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Abstract

Climate change and urban air pollution are wicked problems involving a link between
human behaviour and the atmosphere. In urban systems, cities, polluting behaviours
emerge as a result of interactions between people and their environment. Pollutants
such as atmospheric particles are emitted into the air, where various processes gov-
ern their evolution, with implications to human health and the climate. The ability
to investigate, understand and manage the coupled system of people and air requires
acknowledging the complexity of the interplay involving human behaviour, emissions,
meteorology, and various atmospheric processes. This thesis aims to address the com-
plexity of those interactions. The general objective is to explore the interface of people
and air with a systems thinking approach. The research seeks to improve the ability
to analyse urban air, when there has been a shift in anthropogenic emissions, and to
predict the outcomes, if human behaviour were to change.

Ways to change human behaviour with respect to urban mobility were investigated,
with focus on the evaluations of the effectiveness and atmospheric impacts of the re-
viewed incentives and sanctions. The constituents of high quality evaluations were
identified and elaborated. The air pollution impacts of an observed shift in emissions
after the outbreak of the COVID-19 pandemic were investigated as a case study, which
involved applying a Self-Organizing Map method. A multidisciplinary combination of
an atmospheric box model and a social system model was applied to study the coupled
system of people and air through scenarios. The results indicate that reduced multi-
pollutant emissions imply changes in ambient pollutant concentrations, but the change
is likely non-linear, especially for particles. A small decrease in emissions may even
produce an increase in particle mass concentration, while particle number concentra-
tion decreases, as a result of different processes affecting the formation and evolution
of atmospheric particles. Behaviour change that produces emission reductions may
be induced via various pathways, including incentives and sanctions. Given time, a
small increase in the opportunities to make sustainable choices may lead to significant
reductions in emissions and ambient particle concentrations.



As a conclusion, the evolution of both human behaviour and air pollution includes non-
linearities that are necessary to address in the investigation of observed and potential
changes. Systems thinking as a guiding heuristic and the use of quantitative models
enable capturing the complexity in the causal link between people and air. Holistic
and multidisciplinary research, as demonstrated in this thesis, enables understanding
the effectiveness of changing human behaviour for managing the wicked problems of
climate change and urban air pollution.

Keywords: systems thinking, urban systems, climate change, behaviour change, emis-
sions, air pollution, aerosol particles, machine learning



Tiivistelmä

Ilmastonmuutos ja kaupunkiympäristön ilmansaasteet ovat viheliäisiä ongelmia, joiden
taustalla on linkki ihmisten toiminnan ja ilmakehän välillä. Kaupungeissa saastuttavat
toiminnat kehkeytyvät ihmisten ja heidän toimintaympäristönsä välisen vuorovaikutuk-
sen seurauksena. Pienhiukkasten ja muiden ilmansaasteiden päästöt päätyvät ilmaan,
jossa erilaiset prosessit vaikuttavat niiden pitoisuuksien kehittymiseen. Ilmansaasteilla
on haitallisia terveysvaikutuksia ihmisille, minkä lisäksi ne vaikuttavat ilmastojärjestel-
mään. Kyky tutkia ja hallita ihmisten ja ilman yhteenkytkeytynyttä järjestelmää vaa-
tii, että monimutkaiset vuorovaikutusmekanismit ihmisten toiminnan, päästöjen, me-
teorologian ja ilmakehän prosessien välillä otetaan huomioon. Tämä väitöskirja vastaa
pyrkimykseen ymmärtää kyseisiä monimutkaisia vuorovaikutusmekanismeja. Tavoit-
teena on tarkastella ihmisten ja ilman rajapintaa systeemiajattelun avulla. Tutkimus
pyrkii parantamaan mahdollisuuksia analysoida kaupunki-ilmaa sen jälkeen, kun ih-
misten toiminnassa on tapahtunut muutos, ja ennustaa mahdollisia muutoksia, jos
ihmisten toiminta muuttuisi.

Tapoja vaikuttaa ihmisten liikennevälinevalintoihin tutkittiin keskittyen kannustinten
ja rajoitusten tehokkuuteen sekä todennettuihin vaikutuksiin hiilidioksidipäästöissä
ja ilman hiukkaspitoisuuksissa. Laadukkaan vaikutusten arvioinnin vaatimukset tun-
nistettiin. Tapaustutkimuksena tarkasteltiin COVID-19 pandemian alkuun liittyvää
muutosta ihmistoiminnan päästöissä ja sen vaikutuksia ilmanlaatuun, joita tutkittiin
itseorganisoituvan kartan avulla. Monitieteistä mallinnuskokonaisuutta sovellettiin ih-
mistoimintaan ja ilman hiukkasiin liittyvässä skenaariotutkimuksessa. Tulokset osoit-
tavat, että päästöjen muutokset näkyvät ilmansaasteiden pitoisuuksissa, mutta epäli-
neaarisella tavalla. Pieni vähennys päästöissä voi vähentää merkittävästi hiukkasten
lukumääräpitoisuutta, mutta lisätä hiukkasten massapitoisuutta erilaisten ilmakehän
prosessien seurauksena. Päästövähennyksiin johtava käyttäytymisen muutos on saavu-
tettavissa erilaisin keinoin. Pienikin parannus ihmisten mahdollisuuksissa tehdä eko-
logisesti kestäviä valintoja voi johtaa merkittävään vähenemään päästöissä ja ilman
hiukkaspitoisuuksissa. Johtopäätöksenä todetaan, että ihmisten toiminnan, päästöjen
ja ilmansaasteiden kehitys sisältävät monia epälineaarisuuksia, jotka on huomioitava
tutkittaessa tapahtuneita ja potentiaalisia muutoksia. Systeemiajattelu ja numeeris-
ten mallien hyödyntäminen mahdollistavat ihmisten ja ilman välisten syy-yhteyksien



monimutkaisuuden tutkimisen. Kokonaisvaltainen ja monitieteinen tutkimus, kuten
tässä väitöskirjassa on esitelty, auttaa ymmärtämään ihmisten toiminnan muuttumi-
sen roolia ilmastonmuutoksen ja ilman saastumisen kaltaisten viheliäisten ongelmien
ratkaisussa.

Asiasanat: systeemiajattelu, kaupunki, ilmastonmuutos, käyttäytymisen muutos, pääs-
töt, ilmansaasteet, aerosolihiukkaset, koneoppiminen



"We can not control systems or figure them out.
But we can dance with them!"

–Meadows (2001)
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1 Introduction

Humanity has a profound impact on planet Earth. This is expressed with the idea of
the Anthropocene, a proposed geological epoch, the start of which would mark the com-
mencement of significant human impact on the environment. After having discovered
how atmospheric pollutants destroy stratospheric ozone important for protecting the
Earth from ultraviolet radiation, meteorologist and Nobel laureate Paul J. Crutzen in-
troduced the term of Anthropocene to signal the escalating effects of humans on global
environment including, but not limited to, the atmosphere (Crutzen, 2002). Although
there is ambiguity in the exact definition and timing of the Anthropocene (Zalasiewicz
et al., 2021), various climatic, biological, and geochemical signatures of human activity
have been identified to support the distinction of the Anthropocene from the preceding
epoch Holocene, which began 11 700 years ago. (Waters et al., 2016). For example,
analyses of air bubbles trapped in polar ice cores date the beginning of growing carbon
dioxide (CO2) and methane concentrations in the atmosphere to the end of the eigh-
teenth century, which coincides with the invention of the steam engine. In practice, the
Anthropocene means that people and their activities have become a significant part of
the atmospheric system – and should thus be investigated as such.

A book Airs, waters and places attributed to Hippocrates (circa 400 BCE) is proba-
bly the earliest evidence of concerns regarding polluted air. The book suggested that
the occurrence of all kinds of illness could be linked to the quality of air. The causal
link between human activities and air pollution, however, became a subject of interest
much later. A chronology by Fowler et al. (2020) indicates that there were concerns
about coal burning and observations of air pollution in China and in the Arab world
around the 10th century. To reveal the possible scale and gravity of the consequences
of anhropogenic emissions, it took advancements in atmospheric measurements and
mathematical methods to mirror the key features of the interplay between solar radia-
tion, atmospheric composition and the Earth’s surface. In 1856, Eunice Foote reported
about laboratory experiments indicating that water vapour and CO2 absorb energy
from solar radiation more efficiently than oxygen and nitrogen. She wrote about CO2

that "An atmosphere of that gas would give to our earth a high temperature; and if, as
some suppose, at one period of its history the air had mixed with it a larger proportion
than at present, an increased temperature from its own action, as well as from increased
weight, must have necessarily resulted" (Foote, 1856). Her work is considered to be the
first to scientifically demonstrate the existence of greenhouse gases (GHG), i.e. gases
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that absorb infrared radiation emitted from the Earth’s surface and radiate it back, thus
having a profound effect on the energy budget of the global climate system. The influ-
ence of changes in atmospheric CO2 concentration on the temperature of the Earth’s
surface was later quantified by Arrhenius (1896). In his landmark scientific work on
the greenhouse effect, he concluded that fossil fuel combustion may eventually result in
enhanced global warming. Thirty years earlier, Marsh (1864) had examined ”compre-
hensive mutations which man has produced, and is producing, in earth, sea, and sky,
sometimes, indeed, with conscious purpose, but for the most part, as unforseen though
natural consequences of acts performed for narrower and more immediate ends”. 2 400
years after Hippocrates and more than 120 years after Arrhenius, Marsh and Foote,
their topics are as timely as ever, attract scientific and political interest, yield new
findings and invite fresh perspectives.

Climate change and urban air pollution are wicked problems that link human be-
haviour, human health, ecosystem health, policies, technology, built environment, and
the structures of social and economic systems, to the atmosphere. Changes in one
part of the total system may have non-linear and unintended impacts on other parts
of it, which, by definition, makes these problems complex (West, 2017; Wilson, 2014).
Complexity can be investigated with systems thinking – a holistic approach focusing
on how different constituents of a system interact and what evolves from those interac-
tions. Adopting the beautiful ideas of a pioneer in systems thinking, Donella Meadows
(2001), we need to dance with the system in order to understand it and to be able
to intervene in it.

1.1 Background and research field

Addressing, or even studying the complex problems of climate change and urban air
pollution is not possible without knowledge about both people and air. Human be-
haviour and the processes in the atmosphere share similarities, as they both involve a
myriad of constituents and various non-linear interactions. In addition, people and air
are a coupled system: they are two distinct systems that can be modelled in their own
right but that are linked together. They constitute a specific type of coupled systems
referred to as social-ecological systems, which means complex integrated systems where
humans are embedded in nature (Berkes & Folke, 1998). Another descriptive term for
the coupled system of people and air is socio-environmental systems, defined as tightly
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linked social and ecological, biophysical or spatial systems that mutually influence each
other (Polhill et al., 2016).

The mutual influence between people and air appears in the form of air pollutant emis-
sions produced by human activities, and the consequences of those emissions, namely
the health and environmental impacts of air pollution, and changes in the radiative
balance of the global climate system. Human behaviour that involves combustion,
such as energy production, industrial activities and traffic, produces multi-pollutant
emissions including carbon, sulfur and nitrogen oxides, hydrocarbons, ozone, and par-
ticulate matter (Oke et al., 2017). The emissions enter the atmospheric boundary layer,
where the pollutants disperse, possibly transform and eventually get removed (Stull,
1988). For example, particulate matter in the air is the result of primary emissions
(natural and anthropogenic) and their dispersion, but also significantly affected by dif-
ferent atmospheric processes such as the formation of secondary particles from gaseous
precursors. Short-lived pollutants (with atmospheric lifetimes ranging from minutes
to hours at the surface, and days to weeks in the free troposphere) mainly affect the
air locally, whereas long-lived pollutants with atmospheric lifetimes from a few years
to hundreds of years become well mixed in the atmosphere, thus affecting the global
climate system (Seinfeld & Pandis, 2016).

