both sexes showed a decrease in PO and HR, males had a greater absolute
value of PO in both conditions (P<0.001). However, when we adjusted PO for each individual's GET,
there was no difference between sexes. This means that relative to their individual capacity, males
and females experienced a similar decrease in PO and comparable metabolic stress during the rides.
This was further corroborated by the finding that neither the absolute nor relative reductions in HR

differed between sex.

Despite males having higher PO than females, both sexes averaged similar speeds during the rides.
This could be because males, who were taller and heavier (thus having a greater surface area), are

likely less aerodynamically efficient. This lower aerodynamic efficiency would have required them
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to generate more power to maintain the same speed as females. This interpretation highlights the fact
that sex is a variable that could modulate the effect of the electrical assistance on the metabolic

demand of E-biking.

Implications of the findings

In recent years, the rapid spread of E-bikes has represented an opportunity for many to engage in
more physically active behaviour and to contribute to the collective effort to reduce environmental
pollutants (Johansson et al., 2017; Li et al., 2023; Sundfer et al., 2020). Whether, though, E-bikes can
be used to induce substantial health gains has remained controversial. For example, although the
majority of studies have shown some positive health benefits, such as in terms of glucose and blood
pressure control (Alessio et al., 2024), when investigated under the lamp of cardio-respiratory fitness
gains, the benefits of E-bike riding has remained discordant. For example, in two different studies,
De Geus et al. (de Geus et al., 2013) and McVicar et al. (McVicar et al., 2023) found no changes in
VOomax after six weeks of E-bike riding, while Peterman et al. (Peterman et al., 2016) showed a
significant increase after 4 weeks. The reason for such discrepancies may lie on the fact that, for
many, the use of E-bikes is associated with a metabolic demand that is too low to stimulate changes
in cardiorespiratory fitness. In this context, a recent study has demonstrated that in order to maximize
the chances of positive cardiorespiratory benefits, previously inactive individuals are required to
exceed intensity associated with the first metabolic threshold (GET) (Inglis et al., 2024; Ross et al.,
2015). From Figure 6.3, it is possible to appreciate how, regardless of the fitness level of the
individuals, routine bike commuting with electrical assistance unlikely allows individuals to surpass
this threshold. Of course, it cannot be excluded that with larger volumes of E-bike riding exceeding
current physical activity recommendations (>150 min/week), this reduced intensity may still suffice
to induce changes in cardiorespiratory fitness (Peterman et al., 2016). However, this is unlikely to

occur in the context of regular daily bike commuting.
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Figure 6.3: A schematic representation of the progression of the exercise intensity domains as function of VOamax
as measured in the present dataset. The different colored areas depict the three intensity domains: moderate
(vellow), heavy (orange), and severe (red) in relation to fitness level (i.e., VOama) (v-axis). The bottom portion
shows the four conventional MET-derived categories of intensity. The circle within the graph represents the
average (£SD) METs computed without electrical assistance, while the triangle represents the average METs
(£SD) observed during the ride with electrical assistance. This schematic underscores that, although the METs
of the ride with electrical assistance fall within the moderate-intensity range according to the traditional
METs-based classification, if interpreted according to the intensity domain schema, these METs values are
far below the METs associated with the GET and the minimum exertional intensity associated with
cardiorespiratory benefits (Inglis et al., 2024).

Considering all this, although the metabolic demand of E-bike falls inexorably within the fixed-MET
“moderate” intensity category (Figure 6.3), when contextualized within the concept of intensity
domains, such finding questions the ability of current guidelines-based methods to capture with
accuracy the demand of E-bike riding. Indeed the fact that on average riding with electrical assistance
is associated with an intensity of ~4.5 METs (Figure 6.3; see also (Sperlich et al., 2012)) may give a
misleading impression that it is suitable to satisfy the minimum intensity required to improve cardio-
respiratory fitness. One needs to consider, however, that exercise intensity remains a relative concept,