Urban air pollution is detrimental for human health. Inhaled particles are associated
with cardiopulmonary diseases, lung cancer, cognitive dysfunction and premature mor-
tality (Cipriani et al., 2018; Kampa & Castanas, 2008; Lelieveld et al., 2020; Pope III
et al., 2002; Silva et al., 2013). In 2019, 99% of the world’s population was living in
places where the air quality (referring to the abundance of gases and particles harmful
to human health) guidelines of the World Health Organization were not met (WHO,
2021). On the climate, particulate pollution has a direct and indirect impact. Par-
ticles directly scatter and absorb incoming solar radiation, and indirectly shape the
radiative balance by modifying the formation and properties of clouds (Boucher et al.,
2013). GHG emissions comprising compounds such as CO2, methane and nitrous ox-
ide are a part of anthropogenic air pollution, but their climatic impacts are global due
to their long atmospheric lifetimes. These compounds absorb and re-radiate infrared
radiation emitted by the Earth’s surface and cause an energy surplus in the climate sys-
tem (Myhre et al., 2013). GHG emissions are the key driver of anthropogenic climate
change. They are often expressed as CO2 equivalent (CO2eq), which is a metric to
convert the emissions of various greenhouse gases to correspond to the amount of CO2
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associated with an equivalent global warming potential, thus making the emissions of
different GHGs commensurable.

Urban systems, cities, and traffic as a specific form of polluting anthropogenic activity
are particularly interesting for the systems thinking approach to people and air. In
cities, individual people are in interaction with each other and the urban structures.
Choices regarding modes of mobility are a product of the personal attributes of people,
social norms, culture and the opportunities offered by the environment, e.g. infras-
tructure. From the mobility choices of individuals emerges traffic, which is a dynamic
source of multiple atmospheric pollutants, both short-lived and long-lived. Regard-
ing particles, traffic contributes strongly to the ambient concentrations by emitting
both primary particles and the precursors of secondary particles (Gentner et al., 2012;
Rönkkö et al., 2017). Traffic emissions occur at the same level where urban citizens in-
hale outdoor air, which exacerbates the exposure of people to pollution. The majority,
55%, of the world’s population already resides in urban areas, and rapid urbanisation
with exponentially growing passenger demand are projected for many countries by
2050 (International Transport Forum, 2017; United Nations, Department of Economic
and Social Affairs, Population Division, 2018). According to the IPCC (2022), an in-
creasing share of GHG emissions can be attributed to urban areas. Climate change
mitigation and the detrimental consequences of air pollution combined with increasing
populations exposed to urban air motivate emission reductions and the advancement
of sustainable mobility, which leads the systems thinker back to human behaviour and
ways to change it.

Changes, both observed and scenarios, in the coupled system of human behaviour,
related emissions and atmospheric pollution have been investigated in various ways.
With respect to traffic and the effectiveness of different initiatives for advancing sus-
tainable mobility, evidence has been collected by multiple review studies. For example,
Graham-Rowe et al. (2011) have investigated interventions to advance car use reduc-
tions, Pucher et al. (2010) have reviewed interventions and their effect on the levels of
bicycling, and Wardman et al. (2007) have created a scenario model to forecast trends
in urban commuting shares over time and to predict the impacts of different mea-
sures on them. Some studies have coupled observed behavioral change with emissions:
e.g., Croci (2016) has evaluated the emission reductions achieved with road pricing
schemes in three European cities, and Bowden and Hellen (2019) have analysed travel
behaviour change and related emission reductions achieved with gamification. Some
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scientific evidence of the outcomes of interventions to curb traffic emissions exists,
but the information is quite scattered and there is vast variation in methods. Recent
promising studies by Sanchez et al. (2020) and Kuss and Nicholas (2022) partly address
the research gap identified in this thesis by, correspondingly, introducing a protocol for
a systematic and interactive map of evidence regarding different interventions and their
emission reduction potential based on global data, and by suggesting an evidence-based
methodology for choosing the most promising intervention for urban mobility.

Scenario studies regarding changes in mobility choices and emissions rely on mod-
elling. Kangur et al. (2017) used a so-called Agent-Based Model to simulate different
consumer needs and individual-level decision making to study the adoption of electric
vehicles and corresponding changes in emissions. Maggi and Vallino (2021) simulated
the potential effectiveness of price-based and motivation-based policies for sustainable
urban commuting. Some studies have aimed to accurately simulate traffic flow based
on data, and then modified the simulation output to represent different scenarios (e.g.
Hofer et al., 2018). Some of the different traffic flow and traffic mode choice simulations
have been augmented with information about relevant emission factors to analyse the
evolution of pollution corresponding to behaviour change. Hatzopoulou et al. (2011)
coupled their simulation not only with emissions, but also with an atmospheric disper-
sion model in order to study air quality scenarios. What the existing emission scenario
literature lacks, however, is a more comprehensive consideration of atmospheric pro-
cesses relevant for different pollutants and possibly affected by changed emissions, i.e.
feedback mechanisms.

More than 150 years ago, Marsh (1864) proclaimed that in relation to exact measure-
ment of changes in systems such as the air, ”we possess the means of only qualitative,
not quantitative analysis”. By the 21st century, the situation has significantly im-
proved, although more coordinated and comprehensive monitoring is still called for
(Hari et al., 2016; Kulmala, 2018). Long-term measurements regarding meteorology
and atmospheric pollution are quite widely available and allow the statistical analy-
sis of trends. High-resolution models enable detailed studies of ambient air pollution
resulting from the interplay of emissions, their dispersion and transformation, and back-
ground concentrations (e.g. Kurppa et al., 2019). Modern machine learning methods
have become rather popular for leveraging the analysis of e.g. air pollution. Examples
include air quality classifications (Austin et al., 2012; Pearce et al., 2014), the study
of episodic events of high particle concentrations (Karaca & Camci, 2010), and the
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analysis of different factors contributing to observed concentrations (Wu et al., 2019).
Yet, when it comes to the analysis of atmospheric changes due to shifted human be-
haviour, existing studies tend to rely on conventional comparisons of concentrations
before and after a known shift (such as the deployment of restrictions). Meteorological
and other variability affecting air pollution is typically not excluded, which obscures
the ability to draw conclusions about causal links between shifted behaviour and at-
mospheric concentrations. Furthermore, although air pollution data are continuously
collected in most cities, longitudinal studies linking interventions to long-term changes
in behaviour and resulting air quality are rare.

Large scale evidence of the atmospheric impacts of changed human behaviour has
been obtained after the start of the COVID-19 pandemic in 2020. Many cities en-
forced lockdowns in order to control the contagion of the virus, which considerably al-
tered human behaviour and reduced anthropogenic emissions (Diffenbaugh et al., 2020;
Schulte-Fischedick et al., 2021). The atmospheric research community responded with
numerous studies regarding changes in air pollution (e.g. Chauhan & Singh, 2020;
Gaubert et al., 2021; Le et al., 2020; Torkmahalleh et al., 2021). The impact of the
altered behaviour on urban air pollution was observed to be significant, but, especially
for particulate pollution, not linear (Kroll et al., 2020; Le et al., 2020; Sokhi et al.,
2021). Changes in traffic emissions were observed to imply indirect changes e.g. in
particle formation via different reaction chains, such as by affecting the atmospheric
oxidative capacity (Ciarelli et al., 2021; Eleftheriadis et al., 2021; Huang et al., 2020).
The pandemic thus produced a sensitivity test for urban systems, and it also sparked
interest in, brought attention to and revealed the necessity of addressing non-linearities
when aiming to predict such shifts.

Existing theory and observations strongly indicate that various processes need to be
taken into account in the investigation of the atmospheric consequences of changed
emissions, i.e. changes in the concentrations of different pollutants. For example,
different aerosol dynamic processes combined are likely to yield a non-linear response
in particle concentrations as a result of linear changes in anthropogenic emissions.
And for predicting potential shifts in human activities and their atmospheric impacts,
a myriad of non-linear interactions in both the social and the atmospheric system are
relevant (Fig. 1). In the existing research regarding the coupled system of people and
air, these non-linearities have not been taken into account sufficiently. This leads to
the research gap addressed with this thesis: the need to examine people and air as a
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Fig. 1: A schematic overview of the topics of this dissertation, the links between them
and connections to the presented original papers I-IV.
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coupled system, while considering the complexity of both individually.

1.2 Objectives and scope

The general objective of this dissertation is to explore the interface of anthroposphere
and atmosphere with a systems thinking approach. More specifically, it seeks to foster
ways that leverage the ability to: 1) perform reliable analysis, when there has been a
shift in anthropogenic activities and related emissions, and 2) predict the atmospheric
outcomes, if human behaviour were to change. A practical objective is to find methods
to capture complexity and especially the non-linear interactions in both human and
atmospheric processes.

This dissertation seeks to answer the following specific research questions:

1. What kind of measures have been taken to change human behaviour
with respect to urban mobility? How have they been evaluated? What
are their atmospheric impacts? A scoping review of incentives and sanctions
advancing low-emission mobility is presented in Paper I.

2. How can the ability to evaluate and predict reductions in atmospheric
emissions from urban mobility be enhanced? What aspects should a
reliable evaluation cover? The necessity of and possibilities for acknowledg-
ing the nuances of human behaviour in the context of emission reductions are
discussed in the Handbook Chapter presented in Paper II.

3. Can the analysis of air pollution and of the impacts of an observed
shift in human behaviour be leveraged with machine learning? The
application of a form of neural network for analysing a case study of altered
emissions is demonstrated in Paper III.

4. What kind of changes could occur in the concentrations of atmospheric
particles, if opportunities for sustainable choices in an urban environ-
ment were enhanced? Paper IV introduces a model combination for studying
the coupled system of people and air, with the goal to capture non-linearities in
both human behaviour and atmospheric processes.
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1.3 Research methods

Urban people and air form a coupled complex system that requires a multidisciplinary
approach to investigate the causal links and interactions occurring in it. Overarching
heuristic framework applied in this thesis is systems thinking.

According to Meadows (2001), the first step in the dance with a system is getting the
beat. This means observing how the system behaves, learning about its history, and
observing ”the whole system, not just the problem that may have drawn you to focus
on the system to begin with”. This aspect was covered by conducting a scoping review
regarding evidence from deployed incentives and sanctions for advancing a shift to
sustainable mobility. The scoping review was based on a key word search, snowballing
and reference tracking methods that produced a database comprising a description of
each initiative, location of implementation, scale, target, type (incentive or sanction,
with division to economic, structural, regulative, and persuasive measures), the quality
of impact evaluation, and possible evidence of atmospheric impacts (reductions in
CO2 and particle emissions and/or ambient particle concentrations). Analysing the
database enabled identifying the determinants of high quality impact evaluations and
the determinants of success and failure with respect to the effectiveness of incentives
and sanctions in the context of urban traffic emissions. The findings of the review are
discussed in Papers I and II.

Learning to dance with a complex system, such as social systems or the atmosphere, re-
quires acknowledging and adopting its moves that include various processes in different
temporal and spatial scales, feedback mechanisms and self-organization. For the pur-
pose of enhancing the analysis of atmospheric data, a combination of machine learning
methods (ensemble learning, competitive learning and unsupervised clustering) was
applied, as presented in Paper III. For simulating the moves of a coupled system,
urban people and air, an agent-based model for simulating the cultural evolution of
behaviours coupled with a physicochemical box model for atmospheric processes was
proposed and applied (Paper IV). This model combination allows to study the collec-
tive adoption of pro-environmental behaviours as a result of different interactions, and
the impacts of that evolution on atmospheric particles while considering the relevant
dynamic processes taking place in the air.
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1.4 Dissertation structure

Chapter 2 presents the theoretical foundation and description of methodology applied
in the research leading to this dissertation. Chapter 3 gives an overview of the results
corresponding to the research questions laid out in Section 1.2. Chapter 4 suggests
selected theoretical and practical implications of this dissertation, discusses the reli-
ability and validity of the presented work, and provides recommendations for future
research.
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2 Theoretical foundation and methodology

Sections 2.1, 2.2, 2.3, and 2.4 describe the theoretical foundation behind systems think-
ing and the studied phenomena related to urban systems, human behaviour, emissions,
and atmospheric particulate pollution. Sections 2.5, 2.6 and 2.7 describe the computa-
tional methodology – numerical modelling of atmospheric processes, machine learning,
and agent-based modelling – used to study selected processes relevant for changes in
urban air pollution.

2.1 Complex systems

A system is always more than the sum of its parts, which means that it involves a
large number of interacting components, and the various interactions give rise to such
properties that can not be measured by simply adding up the parts. In a complex sys-
tem, the interactions are non-linear and the rates of change are not constant (Levin et
al., 2013; Miller & Page, 2007; Weaver, 1948). Complexity is thus an inseparable part
of non-linear dynamical systems (Haykin & Principe, 1998), such as evolving social
behaviours and atmospheric processes. The distinction between a complex system and
a complicated system is in the interdependence and independence of the elements that
make up the system. Removing an element of a complicated system would not funda-
mentally alter the system’s behaviour, whereas the dependencies among the elements of
a complex system imply that the emerging behaviours would be different without any
of those elements (Miller & Page, 2007). Complexity can be understood as a measure
of the number, diversity and interconnectedness of elements within a system.

A system can be perceived and formally characterised at different scales (Wilson, 2014).
The atmosphere, as an example, has some very large-scale phenomena studied with
dynamic meteorology, such as global circulation patterns, as well as phenomena that
occur at molecular level, such as atmospheric molecular absorption of energy. Both
scales, and everything in between, are important for the climate, but a complete un-
derstanding of the system requires that the interactions between scales are considered.
The same applies for human systems: The behaviour of people is affected by infras-
tructure and culture (large scale), and the habits and attitudes of individuals (small
scale), but the ability to understand and even predict behaviour is not possible without
acknowledging the interactions between these scales.
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Fig. 2: A stock-and-flow diagram with balancing (B) or reinforcing (R) feedback loops.

A stock forms the foundation of any system (Meadows, 2008). It is something measur-
able, such as an accumulation of material, information, habits, or air pollution. Stocks
change over time through flows that can be both filling and draining. Thus, a stock
is the memory of the history of changing flows within the system. Emissions of air
pollutants are an example of a flow that fills the stock of local air pollution. Corre-
spondingly, information about air pollution may act as a flow that drains the stock
of such behaviours that produce emissions of air pollution. A basic stock-and-flow
diagram describing a system is shown in Fig. 2.

A systems thinking approach requires being aware of the number of forces, such as flows,
affecting the different parts of the system. It is also necessary to understand that it may
take time for those forces to exert their effects. Delays or time lags between actions
and the evidence of their effects are characteristic to complex systems. Furthermore,
the causal links in a system may appear as loops. In the language of systems thinking,
a feedback mechanism is a closed chain of causal connections linking the stock to a set
of physical laws, actions, decisions or rules that are dependent on the level of the stock
and that feed back to it through the flow that changes the stock (Meadows, 2008).
In general language, a feedback mechanism can be regarded as a regulatory system,
where an output of a system is routed back as input, and the chain of causes and effects
forms a loop. Reinforcing feedback loops are self-enhancing causal loops that lead to
exponential growth or decline. Balancing feedback loops are equilibrating structures
that are sources of stability and resistance to change.

When it comes to problems related to complex systems, such as the spread of unsus-
tainable behaviours, climate change, and air pollution, there are certain explanatory
archetypes that help to understand the nature of those problems. Archetypes relevant
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to this thesis include Fixes That Fail and Tragedy of the Commons. Fixes That Fail
refers to attempts to fix problematic behaviour or effects in a system quickly, but while
the fix may be effective in the short-term, it can create side effects that appear as an
insidious counteracting feedback loop. Some examples are introduced in Paper II. The
Tragedy of the Commons is explained in Section 2.2.

Coupled socio-environmental systems, e.g. people and air, are complex systems prone
to unwanted consequences as discussed in Section 2.2. Addressing problems in such
coupled systems in an effective way may require systemic changes. According to Polhill
et al. (2016), such systemic changes involve fundamental changes to the way in which
a system is structured: changes in feedback loops, changes in exogeneous variables
to which the system is sensitive, reorganisation of networks of interaction, or abrupt
changes in some functions or parameters describing the system.

2.2 Urban systems and human behaviour

Urban systems, cities, are inherently complex: they are formed by a variety of con-
stituents that are in dynamic interaction. A change in one part of the urban envi-
ronment – e.g. in infrastructure, regulations, the behaviour of city dwellers, pollutant
emissions, meteorological conditions, the climate – can have non-linear and unintended
consequences affecting another part of the system, as is typical for complex systems
(West, 2017; Wilson, 2014). For a complete picture of the interaction between people
and air in an urban setting, it is necessary to understand the forms in which complexity
appears in the system.

Cities are associated with a large number of people and a high level of anthropogenic
activities that produce air emissions of different pollutants. Some short-lived pollutants
are mostly relevant for local air quality, whereas long-lived greenhouse gases affect the
climate globally by changing the radiative balance and causing global warming with
severe consequences to various ecosystems. The anthropogenic activities contributing
to atmospheric pollution – both local air quality and the accumulation of GHG gases
globally – are related to the combustion of fossil fuels and changes in land use. The
sources of GHG emissions are usually attributed to five sectors, characterised as energy
systems, industry, buildings, transport, and land use (IPCC, 2022). Together, these
sectors cover energy supply and demand, non-energy related process emissions, and
land-based emissions and removals (Lamb et al., 2021).
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Urbanisation (defined as the percentage of population living and residing in urban
areas) has historically developed with a positive correlation to CO2 emissions. However,
research is inconsistent with respect to the details of the correlation: some studies
suggest a non-linear connection, such as an inverted U-shaped relationship between
urbanisation and carbon emissions (e.g. Zhang et al., 2017, determining the turn point
to be around 73.8% urbanisation level, after which the system becomes dense enough
to imply a decrease in emissions), while some analyses indicate that the two are linearly
correlated (Poumanyvong & Kaneko, 2010). As with CO2, urbanisation has historically
had a significant relationship with local air quality and pollution such as particulate
matter (Fowler et al., 2020; Wang et al., 2019). The nature of the relationship, however,
varies among countries with different stages of development. When at the acceleration
stage of urbanisation, the need for manufacturing, energy use and transport increase
rapidly, which may lead to more fossil fuel use and air pollutant emissions (Furtado
et al., 2000). In many developed countries, however, further urbanisation has in fact
been negatively correlated with PM2.5 concentrations. This is likely due to tightened
environmental regulations and improved pollutant abatement technology that have led
to decreasing emissions and pollutant levels.

People as part of an urban system have bounded rationality, which may lead to decisions
that do not further the welfare of the system as a whole (Meadows, 2008). Emissions are
an example of consequences from anthropogenic activity that influences a third party,
even the whole system, in a negative way (Henderson, 1977). When those consequences
are not compensated for by those who benefit from the activity, they are referred
to as externalities. Air pollution resulting from emissions is a negative externality
associated with urban activities such as traffic. Externalities are linked to the Tragedy
of the Commons (Hardin, 1968), which refers to a situation in which individuals with
ungoverned access to a shared resource, such as clean air, make choices to their own
benefit and, in doing so, ultimately deplete the resource – in the case of air, by polluting.
For example, the traffic mode choices of people investigated in Papers I and II may
be called irrational, if their combined effects lead to a situation that is not optimal for
either the individual or the city as a whole. Such a non-optimal situation may include
polluted air detrimental for human health, greenhouse gas emissions affecting global
climate, noise, congestion and extended travel times.

While being a source of emissions, cities have also been identified as a key arena for
implementing actions that lead to achieving different goals related to sustainability,
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including climate change mitigation and the reduction of air pollution (Angheloiu &
Tennant, 2020). Possible solutions involve emission reductions and de-carbonization in
different sectors, which can be achieved with structural changes, technological solutions,
regulations, and behaviour change. Changing the behaviour of people towards choices
that respect optimal atmospheric composition as a shared resource is a difficult task
due to the complexity inherent to social systems. Successful emission reductions are
often associated with a holistic view of the urban setting and the factors governing the
choices of the people, as is discussed in Paper II.

Multiple factors and feedback mechanisms affect human behaviour and choices. Ac-
cording to a classic heuristic formula from social psychology (Equation 1 by Lewin,
1936), human behaviour (B) is a function (f ) of the person (P) and their environment
(E ):

B = f(P,E). (1)

P may include psychological factors such as those elaborated in Paper II (e.g. habits,
perception of options, the way in which convenience/time/money is valued, awareness
of pollution and climate change, subjective norms), while E includes both physical
environmental factors (e.g. infrastructure, weather conditions) and social factors (e.g.
culture, social norms, obligations). Kaaronen and Strelkovskii (2020) have expanded
Lewin’s equation to include five feedback mechanisms, with which it becomes a dynamic
system that may evolve over time. The feedback mechanisms or causal links include:

1. affordances (or psychologically salient opportunities for behaviour, see e.g.
Kaaronen, 2017);

2. personal states (e.g. habits, skills, intentions, and attitudes)

3. learning and habituation (the process of gaining habits, see e.g. Rankin et al.,
2009);

4. cultural niche construction (the construction of non-random biases on behavioral
selection pressures, Odling-Smee et al., 2003) and cumulative cultural evolution;

5. the social network where behaviours, social learning and transmission through
teaching and copying occur.

A systems thinking diagram of the causal links affecting collective sustainable behaviour
is shown in Fig. 3.
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Fig. 3: A diagram illustrating the causal links that affect collective sustainable be-
haviour. Adaptation of Figure 1 from the article by Kaaronen and Strelkovskii (2020).

For reducing urban emissions with behaviour change, changes in either constituents of
P or E, or specific feedback mechanisms around them need to be introduced. Corre-
spondingly, Michie et al. (2011) have approached behaviour change with a behaviour
system comprising capability (an individual’s psychological and physical capacity, such
as knowledge and skills), motivation (habitual processes, analytical decision making,
goals, emotional responses), and opportunity (all the factors that lie outside the indi-
vidual that make the behaviour possible or prompt it). As in the expansion of Lewin’s
equation above, these conditions (capability, motivation, opportunity) interact to gen-
erate behaviour, which feeds back to them, thus forming a system of causal links.
These mechanisms form the theoretical basis for behaviour change and the design of
interventions aiming to induce change in human activities. Rapid transformational
change may be propelled by triggering social tipping processes or sensitive intervention
points, including e.g. socio-technical innovations, social norm change, divestment from
fossil fuels in financial markets and political mobilization, as discussed by Farmer et
al. (2019); Lenton (2020); Otto et al. (2020); Winkelmann et al. (2022).