and the variable distance between the intensity associated with E-Biking and the intensity associated
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with the first metabolic threshold (i.e., GET) questions not only the use of the guidelines-based
methods of classification but also the consequential proposition of that E-Biking can be used to
improve cardio-respiratory fitness. Importantly, we do not advocate against the use of E-bikes. As
mentioned before, there are many health- and environmental-related circumstances in which E-bikes
can be extremely useful and should be promoted (Johansson et al., 2017; Li et al., 2023; Sundfer et
al., 2020). Our data, though, urge a reconsideration of how intensity of E-bike is quantified by and
interpreted within current physical activity guidelines. Considering our results, in the future, E-bike
motor developers should aim to engineer systems capable of providing levels of assistance that are
individualized to the user’s level of fitness. In this manner, this would ensure that intensity of the

physical activity remains within a range of intensity that promotes health benefits.

Methodological Considerations

This study is the first to evaluate the metabolic demand of E-biking relative to a specific individual
metabolic threshold (i.e., GET). However, some methodological considerations need to be addressed.
First, the E-bike used in the present study is a popular model that is widely available in many
municipalities and activated when the user begins to pedal. This specific model provides a fixed
amount of assistance which we set at the minimum level. It is likely that the magnitude of the
reduction in metabolic demand would have differed had we used a different E-bike model. Our choice
to select a publicly available E-bike model is justified by the need to ensure generalizable conditions.
Secondly, the speed achieved during the ride without assistance was below the average speed of
normal commutes (Schantz, 2017; Schantz et al., 2020). This was because the E-bike model used in
our study is heavier (~25kg) than traditional bikes. We reasoned, however, that it was important to
ensure similar conditions between the assisted and un-assisted rides. Unlike previous studies that have

somewhat jeopardized their findings by employing different bike models between the rides with and
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without assistance. In this context, measuring the PO exerted directly at the pedals gives us confidence

regarding the accuracy of our results.

6.7.Conclusion

There are a number of health- and environmental-related advantages of using E-bikes for commuting
(Bourne et al., 2018; Johansson et al., 2017; Li et al., 2023; Sundfor et al., 2020). Despite the fact that
current intensity guidelines would predict that exertional intensity associated with E-bike riding is
sufficient to elicit cardiorespiratory benefits in a group population of recreationally active individuals,
when compared to the intensity domain schema, it is unlikely that this mode of transportation could
achieve this goal. Therefore, the present study, while not intending to discourage the use of E-bikes,
does suggest caution when interpreting exertional intensity associated with this mode of

transportation.
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7.CHAPTER 7: MODULATING THE ID USING AN E-
BIKE: A PROOF OF CONCEPT.

7.1.Introduction

Public health agencies recommend active mobility as a mean to promote physical health and to reduce
traffic levels. However, a paradox arises since active commuting substantially increases the exposure
to air pollutants. For example, Hofman et al. found that cycling commuters are exposed to high levels
of air pollution due to their proximity to car exhausts when commuting (Hofman et al., 2018). In
addition, physical activity increases the inhaled dose (ID) of pollutants because of the higher
ventilatory demand. For instance, Oravisjirvi et al. found that the amount of air pollutants inhaled

during physical activity increases with increases in intensity (Oravisjérvi et al., 2011).

To address this paradox, a possible solution could be the selection of specific routes that minimize
the ID. For example, Luengo Oroz and Reis explored which, between different commuting bike paths
between 2 defined areas in Edinburgh, would have resulted in lower exposure (Luengo-Oroz and
Reis, 2019). However, such evaluations or interventions would necessitate public discussions with
decision-makers and municipalities, which is not always feasible. Alternatively, a different solution
could be reducing the ID through reductions in exertional intensity. To do so in a “smart” way without
compromising the health benefits of physical activity, simultaneous measurements of heart rate (a
proxy for ventilation) and air pollutants could be integrated to derive the ID in real-time. Considering
that nowadays most bike commuters use E-bikes, the trespassing of a given threshold for ID could
prompt a signal to the user to turn-on the electrical assistance and, thus, to reduce the level of exertion.
However, the practicality and effectiveness of this strategy have not been explored. Thus, the aim of

this study was to develop a smartphone app that calculates ID in real-time and alerts users to activate
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or deactivate E-bike assistance when a predefined ID threshold is exceeded with the aim to reduce

the overall exposure of air pollutants during the ride.