Banister (2008) highlights the basic principles of measures leading towards sustainable
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mobility: reducing the need to travel, shifts to less polluting transport modes, land-use
policies to reduce distances, and technological innovations to increase efficiency. In
the context of urban mobility, the desired behavioral change resulting in widespread
adoption of low-emission traffic modes may be achieved via two avenues: by making
the sustainable modes more desirable, beneficial, available, and easy, and/or by mak-
ing the use of unsustainable modes more difficult or costly. Incentives and sanctions
– economic, regulative, structural, and persuasive – for the purpose of advancing low-
emission mobility are reviewed in Paper I based on a collected database of existing
evidence regarding the effectiveness of different initiatives. In Paper II, the importance
of placing the focus on individuals and the factors motivating their actions is discussed
based on existing literature in the context of managing urban traffic emissions. The ap-
plicability of a bottom-up perspective for evaluating and modelling potential behaviour
shifts and related emission reductions is highlighted. Paper IV includes a modelling ap-
proach (described in Section 2.7) that applies Equation 1 expanded with the feedback
mechanisms to investigate the cultural evolution of sustainable behaviours.

2.3 Urban boundary layer and air pollution

The lowest layer of the troposphere, the atmospheric boundary layer (ABL), is directly
influenced by interactions with the surface of the Earth and with human activities
(the anthroposphere), with a response time of up to one hour (Stull, 1988). Turbulent
motion is characteristic to the ABL: Turbulence carries the fluxes of momentum, heat
and mass, and thus governs the interactions. Considering air over an urban area, the
flow adjusts to the shapes and forms of the built environment of the city and forms
a so-called urban boundary layer (UBL). Anthropogenic emissions occur mostly in the
UBL, where also other characteristic phenomena such as the urban heat island and
city ventilation take place (Barlow, 2014).

Air quality in a city is an outcome of complex interactions between:

1. human activities associated with (multi-pollutant) emissions

2. the urban landscape including built environment, infrastructure, and vegetation

3. meteorological conditions (including phenomena characteristic to the UBL)

4. pollutant concentrations transported with advection from elsewhere
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5. chemical and dynamic atmospheric processes.

These dynamic interactions lead to ambient pollutant concentrations that are highly
variable both in time and space (e.g. Kumar et al., 2011).

Urban mobility, including traffic, is especially dynamic, and contributes significantly
to the variation in urban air pollution. Mainly due to the burning of fuels, traffic
is a source of multi-pollutant emissions: CO2, particulate matter including ultrafine
particles and delayed particles, nitrogen oxides, VOCs, carbon monoxide (Amato et
al., 2014; European Environment Agency, 2016; Friedrich & Obermeier, 1999; Rönkkö
et al., 2017). The atmospheric lifetimes of those pollutants vary, ranging from minutes
to hours at the surface, and from days to hundreds of years in the free troposphere
(Seinfeld & Pandis, 2016). In the European Union, traffic contributes to about 23% of
the total emissions of CO2, and around 12% of the total primary emissions of particulate
matter (European Environment Agency, 2016).

Traffic emissions mostly occur at the same level where city dwellers inhale outdoor air
(Bigazzi & Figliozzi, 2014; Borrego et al., 2006; European Environment Agency, 2016;
Zhou & Levy, 2008). Exposure to urban air pollution is detrimental for human health
via different mechanisms (Oberdörster et al., 2005). Inhaled particles are associated
with cardiopulmonary diseases and lung cancer (Pope III et al., 2002), cognitive dys-
function (Cipriani et al., 2018) and premature mortality (Burnett et al., 2018; Lelieveld
et al., 2020; Silva et al., 2013). Particulate pollution from cities also has implications to
the climate system: They influence the local and global climate directly by scattering
and absorbing incoming solar radiation, and indirectly by affecting the formation and
properties of clouds (Boucher et al., 2013).

Once emitted into the urban air, the evolution of pollutant concentrations is affected
by various dynamic processes: local dispersion and ventilation (i.e. the exchange of air
with the above-roof air and with adjacent areas, Buccolieri et al., 2010; Kurppa et al.,
2018; Vardoulakis et al., 2003), long-range transport (LRT), wet and dry deposition,
chemical reactions (Seinfeld & Pandis, 2016), aerosol processes condensation and coag-
ulation (Kumar et al., 2011), and gas-to-particle conversion (or new particle formation
NPF, e.g. Amato et al., 2014; Paasonen et al., 2016). A systems thinking illustration
of these processes with respect to atmospheric particle mass concentration is depicted
in Fig. 4. In order to identify changes in urban air pollution attributable to changed
emissions, it is necessary to be able to exclude concentration changes that are caused
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Fig. 4: A diagram illustrating some of the dynamic processes that affect the atmo-
spheric particle mass concentration.

by (seasonally) varying non-linear atmospheric processes and conditions (Thunis et al.,
2021).

2.4 Atmospheric particles

Atmospheric aerosol is defined as solid, liquid or mixed-phase particles suspended in
air. The sizes of atmospheric particles range from a few nanometres to several hundred
micrometers (Seinfeld & Pandis, 2016). Shapes and compositions vary depending on
the origin of the particles and the ambient conditions. In urban air affected by both
anthropogenic and natural emissions, aerosol particles are typically composed of organic
matter, black carbon, sulphate, nitrate, ammonium, chloride and dust (Putaud et al.,
2010; Yang et al., 2011).

Particulate matter in urban environments has different sources. Particles are emitted
as primary emissions from processes involving combustion (e.g. traffic, domestic heat-
ing, biomass burning) and from mechanical abrasion of road surface, brakes and tyres
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(Amato et al., 2014; Paasonen et al., 2016; Rönkkö et al., 2017). Particles can also be
formed by gas-to-particle conversion (nucleation), the precursors of which are linked
to anthropogenic emissions and natural origin (Seinfeld & Pandis, 2016; Zhang et al.,
2012). In addition to local anthropogenic sources, natural sources and long-range ad-
vection contribute to the total particle concentration in a city (e.g., Chen et al., 2014;
Kukkonen et al., 2008; Perrone et al., 2013; Querol et al., 2004). As an average from
multiple cities, 25% of particulate pollution is from traffic, 15% from industrial activ-
ities, 20% from domestic fuel burning, 22% from unspecified sources of human origin,
and 18% from natural sources (Karagulian et al., 2015). These contributions, however,
vary substantially between different cities. In general, road traffic as a multi-pollutant
emission source is a major contributor to urban aerosol, and the contribution is not
limited to primary particle emissions (Amato et al., 2014; Olin et al., 2020; Rönkkö et
al., 2017). The different physical and chemical processes affecting atmospheric aerosol
particles are introduced in Section 2.5.2.

A population of aerosol particles can be described by different measures. Most com-
monly used are total number concentration, size-specific number concentrations (also
referred to as particle size distribution, PSD), total surface area, volume or mass.
Mass concentration of particles is typically denoted as PM1, PM2.5 or PM10, with
the subscript indicating the upper limit of considered aerodynamic diameters of par-
ticles in micrometers. PM2.5 is often referred to as fine particles, and PM10 as coarse
particles. Ultrafine particles (UFP) are particles with an aerodynamic diameter of
100 nm or less. UFP typically dominate the atmospheric particle number concentra-
tion (Hofman et al., 2016). Mass and volume concentrations can be approximated from
the size-specific number concentrations assuming spherical particles with a density of
1000 kg/m3. The lung deposition and resulting physical effects of particles for human
health have been shown to depend on the size, number concentration and surface area
of particles (Alföldy et al., 2009). Ultrafine particles can penetrate deep into the respi-
ratory system, and with a large surface area to mass ratio they carry large amounts of
adsorbed materials per unit mass, which make them especially toxic to human health
(Schraufnagel, 2020). Lung deposited surface area (LDSA) is one relevant metric for
the negative health effects of particles (Oberdörster et al., 2005). It can be calculated
considering deposition to different parts of the respiratory system. In Paper IV, the
number concentrations of particles are converted into LDSA considering alveolar depo-
sition with the ICRP Human Respiratory Tract Model (ICRP, 1994). PM2.5, however,
remains as the most commonly measured, researched and regulated particle metric.

33



2.5 Atmospheric processes

Various atmospheric processes contribute to the evolution of urban air pollution. Se-
lected processes are considered in Papers III and IV with different computational ap-
proaches, when analysing and simulating changes in the concentrations of atmospheric
particles and other pollutants.

2.5.1 Dispersion

The dispersion of air pollution affects local air quality by redistributing and trans-
porting away locally emitted pollutants and by carrying pollution produced elsewhere
to the local air. The dispersion of particles within the ABL is governed by meteoro-
logical conditions that interact with the urban landscape (Stull, 1988). Atmospheric
dispersion may be mathematically approached with the general equation for atmo-
spheric diffusion (2) of concentration C̄, in time t and space (x, y, z ), in the absence
of chemical reactions:
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where ū, v̄ and w̄ denote time averaged wind components in horizontal and vertical
directions, and K denotes the eddy diffusion coefficient (Seinfeld & Pandis, 2016). The
vertical eddy diffusion coefficient Kzz is based on Monin–Obukhov similarity theory
and is thus a function of Obukhov length L indicating atmospheric stability. Air
pollutants are transported by air flow: by the mean wind in the horizontal direction
and by turbulence in both the horizontal and the vertical direction (Nosek et al., 2016;
Stull, 1988) controlled by atmospheric stability (Li et al., 2016). Because the flow
characteristics in heavily constructed urban areas are complex, the dispersion of air
pollutants in UBL is not simple to capture by modelling (e.g. Tominaga & Stathopoulos,
2016).

In Paper III, the main factors contributing to pollutant dispersion according to Equa-
tion 2 are taken into account as variables. Furthermore, interpreting the results and
the plausibility of data clustering as explained in Section 2.6.1 leans on understanding
the key elements of pollutant dispersion.
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2.5.2 Aerosol processes

Different physical and chemical processes affect the PSD and the concentration of
atmospheric aerosol particles.

Wet and dry deposition

The lifetime of particles in the atmosphere is affected by removal processes wet de-
position and dry deposition. Wet deposition removes particles from the air by precipi-
tation or in-cloud processes, while dry deposition means the direct uptake of particles
to terrestrial surfaces (Seinfeld & Pandis, 2016). In Paper III, wet deposition is consid-
ered by including precipitation in the analysis of variables contributing to the observed
variation in ambient PM2.5.

Condensation and evaporation

Aerosol particles can grow in size due to the condensation of ambient vapours, organic
vapours and sulfuric acid, defined by their saturation vapour pressure and gas-phase
concentration. According to Jacobson (2002), the change in concentration Cc,i for
compound c in particle size bin i is defined as

dCc,i,t+∆t

dt
= kc,i,t

(
Cc,t − S ′

c,i,tCc,s,i,t

)
, (3)

where kc,i,t is the condensation rate of compound c, Cc,t is the gas phase concentration
of compound c at time t, S ′

c,i,t is the equilibrium saturation ratio of the condensing
gas, and Cc,s,i,t is the saturation vapour concentration for a pure compound c over flat
surface. S ′

c,i,t depends on the size and composition of particles. Integrating Equation 3
yields the change of concentration in the particle phase due to condensation. The final
particle concentration in N particle bins is constrained by the mass balance equation:

Cc,tot = Cc,t,gas +
N∑
i=1

Cc,i,t = Cc,t+∆t,gas +
N∑
i=1

Cc,i,t+∆t. (4)

An opposite process of condensation is evaporation, which means the transition from
liquid particle phase to vapour. The atmospheric conditions determine which process
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dominates. Condensation increases mass in the particle phase, whereas evaporation
decreases it.

Coagulation

Coagulation, the process of particles in random motion colliding and agglomerating,
preserves particulate mass, but reshapes the PSD, as particles from smaller sizes be-
come part of larger particles. Coagulation is a rapid sink for small particles. Numer-
ically, such Brownian coagulation is based on the discrete coagulation equation that
includes particle concentrations C in size bins a and b, and coagulation coefficients Ka,b

between particles from those size bins (Seinfeld & Pandis, 2016):

dCb(t)

dt
=

1

2

b−1∑
a=1

Ka,b−aCaCb−a − Cb

∞∑
a=1

Kb,aCa, b ≥ 2. (5)

The coagulation coefficient is a function of particle diameters, the diffusivities of parti-
cles, and a correction factor involving the mean free path of aerosol, Cunningham slip
correction factor, and coagulation efficiency factor. Three size domains (free molecular
regime, transition regime and continuum regime) are considered regarding the coagu-
lation coefficient for particles smaller than, close to or well beyond the mean free path
of air (approximately 70 nm), respectively.

New particle formation

Atmospheric new particle formation (NPF) means the process of stable clusters form-
ing from molecules in a system of n compounds. After a molecular cluster has been
formed, it can grow to larger sizes and become part of the atmospheric particle popula-
tion starting from particles with diameters of 1–3 nm. According to current knowledge,
NPF takes place in the atmosphere around the world (Nieminen et al., 2018), whereas
the growth of the formed nanoparticles requires more specific atmospheric conditions
(Kulmala et al., 2014). In general, the process of particle formation and growth is driven
by photochemistry and the oxidation of precursor gases by reactive species, which leads
to the formation of secondary aerosol (SA). Volatile compounds that have been emit-
ted into the atmosphere from biogenic and anthropogenic sources are oxidized and
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produce semi-volatile and non-volatile products. With other gas-phase species, these
products can then form clusters with diameters of 1–2 nm, after which the clusters can
grow to larger sizes (Kulmala et al., 2013; Zhang et al., 2012). Key constituents of SA
include sulfates (formed from SO2 oxidation), nitrates (formed from NO2 oxidation),
and secondary organic aerosol (SOA, formed from VOC oxidation).

Mathematically, the formation and stability of clusters are approached by calculat-
ing collision coefficients using the kinetic gas theory, and evaporation coefficients by
assuming a detailed balance of mass fluxes, and applying the appropriate Gibbs free
energy of cluster formation. With these, a birth-death equation for clusters is formed
and solved as a system of coupled ordinary differential equations.

Chemistry relevant for the precursors of particle formation

The formation of SA results from complex atmospheric processes described above, and
involves gaseous precursors such as NOx, SO2, NH3, H2SO4, and VOCs. The presence
of precursors is dependent on meteorological conditions and emissions, both biogenic
and anthropogenic. Anthropogenic emissions have been identified as important for SA
formation in urban areas (Kulmala et al., 2021; Volkamer et al., 2006). When an-
thropogenic emissions decrease, it can have implications to NPF and SA via different
mechanisms: by directly affecting the concentrations of precursors, and by affecting the
oxidative capacity (the concentrations of O3 and OH) which controls the oxidation of
precursors. Atmospheric chemical reactions are thus essential links between emissions
and SA (Kroll et al., 2020). For example, measurements from Helsinki by Praplan et
al. (2017) indicate that the OH reactivity is mostly driven by local traffic emissions
and has a diurnal pattern similar to that of vehicle counts on weekdays.

The dependence of oxidants on the concentrations of NOx and VOCs is nonlinear.
For example, in polluted cities with relatively high NOx concentrations, chemistry can
be desrcibed as "NOx saturated", which means that any additional NOx serves as
a sink for OH, which slows down the VOC oxidation and suppresses O3 production.
Correspondingly, reduced levels of NOx imply higher oxidant levels. These processes
and their link to SA is illustrated in Fig. 5.

37



Fig. 5: Overview of the processes linking emissions and the formation of secondary
particles in the atmosphere. The figure is based on the illustration by Kroll et al.
(2020).
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Modelling the aerosol processes

In Paper IV, selected aerosol processes – condensation, coagulation and the forma-
tion of new partices – are modelled with the Atmospherically Relevant Chemistry and
Aerosol box model (ARCA box), which is a combination of existing models MALTE-
box (Xavier et al., 2019), ADCHAM (Roldin et al., 2014) and ADiC (Pichelstorfer &
Hofmann, 2015) packaged by Clusius et al. (2022). The box model is 0-dimensional,
and it uses a PSD representation where particles are divided into bins associated with
a particle diameter range. It is assumed in the model that all particles in a bin have
the same chemical composition, and all particles in the system are spherical with the
same bulk density.

The ARCA box applies the Kinetic PreProcessor (Damian et al., 2002) to solve the
time evolution of gaseous chemical compounds. The chemical reactions involving sev-
eral organic compounds are from an online collection The Master Chemical Mechanism,
MCM v.3.3.1 (Jenkin et al., 1997; Saunders et al., 2003). For condensation, a simplified
presentation of changes in the saturation vapour pressure due to droplet surface curva-
ture (the Kelvin effect) and due to a mixture of compounds is applied. The photolysis
rate of photochemically active species is calculated using the actinic flux derived from
measured short wave radiation data. The formation of new particles via gas-to-particle
conversion is simulated with an explicit method Atmospheric Cluster Dynamics Code
(ACDC, McGrath et al., 2012; Olenius et al., 2013) and with a parametrization by
Roldin et al. (2019). The ACDC simulates the formation of stable clusters for two-
component systems of sulfuric acid and ammonia, and sulfuric acid and dimethylamine,
while the parametrization is used for modelling clustering that involves sulfuric acid
and organic compounds.

As input, the ARCA box uses comprehensive meteorological data, measured concentra-
tions of various compounds (such as SO2, NO, NO2, CO and VOCs), and a measured
PSD.

2.6 Artificial Intelligence

The ability to learn is a central feature in both human systems (Section 2.2) and Arti-
ficial Intelligence (AI). The computational processes that underlie learning in human
brains and machines are studied and mimicked in the field of AI (Langley, 1996). Key
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properties defining AI algorithms include autonomy (the ability to perform tasks with-
out constant human interference) and adaptivity (the ability to improve performance
by learning from experience).

2.6.1 Machine learning

A learning machine is a system that reliably improves its performance with respect to
a certain task after getting experience. Most machine learning (ML) algorithms are
based on the concept of creating a model while learning the patterns of some sample
data (training data), in order to be able to make predictions.

Considering the analysis of atmospheric measurements and air pollution, ML has been
identified to hold significant potential for multivariate data exploration, for revealing
new information about known phenomena, for bringing efficiency to the analysis and for
generating hypotheses (Kolehmainen, 2004; Suleiman et al., 2019; Zhang et al., 2018).
Some examples of specific studies utilizing ML methods for air pollution analyses (air
quality classifications, analyses of episodic events of high pollutant concentrations,
analyses of factors contributing to observed concentrations) were listed in Chapter 1.1.
Further examples dealing specifically with atmospheric particle concentrations include
the use of neural networks for estimating particle number concentrations (Fung et al.,
2022) and particle mass (Karimian et al., 2019; Shahriar et al., 2020; Suleiman et al.,
2019) based on input predictors, the use of ML based classification for predicting NPF
events (Zaidan et al., 2018), and the use of regression trees to produce estimates of
ground-level PM2.5 concentrations based on land-use variables and meteorological data
(Hu et al., 2017).

Self-Organizing Map

Machine learning in the form of competitive learning and unsupervised clustering is
applied in Paper III. Self-Organizing Map (SOM) is a network of neurons that learn
the properties of multidimensional input data by unsupervised competition (Koho-
nen, 1982, 1995). SOM can be regarded as a dimensionality reduction technique: the
neurons self-organize to project multidimensional data on a two-dimensional display.
Reducing the dimensionality of the data enables the identification of clusters using
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multiple variables, as is necessary when investigating changes in air pollutant concen-
trations that vary due to multiple processes described in Sections 2.4 and 2.5.

Dimensionality reduction with a SOM is based on weight vectors that indicate positions
of neuron nodes with respect to the input data. The data forms an input space so
that vectors that are similar with respect to different variables, or features, are closer
to each other. Training the SOM is an adaptive process, during which a lattice of
neurons gradually adapts to the shape of the input space. Different neurons specialize
to represent different input types. This is enforced by a competition between neurons.

x=[x1,x2,...,xn] denotes the input data consisting of n observations of m-dimensional
vectors (measurement data comprising m features), and Wi=[wi1,wi2,...,wim] denotes
the m-dimensional weight vector of node i. Each input vector is compared to the weight
vectors of the nodes by calculating the Euclidean distance between them. The node i∗

that is the closest, most similar with the input, has a weight vector with the smallest
Euclidean distance di∗ to the input according to:

di∗(t) = argmin
i

{
∥xt −Wi(t)∥2

}
. (6)

The node with the minimized distance to the input is the winning one called the Best
Matching Unit (BMU). After the BMU is found, the weight vectors of neurons in its
neighbourhood get updated according to

Wi(t+ 1) = Wi(t) + α(t)hi∗i(t)[x(t)−Wi(t)], (7)

where α is learning-rate (0 < α(t) < 1) decreasing monotonically over time, and hi∗i

denotes the neighbourhood kernel function, which is a decreasing function of time and
of the distance of neurons from the winning neuron. The BMU and its neighboring
neurons thus adapt to better represent the input.

The SOM is first trained with a training data set. Once the competitive learning
process is complete, the output is a 2-dimensional display that reveals k clusters in the
multidimensional input space. The process is illustrated schematically in Fig. 6.

A trained SOM is used for predicting the BMUs for new data based on the features
that were selected for training. As the SOM process has clustered the multidimensional
input data based on similarity with respect to various variables, it is expected that the
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Fig. 6: A schematic illustration of the Self-Organizing Map (extracted from Paper
III).
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prediction represents a compatible benchmark for the new observations. In Paper III,
a SOM implementation somoclu by Wittek et al. (2017) is applied. The algorithm was
trained with historical meteorological data and background pollutant concentrations,
after which it was used for predicting a cluster for new data representing conditions with
changed emissions. A change analysis could then be conducted by comparing pollutant
concentrations measured during the analysed period with concentrations corresponding
to the SOM prediction.

Method evaluation: error and agreement

Like all ML methods, SOM is dependent on sufficient and high-quality measurement
data, on which the algorithm training is based. Even with a large amount of data,
however, a SOM does not guarantee the generation of distinct and meaningful clusters.
The lack of relevant data as well as having extraneous or irrelevant data in the analysis
may lead to such groupings that do not provide any significant information. When
applied to atmospheric data, it is important to consider the physical, chemical and
meteorological plausibility of the data clustering produced by a SOM. Selecting a suit-
able set of data to be included in the SOM thus involves determining which factors are
important predictors for the variable or phenomenon that is being investigated. This
can be done e.g. by applying a feature importance analysis, as was done in Paper III
considering atmospheric PM2.5 concentrations. Another issue that may be encountered
with a SOM is that the obtained groupings may overlap, which means that the clus-
ters displayed in the map are not unique. If the final grouping was known, the SOM
could be initialized with such weight vectors that lead to the desired clustering. This
is often neither possible nor meaningful, as the goal of unsupervised clustering is to
provide interesting and possibly new insights to multivariate data. For this reason, it is
sensible to approach the weaknesses of SOM by an iterative evaluation with a varying
model configuration (the number of neurons, the clustering parameters, the selection of
input variables) and using different statistical metrics that reveal the goodness of the
clustering and model performance in comparison to some other approach. Calculating
different metrics of error and agreement enables finding the most suitable configuration
for the machine learning algorithm and evaluating the reliability of the results.