7.2.Material and methods

Experimental Procedures

One ride with an E-bike (Nuvola, Italwin, Bologna, Italy) was carried out by one participant. The
smartphone with the developed app was mounted on the handlebar to show the participant the alert
to activate/de-activate the assistance. During the ride, the HR was monitored through a heart rate
chest strap (HRM PRO, Garmin, Schaffthausen, CH), while the PM; 5 concentration was monitored
through a real-time air pollution sensor (ATMOTUBE PRO, ATMOTECH INC, San Francisco,
USA). The ride was ~12-min long and was performed on a bike-path in close proximity to a heavily

trafficked road of the city of Brescia.

App Development

The application is an Android-based application developed in Kotlin using Android Studio Ladybug
2024.2.1 and targets Android API Level 31 (Android 12). It connects to two Bluetooth Low Energy
(BLE) devices: a chest strap heart rate monitor that provides heart rate measurements, and a portable
air quality monitoring device, which delivers various air quality metrics, among which we considered

the concentration of PM; 5 in micrograms per cubic meter (pg/m?).

The two BLE devices used in this study exhibit distinct operational modes. The ATMOTUBE device
employs a request-response model, where data is actively queried by the application at regular
intervals (every second). Conversely, the heart rate monitor operates in an event-driven mode,
transmitting data only when a change in heart rate is detected. In addition to the readings from these
devices, the application collects fine location data (Android fine location, with an accuracy typically

ranging from 5-10 meters) from the smartphone on which it is installed.
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Every second, the application records a data point consisting of a heart rate value, a PMys
concentration, and a corresponding location. The application calculates an estimation of ventilation

using a well-established formula (Cruz et al., 2020):
1) Vg (L/min)=exp (1.16+0.021-HR (bpm))
The application then calculates the ID of PM; s using another well-known formula
2) ID (pg/min) = Vg (L/min) - [PM2.s (ug/m?)] /1000

If the average of this computed value over the previous 20 seconds exceeded a predefined threshold
(in our tests we used a value of 0.6 pg/min) for 20 consecutive data points (i.e., 20 s), the application
provided visual feedback by changing the screen color to red, signaling that the electric bike
assistance should have been activated. Conversely, if the computed value remained below the
threshold for 20 consecutive seconds, the screen changed to green, indicating that the electric bike

assistance should have been deactivated.

All collected data was stored in a CSV file and could be accessed from the smartphone at the end of

the session for further analysis.

7.3.Results

Overall, we were able to modulate the ID via signaling the E-bike user to activate the electrical

assistance as shown in the graph below (Figure 7.1).
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Figure 7.1: Time series representation comparing the ID (blue line) to HR (red dashed line) and PM: s
concentration (green dashed line). The orange-shaded regions indicate phases where the E-bike assistance is
activated, triggered by the ID exceeding the threshold represented by the horizontal grey line. Peaks in HR
align with peaks in ID, illustrating how the ID is influenced by both exercise intensity (HR) and environmental
factors, such as PM>s concentration. This highlights the combined impact of physiological effort and air
quality on the ID and the subsequent activation of E-bike assistance.

Upon reaching the pre-established ID threshold of 0.6 pg/min, the user was alerted to turn on the
assistance. Upon turning on the assistance, despite the PM concentration remained elevated due to
the continued presence of traffic, the lower HR (thus, a lower ventilation) reduced the ID to levels
below the pre-established threshold. In that moment, the user was asked to turn off the assistance and
the HR. The reduction in ID when the assistance was activated ranged between approximately 35%

and 51% of the local high peak.

7.4.Discussion

The goal of this study was to demonstrate the feasibility of integrating real-time ID calculations with
technologies capable of modulating exercise intensity to reduce exposure to air pollutants (i.e., via

the assistance of the E-bike). In our case, we used HR data from a chest strap to predict the Vg and

82



real-time PM> s measurements to calculate the ID. The developed application alerted users to activate

or deactivate the E-bike assistance when a specific ID threshold (i.e., 0.6 ng/min) was exceeded.