In Paper III, a silhouette analysis (Rousseeuw, 1987) is applied for validating the
clustering outcome of the SOM. Silhouette Score s for neuron i is calculated as:
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s(i) =
b(i)− a(i)

max{a(i), b(i)}
, (8)

where a(i) is the mean of distances from node i to other nodes within the same cluster,
and b(i) is the mean of distances of node i to the nodes that belong to the nearest
cluster. The Silhouette Score for each cluster is then calculated as the mean of s(i) in
that cluster. The metric ranges from -1 to 1: Positive s refers to high cohesion within
clusters and high separation between clusters, i.e. strong clustering.

For evaluating the performance of the algorithm with respect to prediction accuracy,
a metric describing the agreement between observations and their predicted clusters is
calculated. The refined Index of Agreement (d r, according to Willmott et al., 2012)
is expressed as

dr =


1−

∑n
j=1|P̄j−Oj|

2
∑n

j=1|Oj−Ō| , when∑n
j=1

∣∣P̄j −Oj

∣∣ ≤ 2
∑n

j=1

∣∣Oj − Ō
∣∣

2
∑n

j=1|Oj−Ō|∑n
j=1|Pj−Oj | − 1, when∑n
j=1

∣∣P̄j −Oj

∣∣ > 2
∑n

j=1

∣∣Oj − Ō
∣∣ ,

(9)

where P̄ is the mean value of a feature in the predicted cluster, Oj is a new observation
of the corresponding feature and Ō is the average of new observations. The index dr

varies between −1 and 1, with positive values indicating compatibility between the
prediction and observations.

For a dimensionless metric indicating prediction error, the root-mean-square relative
error (RMSRE) is calculated. In RMSRE, each of the n observations is compared to
the cluster predicted for it according to:

RMSRE =

√√√√ 1

n

n∑
j=1

(
P̄j−Oj

Ō

)2

. (10)

Applied as in Paper III, the RMSRE indicates deviation between the new data being
analysed and its benchmark (the predicted cluster or comparison period).

44



2.7 Agent-based modelling

Agent-based complex systems are dynamic networks of interacting agents (Grimm et
al., 2005; Macal & North, 2010). Agent-based modelling (ABM) offers a way to simulate
the dynamics of complex systems. As presented in Section 2.1, complex systems include
non-linear interactions that produce emergent behaviours and self-organization. These
emergent behaviours can be captured with ABM, which can thus be used to observe
the collective effects of choices and interactions occurring in the system. ABM is
a bottom-up approach to simulating a system: Emerging patterns, structures and
collective behaviours are not explicitly programmed into the model, but they arise from
the modelled interactions that take place between agents and their environment. ABM
serves the purpose of linking micro-scale behaviours of agents to macro-scale behaviours
of the system. Agent-based models have been applied widely across disciplines, but
their main roots are in modelling social systems, human behaviour and individual
decision-making (Bonabeau, 2002).

A typical agent-based model consists of the following elements:

1. Agents: Agents are autonomous & active (able to make decisions and act upon
them) and adaptive (able to learn from their environment and change their be-
haviours in response). They have a state that varies over time, and they interact
with other agents.

2. Relationships and methods of interaction: The network formed by agents
and links between them defines who transfers information to whom, who affects
whom. For each agent, this interaction structure determines a subset of agents
termed as neighbourhood, with which the agent interacts.

3. Environment: The agents move in a landscape that provides information on the
location of each agent relative to other agents. The environment may constrain
agent actions.

Finding an optimal level of resolution and model complexity is important for ABM.
According to Grimm et al. (2005), a too simple model will neglect some essential
mechanisms of the real system, which limits the potential of the model to provide
understanding about the considered issue. Correspondingly, a too complex model will
become cumbersome and tangled with details. An optimal level of model complexity
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can be achieved by designing the model to include various interactions – also such
without direct connection to the problem that the model was designed to investigate –,
while restraining oneself from using all possible data that is available. The optimal level
of complexity is referred to as Medawar zone by Grimm et al. (2005). For example,
the model applied in Paper IV includes many interconnected processes and a moderate
level of complexity, but leaves out e.g. most of the diversity that exists among the
attributes of agents in real life.

The agent-based model applied in Paper IV is based on the expansion of Equation
1 by Kaaronen and Strelkovskii (2020). The model includes the three elements from
the list above: agents (people, human individuals), methods of interaction (a social
network connected by links) and environment (a landscape of opportunities for ac-
tion, affordances). The collective behaviour of agents is an emergent function of the
five mechanisms from the list in Section 2.2: affordances, personal states, individual
learning and habituation, niche construction, and social learning.

In the ABM application of Paper IV, a pre-determined number of agents move in a
landscape of affordances, where they encounter opportunities for either sustainable or
unsustainable behaviour and act upon them by behaving in an environmentally friendly
or harmful way. The agents have two personal states that define the probability of en-
gaging with a specific affordance: pro-env, the probability of an individual to engage
with opportunities for sustainable behaviour, and non-env, the probability of an indi-
vidual to engage with opportunities for unsustainable behaviour. Through interactions
(the feedback mechanisms 3 and 4 in the numbered list of Section 2.2), the behaviour of
each agent modifies the personal state of themselves and the personal states of agents in
their neighbourhood. Thus, through the process of individual learning, social learning
and niche construction, any behaviour at time t has an effect on the behaviour of the
agent and other agents in the neighbourhood at time t + 1. The collective behavioral
patterns emerge from agent behaviours that evolve as a result of the different causal
links. The model has been implemented using NetLogo language, environment version
6.2.0 (Wilensky & Rand, 2015).

In Paper IV, the modelled landscape of affordances is considered to represent people’s
opportunities to select sustainable modes for mobility, i.e. public transport or active
mobility, cycling or walking. Affordances are defined very holistically. In the case study
of sustainable mobility, affordances are interpreted to include physical infrastructure
such as public transport and maintained cycling routes, accessibility (such as the range
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and density of bus routes in relation to people’s mobility needs), cost, satisfaction
(people’s perceived ease and convenience to select and use the sustainable modes), and
availability of information regarding possibilities and their consequences. The initial
proportion of pro-environmental affordances in the system is derived based on real-life
data. For the case of Helsinki, the level of affordances for sustainable mobility is deter-
mined as a product of 1) the proportion of inhabitants in Helsinki living and moving
in the zone defined to have "good accessibility to sustainable mobility" (60%) and 2)
stated satisfaction to service (76%). The initial level of "pro-environmental personal
states" is defined as the probability to interact with pro-environmental affordances
when encountered, and the level (0.65) represents the baseline proportion of trips with
sustainable modes of mobility in Helsinki in 2018. The total setup for model parameters
was validated by ensuring that the model captures the observed development in the
use of sustainable traffic modes (from 0.61 to 0.65 in the course of six years 2012-2018)
in Helsinki correctly.

The model was originally developed to study the cultural evolution of sustainable
behaviours that emerge as a product of personal, environmental and social factors and
interactions. As emphasized by e.g. Wilensky and Rand (2015) and Meadows (2008),
it is important to ensure that a model applied to investigate any phenomenon generates
such outputs that can be demonstrated to correspond to patterns occurring in real life.
Considering the model for the evolution of behaviours applied in Paper IV, Kaaronen
and Strelkovskii (2020) have conducted an empirical validation study of it with data
regarding the proportions of cycling and driving in Copenhagen. They demonstrated
that the model is able to simulate a realistic evolution of behaviours. Furthermore,
the emergent behaviour patterns simulated with the model have a tendency to form
an S-shaped curve, which has been identified to be typical for cultural evolution and
the diffusion of behaviours in various contexts (Mesoudi, 2011; Rogers, 2003).
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3 Overview of results

3.1 Observed atmospheric impacts of shifts in human be-
haviour achieved with incentives and sanctions

A scoping review was conducted to scrutinize the atmospheric impacts (changes in
emissions and in the resulting local air composition, or air quality) of initiatives poten-
tially advancing a shift to low-emission mobility in an urban environment (Paper I).
The framing guided the review to examine different measures that may lead to a shift
away from conventionally fueled private vehicles and towards increased use of public
transport, ridesharing, active mobility (cycling and walking) and vehicles without car-
bon emissions, such as those fueled by renewable electricity or hydrogen. The targets,
types, scales, and techniques of initiatives were identified. The study included a to-
tal of 108 examples of economic, regulative, structural and persuasive measures from
around the world. The focus was on the quantitative evaluations of the achieved re-
ductions in CO2 emissions, PM emissions and the level of ambient PM concentrations.
Possible methods for analysing the changes in emissions and concentrations included
measurements, numerical evaluations and simulations.

A total of 83 initiatives were identified as incentives, 16 as sanctions or restrictions,
and 9 included actions from both categories. All continents and spatial scales from
micro-level and local measures to multi-national scale were represented. City scale was
the most common (N = 46, 42.7%), and included the largest variety of incentive and
sanction subcategories. Promotion of active mobility was an initiative type spanning
over all continents. Sanctions associated with the target ’Air Quality’ were observed
to be relatively prominent in the data from Asia, whereas persuasive incentives were
more prevalent in Europe and North America.

Absolute or relative changes in emissions and/or concentrations had been evaluated for
31.5% (N = 34) of the reviewed initiatives, with substantial heterogeneity in quality.
Percentage change had more likely been derived with scientific methods, while absolute
change had, in general, been evaluated with low methodological quality. Sanctions, such
as restrictions and fees, and their impacts had been more likely to gain scientific interest
than incentives. Scientific evaluations of impacts on ambient PM concentrations were
especially scarce (N = 4), although air quality had been identified as a common target
of the measures (25% of the reviewed initiatives were deduced to be motivated by it).
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Based on the results, the majority of reported CO2 equivalent (CO2eq) and PM emis-
sion reductions per year achieved by implementing different types of initiatives were,
at most, −20% compared to levels prior to initiative implementation (Fig. 7). Similar
reductions had been achieved with both incentives and sanctions. Economic measures
stood out as a category with high quality impact evaluations. For example, the scien-
tifically evaluated cases regarding congestion charge (in London, Milan and Stockholm)
exhibited very coherent reductions in CO2eq and PM emissions: all within 14−16% and
10−18%, respectively, corresponding to traffic reductions of 20−30% in the controlled
area. In the short term, a persuasive campaign such as a competition or reward scheme
can produce a significant behaviour change and emission reductions (the database in-
cluded an example of a competition for increasing active mobility, which produced
a 49% decrease in the CO2 emissions of participants within 2 weeks). However, the
uncertainty related to the longevity of an incentivised shift in traffic mode choices is
a common issue that affects both the actual atmospheric impacts and the ability to
predict possible emission reductions. Some initiatives categorised as restrictions moti-
vated by air quality, such us Hoy No Circula in Mexico and the odd/even scheme in
Delhi, India, had been reported with high methodological quality to not have had any
significant impact on ambient PM concentrations.

None of the reviewed impact evaluations had used a dispersion model or other meth-
ods for capturing meteorological and chemical processes that strongly affect the at-
mospheric outcomes of emission changes. The comprehensive effects that a behaviour
change associated with multi-pollutant emissions have on air quality require sophisti-
cated analysis methods. A dispersion model alone would help to apportion the contri-
bution of traffic in the measured concentrations, and to reveal changes in the spatial
distribution of dispersed traffic-originated concentrations. The scarcity of methodolog-
ically strong evaluations of changes in ambient PM due to urban mobility incentives
and sanctions is an identified shortcoming in the field of air pollution control. In gen-
eral, the collected database of initiatives portrayed wide variation with respect to the
quantities that had been reported. Some evaluations had focused on emissions from all
road traffic, some looked at personal vehicles only, some at participating individuals
before and after initiative deployment, and some at measurement data without control-
ling for any other factors that could have influenced the measured values (e.g. seasonal
variations, fuel prices variations, other changes in traffic management policies). A
frequently appearing metric was vehicle kilometres travelled, but it was underutilized
for the purpose of converting the information into emissions and further into concen-
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Fig. 7: Relative reductions in the emissions of CO2 or particulate matter based on
reviewed impact evaluations of incentives and sanctions for sustainable mobility. Item
labels correspond to the ID of each initiative with reference to Paper I, Table 3. Marker
sizes (3 levels) indicate the quality of evaluation methods: the largest refers to high
quality, middle-sized to medium quality and the smallest to low quality. Figure ex-
tracted from Paper I.
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trations. The overall non-uniformity undermined the possibility to conduct a proper
meta-analysis of emission reductions. The results, however, suggest that the outcomes
of some type of initiatives are more predictable than others based on their existing evi-
dence. Strong evidence from sanction type economic measures (congestion charge) and
persuasive measures associated with data collection enable predicting the outcomes of
similar initiatives in the future, whereas the effectiveness of structural measures such
as different amendments for active mobility is more difficult to foresee in the absence of
strong longitudinal studies linking the deployed improvements with changed behaviour.

3.2 The ability to evaluate and predict reductions in atmo-
spheric emissions

Different factors affecting the ability to evaluate and to predict the outcomes of mea-
sures targeting the behaviour of individuals were identified (Paper II). Initiatives re-
lated to urban mobility and traffic emissions were used as a frame, but the resulting
conclusions are applicable to other sectors as well. Deficiencies in existing atmospheric
impact evaluations were observed, and recommendations for holistic approaches were
given.

The overall effectiveness of a measure deployed to produce emission reductions depends
on both its direct and indirect impacts. Too broad assumptions and the absence of
relevant data may lead to misleading estimates for achievable emission reductions.
Based on an extensive review, a reliable evaluation of the impacts and overall emission
reductions of different types of initiatives should cover the following key points:

1. Direction and rate of the shift: e.g., from which traffic mode(s) to which,
with corresponding emission factors;

2. The scale and permanence of the shift: how many people change behaviour
and for how long;

3. Possible indirect impacts: e.g., a displacement of emissions spatially or to
another sector;

4. Exclusion of other factors that possibly have contributed to the shift
and/or to the emission reduction: was the change in behaviour or reduction
in emissions attributable to the deployed action.
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Some reviewed example cases highlighted the necessity to address this list of key points.
The examples demonstrated how the indirect effects may affect the overall emission
reductions in either a positive or negative direction. Negative indirect impacts are
related to increasing emissions. For example, the emissions that have been reduced
by an actively used bike sharing system may be compensated by emissions from the
required vehicle support to maintain the system (Winslow & Mont, 2019). Another
example is related to the electrification of traffic, the emission reductions from which
are highly dependent on the forms of energy production used during the full life cycle
(Wu et al., 2012).

The perceived difficulty to evaluate different measures targeting human behaviour arises
from the multitude of factors that affect the choice-making process of individuals.
Initiatives and interventions are likely to address deficits in one or more of the following
conditions: capability, opportunity and motivation (Michie et al., 2011). These, in
turn, are linked to various factors that may be categorised as environmental (e.g.
ambient conditions, infrastructure, safety), social (culture social norms, constraints,
role models, obligations) and psychological (values, subjective norms, awareness of
climate change, perception of options, sense of autonomy, habits) as was done in Paper
II. Some successful initiatives analysed as part of the review in Paper I have been
able to take into account these factors governing the choices of individuals. From
the perspective of impact evaluations, attributing changes in citizen behaviour to the
evaluated measure is evidently challenging.

Reliably quantified evidence of emission reductions is relevant for the identification and
diffusion of effective measures. However, action-specific evidence with realistic evalu-
ations are currently not often available (Paper I). In the absence of evidence, tested
and validated simulations that capture the collective response to initiatives can be
advantageous. Based on existing work, different types of possible bottom-up models
for simulating traffic mode choices were identified (Paper II). A nested or mixed logit
model (Li & Kamargianni, 2018) is built upon specifications about possible choices and
information about how people value different attributes relative to each other. These
models quantify the probability with which an individual makes a certain choice, and
how sensitive the individual is to trade-offs. Multivariate regression (e.g. Hackl et
al., 2019), decision trees and game theory (Mei et al., 2017), and Artificial Neural
Networks (Hensher & Ton, 2000) are computational methods that can be used to in-
vestigate choices and their variation. An agent-based model can be used for scenario
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work with different perspectives, for example, by simulating travel demand and traffic
flow by starting with activities at the level of individual people (Hatzopoulou et al.,
2011), or, by modelling the evolution of collective behaviours emerging from interac-
tions within the system (Kaaronen & Strelkovskii, 2020). All these simulations require
data concerning people, for example their revealed behaviour and stated preferences.

Based on the results of Paper II, it was concluded that a functional approach to test
and evaluate behaviour change initiatives is multidisciplinary, with ways to quantify
the behaviour and preferences of people, collective behaviours emerging from them, and
the resulting atmospheric emissions with attention to possible displacement or other
indirect impacts.

3.3 Machine learning to leverage the analysis of change in ur-
ban air pollution

The application of ML methods to leverage the ability to identify changes in urban
air pollution attributable to shifted human behaviour was investigated in Paper III. A
Random Forest (RF by Breiman, 2001) and a Self-Organizing Map (SOM by Kohonen,
1982, 1995) were constructed and trained with multidimensional data covering various
meteorological variables, measurement data of particulate and gaseous pollutant con-
centrations, and indicators of anthropogenic activity from Helsinki, Finland. The RF
was used for determining the importance of different variables to the locally measured
PM2.5 concentrations. The SOM analysis was conducted for reducing the dimensional-
ity of the data, which enabled performing a multivariable cluster analysis. The trained
SOM was then used to predict a benchmark with maximized similarity for a new set
of data collected during a period with shifted anthropogenic activity, which enabled
distinguishing changes in PM2.5, NO2 and O3 concentrations.

As a case study of shifted behaviours, data from the beginning of COVID-19 pandemic
in March 2020 was analysed with the trained ML algorithms. First, relevant variables
were selected based on the analysis of feature importance, covering eight years of data.
Then, the SOM was trained with the selected variables, and the clustered SOM output
was used for determining a benchmark for data from March 2020. The analysis yielded
a statistically significant change in PM2.5 (−0.7%), NO2 (−33%) and O3 (+17%) when
comparing data from March 2020 with the SOM prediction. These changes analysed
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with SOM differ from the results of the conventional approach, where data from a cer-
tain month is compared to the same month historically. Compared to the conventional
trend analysis, the SOM analysis produced a smaller reduction in PM2.5 (−0.7% in-
stead of −1.7%) and in NO2 (−33% instead of −37%), and an increase (+17%) instead
of decrease (−0.7%) in O3.

An important result of Paper III was the demonstration of applicability by showing
that the SOM analysis can yield a more compatible benchmark (gauged by statistical
indicators of error and agreement) than the conventional method of comparing periods
selected based on the calendar. The case study in Paper III demonstrated that the
benchmark found for March 2020 with the SOM analysis was associated with 41%
higher Willmott’s refined Index of Agreement values, on average, and 19 percentage
points lower average RMSRE than a comparison analysis using March 2017-2019 as a
benchmark.

The multivariate analysis with SOM retains connection to various meteorological and
other variables, which is shown in Fig. 8 by demonstrating how these different variables
are arranged on a plane after self-organization. This makes the SOM suitable for
addressing the issue that was identified in Papers I and II, namely the challenge of
differentiating a certain change from changes in other contributing factors in the context
of air pollution analysis.

Based on the analysis of feature importance implemented with the RF, wind direction
was identified as the dominant feature for the variation in both urban and background
PM2.5 concentrations. The second most important feature was seasonally varying am-
bient air temperature. The difference between urban and background PM2.5 levels
(which can be used as a measure of the anthropogenic contribution to the urban con-
centration) was predominantly controlled by atmospheric stability, which is explained
by vertical mixing being an important feature controlling the dilution of locally emitted
particles. The highest PM2.5 concentrations are expected to occur in situations with
very stable conditions and suppressed mixing, whereas efficient mixing during unstable
conditions dilutes the concentrations even in situations with higher emissions.

With competitive learning and unsupervised clustering it is possible to capture the
variation in advection and non-linear atmospheric chemistry, which affect the con-
centrations of different pollutants. For example, decreasing local NO2 may imply a
decreased sink and thus higher concentrations of O3, more oxidizing capacity and pos-
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Fig. 8: Component planes a-l show the arrangement of data across the SOM output for
each considered variable: a) background PM2.5 [µg/m3], b) background NO2 [µg/m3],
c) urban PM2.5 [µg/m3], d) urban NO2 [µg/m3], e) urban background O3 [µg/m3],
f) atmospheric stability [1/m], g) wind speed [m/s], h) wind direction [◦], i) ambient
temperature [◦C], j) ambient air pressure (sea level) [hPa], k) relative humidity [%], l)
traffic volumes [-]. Figure extracted from Paper III.
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sibly increased aerosol growth rate and SOA formation (e.g. Kroll et al., 2020; Seinfeld
& Pandis, 2016). In the case study in Paper III, these mechanisms were likely reflected
in the smaller reduction in PM2.5 concentrations compared to the reduction in NO2,
which co-occurred with increased O3. The effect of decreased emissions was reliably
identified with the SOM analysis that ensures meteorological compatibility between
the analysed period and its benchmark.

3.4 A model combination capturing non-linearities in human
behaviour and atmospheric processes

The connection between pro-environmental affordances (Kaaronen, 2017), i.e. oppor-
tunities for sustainable behaviour (such as to select sustainable modes of mobility),
and atmospheric composition in a Nordic city, Helsinki, were investigated with a novel
multidisciplinary combination of numerical models in Paper IV. The focus was on the
ability to capture feedback mechanisms and non-linear responses in both emitting be-
haviours and atmospheric processes, after sustainable urban mobility was made easier
and more accessible for people.

The evolution of behaviours in a dynamic social system was simulated with an agent-
based model (Kaaronen & Strelkovskii, 2020), which comprises a pre-determined num-
ber of agents interacting with their environment. The collective behavioral patterns
evolve as a result of feedback mechanisms as specified in Section 2.7.

As a function of increasing affordances to choose sustainable mobility, changes in emis-
sions and resulting ambient air pollution were investigated. The analysis comprised
three basic steps:

1. from changes in affordances to behaviour change

2. from behaviour change to changed emissions

3. from changed emissions to changed atmospheric concentrations.