Our results show that using this application effectively reduces the ID when the threshold is exceeded.
As shown in Figure 7.1, Ve—which is directly related to exercise intensity (i.e. HR)—significantly
impacts the ID calculation. While some variability in PM; 5 concentration can be observed, the graphs
clearly show that negative or positive ID peaks are primarily associated with increases or decrease in

exercise intensity (e.g., higher or lower HR).

With this app, we have developed a method to minimize exposure to air pollutants while
simultaneously retaining the health benefits of physical activity. Specifically, the rider is advised to
activate the E-bike assistance only when a certain ID threshold is exceeded. This ensures that, when
the threshold is not surpassed the effort related to cycling is likely sufficient to improve health.
Furthermore, although the metabolic demand associated with e-biking might be too low to
significantly improve health, the use of E-bike assistance reduces the overall metabolic effort and VE,
helping to lower the ID. This work show promise because it may offer a compromise between the

benefits related to physical activity and the mitigation to air pollution exposure.

The concept of using real-time ID could be expanded to other types of applications for precise
monitoring of exposure to air pollutants. For example, integrating air pollution sensors into wearable
devices could enable the calculation of real-time ID and the cumulative amount of pollutants inhaled
by an individual throughout the day. This approach to quantifying the total amount of inhaled air
pollutants could be utilized by public health agencies to evaluate how exposure (measured as the total
amount of pollutants inhaled) is linked to various diseases. For instance, while longitudinal studies
assessing risk based on exposure to different air pollutant concentrations are spread, having a more
precise metric that quantifies individual exposure could help define new thresholds based on ID rather

than solely on concentration levels. Supporting this idea, Figure 7.1 clearly demonstrates that ID is
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influenced not only by pollutant concentration but also by exercise intensity, which directly impacts

VE.

Limitations

Although in this study we successfully modulated the individual's ID while using the E-bike by
integrating real-time pollution data, exercise intensity data, and E-bike assistance, we must address
the fact that no exposure guidelines currently exist for ID. We used a specific amount of pollutants
inhaled per minute as a threshold, but an integrated amount of pollutants could also be used.
Unfortunately, as mentioned earlier, public health or environmental agencies provide guidelines

based on pollutant concentrations in the air rather than using thresholds based on the ID.

7.5.Conclusion

This study demonstrated the feasibility of integrating real-time ID calculations with E-bike assistance
to reduce pollutant exposure during cycling. By combining HR data, PM» s measurements, and real-
time feedback, the app effectively lowered ID when a predefined threshold was exceeded. The results
highlight that ID is influenced not only by air pollutant concentration but also by exercise intensity.
While promising, current public health guidelines are based on pollutant concentrations rather than
ID, limiting broader application. Future research should aim to establish ID-based thresholds and

explore additional technologies integrations to further mitigate exposure and improve public health.
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8. CHAPTER 8: OVERALL SUMMARY,
DISCUSSION, AND FUTURE DIRECTIONS

In Chapter 5, the interplay between air pollution levels, cycling exertion intensity, and individual
exposure was examined. By measuring air pollutant concentrations and cycling-related Vg responses,
the study provided novel insights into the factors influencing the ID of pollutants during physical
activity. One of the key findings was the different seasonal and spatial variability of air pollutant
concentrations, with particulate matter (PM1, PMazs, PMio) levels peaking during the Fall - Winter
months due to thermal inversion and increased emissions in the Po valley. Conversely, VOCs were
higher during Spring - Summer, likely due to the increased activity of biogenic VOC sources. The
spatial variability within the city was equally significant, as pollutant concentrations in certain areas
were up to 60% higher than in others, emphasizing how, in a small city like Brescia, there are certain
areas that are more polluted than others. When considering the ID, the study revealed a clear
relationship between exercise intensity and exposure levels. Heavy-intensity nearly doubled the ID
compared to moderate-intensity exercise, underscoring the impact of Vi on the ID. Interestingly, in
areas with higher pollution levels, even moderate-intensity exercise could yield ID values comparable
to heavy-intensity cycling in cleaner zones. These findings highlight the interplay between exercise
intensity and the concentration of pollutants in different areas in the calculation of the ID. Sex
differences also emerged as a significant factor. While no notable differences in ID were observed
during moderate-intensity exercise, males exhibited a 40% higher ID during heavy-intensity efforts,
attributed to their greater Vg. This aligns with prior research indicating sex-specific physiological
differences in Vg and pollutant deposition rates. By identifying high-exposure zones and linking them
to activity-specific ID, the findings advocate for infrastructure designs that prioritize cyclist safety,
such as bike paths away from major traffic routes. Additionally, wearable technologies capable of

real-time ID monitoring offer the potential to guide exercise intensity adjustments in response to
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fluctuating pollutant levels, thereby reducing health risks. This study underscores the need for a
personalized approach to air pollution risk mitigation, integrating technological innovations and

evidence-based urban planning to promote safer active commuting.

In Chapter 6, the primary aim was to analyse the metabolic responses associated with riding E-bikes
compared to traditional cycling within the exercise intensity domains framework. The results
demonstrated that electric assistance significantly reduced the metabolic demand, shifting the
exercise intensity from the heavy to the moderate domain. The power output during assisted cycling
decreased by ~69% compared to unassisted cycling, with a corresponding reduction in HR by ~23%.
This decreased metabolic demand was consistent between males and females, as physiological
responses relative to individual fitness levels were similar. However, the assistance reduced metabolic
responses well below the GET, suggesting that the metabolic stimulus was likely insufficient to
promote health. These findings raise important considerations for policies promoting E-bikes as a
public health tool. While E-bikes facilitate more active lifestyles and contribute to reducing air
pollution, their capacity to induce significant physiological benefits is likely limited. To maximize
their potential, systems offering personalized assistance should be developed, tailoring intensity to

the user’s fitness level to ensure positive health impacts.

In Chapter 7, an innovative solution was introduced to mitigate exposure to air pollution during
physical activity. A smartphone application was developed to calculate the ID of pollutants in real
time and guide users in activating E-bike assistance based on a pre-defined threshold. This system
integrates HR data, estimated Vg, and pollutant concentration to adjust exercise intensity through te
use of the E-bike assistance and reduce overall exposure. The app could reduce the ID by up to 50%
during high-exposure periods. Activating electric assistance during pollution peaks lowered Vg and,
consequently, the air pollutant inhaled. This approach, which integrates physiological and

environmental data, represents a significant advancement in protecting the health of E-bike users. It
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offers a balanced solution to mitigate the risks of exercising in polluted urban environments while
preserving the health benefits of physical activity. However, despite our findings, the lack of an ID-
based threshold limits the app's potential effectiveness. This technology, nevertheless, lays the
groundwork for future innovations, such as wearable sensors for continuous ID monitoring and real-
time alerts to identify safer routes or areas for exercise. The findings highlight the importance of
considering not only pollutant concentrations but also exercise intensity, a critical factor influencing

overall exposure.

Future Directions

Building on the findings of this research, future work will focus on advancing the integration of
sustainable mobility technologies with real-time monitoring systems. The following directions aim
to further enhance the health, safety, and accessibility of E-bike commuting, particularly in urban,

air-polluted environments.

Implementation of an Intelligent E-bike System: Develop an E-bike with automatic assistance

control based on real-time ID measurements to optimize user health and safety during

commuting.

e Threshold Exploration for ID: Investigate the potential thresholds of ID that trigger significant
health impacts, particularly during physical activity in urban and polluted environments.

e E-bike for Special Populations: Assess metabolic demand of E-bike use for special
populations, such as older adults or individuals with clinical conditions.

e Air Pollution Mitigation: Analyse the effectiveness of the developed application in reducing

ID during daily commutes with a larger sample of trials and with different types of analysis.
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