In the first step, the model for the cultural evolution of behaviours was ran with a vary-
ing level of affordances, and the evolving proportions of sustainable and unsustainable
mobility were monitored. An example output from a simulation with a 30% increase in
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Fig. 9: Modelled evolution of sustainable and unsustainable behaviours, after the
agents were introduced with an increased (+30%) level of pro-environmental affor-
dances.

affordances at the initial stage of the run is depicted in Fig. 9. In the second step, the
re-distribution of behaviours was interpreted to yield a 1:1 emission reduction so that
the fraction of behaviours turned from "unsustainable" to "sustainable" corresponded
to the overall emission reduction. This is a simplification that yields some uncertainty
to the analysis: In reality, behaviour change does not only occur between the two ex-
tremes, but there is more variety and possibilities between "the most polluting" and
"not polluting" choices. In the third step, scenarios based on the emission reductions
determined in step 2 were created for different compounds. The scenarios were built
upon the modelled change in emissions (c), which was used in the multiplication factor
1− c to modify the traffic-originated fractions of NO2, VOCs and particles of different
sizes. The traffic-originated fractions of different pollutants were identified based on
literature.

Considering particles, further steps were required in order to capture the true overall
change. In an emission reduction scenario, the time evolution of aerosol particles (PNC
and PSD) is not only affected by emissions, but also by different dynamic processes
taking place in the atmospheric boundary layer: condensation growth that involves
existing particles and various vapours, coagulation among particles of different sizes,
and the formation of new particles via gas-to-particle conversion. Numerous physical
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mechanisms and chemical reaction pathways are involved in these processes, and they
were modelled with the Atmospherically Relevant Chemistry and Aerosol box model
(ARCA box by Clusius et al., 2022).

The system in question, Helsinki city, had a starting point with some pro-environmental
personal states. As the affordances for pro-environmental behaviour got increased in
the simulation, cultural evolution and self-organization in the system resulted in self-
reinforcing sustainable behaviour patterns forming an S-shaped curve typical for cul-
tural evolution (Mesoudi, 2011). With increasing affordances, the change in behaviour
became more rapid in the beginning of the evolution, but the simulated curves con-
verged over time towards a new common steady state.

Based on simulation results, increasing pro-environmental affordances to a level > 0.5
led to a non-linear decrease in combustion-based mobility, which yielded decreased
multi-pollutant emissions. As depicted in Fig. 10, a 10%, 50% and 100% step increase
in pro-environmental affordances produced a 15%, 30% and 40% decrease in "non-
environmental" behaviour and emissions, correspondingly, within 2 simulated years.
The implications of these changes for the ambient particle population were non-linear
and dependent on the chosen metric. The results of multi-pollutant emission reduction
scenarios and atmospheric modelling indicated that a reduction in ambient PM1 con-
centration would require the emissions to decrease by more than 15%. Meanwhile, total
particle number concentrations were associated with significant reductions of 33–39%
with respect to all scenarios (emission reductions of 15–40%). The non-linearity in
the results stems from aerosol processes coagulation and condensation, which undergo
changes with the changed particle population and ambient vapours. When emissions
decreased by 15%, condensation growth redistributed particles from the nucleation
mode towards larger sizes that contribute more to particle mass and LDSA. Particle
coagulation does not affect total mass, but reduces the number concentration by ag-
glomerating multiple particles into one. This process was observed to be enhanced (by
2%) in the -15% emission scenario, which further contributed to the reduction of PNC.
As a result, disproportionally large reductions in the PNC and LDSA were achieved in
the scenario with 15% behaviour change. When the use of unsustainable mobility and
related emissions were simulated to reduce by 30% and 40%, proportional changes were
observed in the number concentration and LDSA of ambient particles in the output of
atmospheric modelling.
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Fig. 10: Percentage changes in unsustainable (non-env) behaviour & related emissions,
particle mass (PM), particle number concentration (PNC: total, nuc < 10 nm, UFP
< 100 nm, acc 0.1–1 µm) and lung deposited surface area (LDSA) corresponding to
changes in pro-environmental affordances.
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4 Discussion

4.1 Theoretical and practical implications

In his article about the profound human impact on the planet, Crutzen (2002) wrote:
"A daunting task lies ahead for scientists and engineers to guide society towards en-
vironmentally sustainable management during the era of the Anthropocene." The con-
tribution presented in this dissertation is closely linked to the ”daunting task”, in that
it seeks to advance the capability to investigate and eventually manage the coupled
system of people and air.

The first conclusion leans on the results of Papers I – III that aimed to identify the
determinants of high quality evaluations leading to evidence-based knowledge about
the atmospheric consequences of shifted human behaviour in urban mobility. A reliable
evaluation of changes in emissions requires data about the shift (its direction, scale,
permanence and reasons), and about possible indirect impacts. Whether measured,
estimated or simulated, each of these pieces of information is important, and if not
considered properly, the results of the impact evaluation may be misleading. Incon-
sistencies were observed in the impact evaluations analysed in Paper I, which means
that the changes in air pollution due to urban mobility interventions are not fully
understood, and the relatively most effective measures remain unidentified. When it
comes to improving urban air quality and mitigating climate change by reducing traffic
emissions, it would be invaluable for decision makers to have comparable references for
expected outcomes before implementing an intervention. This issue has been partly
addressed by recent work aiming to gather evidence of traffic interventions (Kuss &
Nicholas, 2022; Sanchez et al., 2020).

Considering changes in air pollutant concentrations due to changed emissions, a com-
petitive learning method Self-Organizing Map was concluded (in Paper III) to be suit-
able for identifying a compatible benchmark for the analysed period, thus increasing
reliability. This conclusion is in line with the results by Suleiman et al. (2019), who
argued that Artificial Neural Networks could be reliably applied for measuring the effec-
tiveness of emission reduction scenarios. COVID-19 lockdowns with drastic changes in
anthropogenic emissions invited numerous air quality change analyses applying differ-
ent approaches – mostly conventional, but later also those based on ML. Subsequently,
the benefit of ML methods for change analyses has been identified also in other studies
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than Paper III (e.g. Hu et al., 2021; Lovrić et al., 2021; Rybarczyk & Zalakeviciute,
2021). However, SOM or an equivalent dimension reduction and clustering technique
has not been applied by others in this context. Using the SOM or other ML method
to take into account meteorological and other variability in pollutant concentrations
translates into better capability to infer the atmospheric impacts of changes in an-
thropogenic emissions. In practice, by retaining a connection of target air pollution
variables to a wider set of atmospheric data, the assessed changes may be considered
more robustly attributed to a specific change in human behaviour. This helps the
identification of effective measures for decreasing urban air pollution.

As a second conclusion, based on the findings from Paper IV, both collective behaviour
of people and atmospheric particle concentrations respond in a non-linear way, when
opportunities for sustainable mobility choices get increased in an urban system. Pre-
vious studies linking human behaviour and atmospheric pollution have focused on
behavioural strategies and decision-making, and primary emissions plus possibly their
dispersion (e.g. Hatzopoulou et al., 2011; Maggi & Vallino, 2021). Paper IV brought a
novel perspective to the coupled system of people and air by suggesting that it would be
important to consider the cultural evolution of behaviours and to include more atmo-
spheric (aerosol dynamic) processes in the analysis. Social processes, such as learning,
shape the behaviour of people and enable cultural evolution, but take time. After in-
troducing e.g. new infrastructure for sustainable mobility, collective behaviour change
does not occur as a step change but as a non-linear evolution. A simulation of such a
system should take self-organization into account in order for the full behaviour change
to take shape. For a restriction-type measure, such as a congestion charge scheme (as-
sociated with "the most efficient car use reduction" as identified by Kuss & Nicholas,
2022), the behavioural response may be quite immediate and straightforward, which
enables conducting a convincing impact evaluation more easily than in the context of
changes subject to cultural evolution.

Particle concentrations in urban air are tightly linked to anthropogenic emissions, but
also shaped by dynamic processes such as the formation of new particles and growth by
condensation that are affected by changes in multi-pollutant emissions. With reference
to Kroll et al. (2020), overlooking the chemistry and other dynamic processes under-
mines the understanding of air pollution, and would risk erroneous decision-making.
In the simulation presented in Paper IV, decreased emissions implied changes in the
condensation growth (which was enhanced and thus transferred particles towards larger
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sizes affecting the total mass of the particle population) and also in coagulation (which,
in the scenario with 15% emission reductions, was an enhanced sink for the smallest
particles). These effects combined yielded a highly non-linear change in particle concen-
trations in response to decreased emissions. The result was in line with some previous
studies that have identified condensation growth to be important for total aerosol mass
in an urban setting (Kurppa et al., 2019; Wang & Zhang, 2012). Compared to PM,
PNC changed more commensurately with traffic reductions, which was also in line
with some observations of changes in particle concentrations in response to changed
emissions (Hudda et al., 2020). In their study of the air pollution impacts of restricted
activity during COVID-19, Eleftheriadis et al. (2021) came to a similar conclusion as
that drawn based on Paper IV: Decreased particle concentrations in nucleation and
Aitken modes, i.e. in the smallest particle sizes, due to emission reductions can lead
to increased condensation growth and migration to larger particles, which maintains
(or even increases) aerosol volume. A study of COVID-19 lockdown effects in north-
ern Italy, however, reported no significant changes in particle mass concentrations and
slightly lower particle growth rates (Shen et al., 2021). In general, there is some dis-
parity in studies evaluating the relative importance of different processes to aerosol
concentrations (e.g. Huang et al., 2020; Kurppa et al., 2019, with evaluations for
different conditions), but it is clear that aerosol dynamic processes may shape the par-
ticle population to an extent comparable to emissions and their dispersion, and those
dynamic processes are also sensitive to changes in multi-pollutant emissions. Previous
emission scenario studies taking aerosol dynamics into account are rare (a recent exam-
ple by Thunis et al., 2021), although an earlier modelling study by Wang and Zhang
(2012) emphasized that the consideration of particle formation and condensation are
crucial for studying the impacts of emissions on ambient concentrations, and ignoring
any of these processes will lead to misrepresentations. A practical implication of Paper
IV is that a non-linear response firstly in human behaviour, and secondly in particle
concentrations should be expected, when designing air quality plans.

A third conclusion of the research presented in this dissertation is that reductions
in anthropogenic emissions subject to individual-level decisions and important for ur-
ban air quality are possible. All types of measures – structural, economic, regulative,
persuasive – hold potential for inducing changed behaviour (Paper I). An optimal
mix of measures taking into account the characteristics of local people and conditions
is likely to be the most effective (Paper II). This is in line with the report by the
IPCC (2022), which states with high confidence that holistic demand-side measures
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(including changes in infrastructure use, technology adoption, socio-cultural options
and behaviour) could reduce global GHG emissions in end-use sectors by 40-70% by
2050 compared to baseline scenarios. Furthermore, the demand-side options for emis-
sion mitigation have been identified to consistently improve the basic well-being of
people. Evidence of effectiveness, such as quantitative information of reductions in
emissions and pollutant concentrations achieved with different initiatives, will enhance
the diffusion of effective practices.

Simulations, such as that demonstrated in Paper IV, can help researchers and policy-
makers acknowledge the need for a holistic approach. A simulation capturing different
processes relevant for human behaviour indicated that making sustainable mobility
easier and more accessible could significantly affect the traffic mode choices of urban
citizens, which implies changes in the emissions and concentrations of various pollu-
tants. "Easier and more accessible" refers to affordances, which can be interpreted as
infrastructure, but also to include concepts such as psychological salience, capabilities,
perception and satisfaction. Simulations by Kaaronen and Strelkovskii (2020) and that
presented in Paper IV demonstrate how change may take place: From changes in what
is "easy and accessible" (due to e.g. structural or persuasive measures) and the result-
ing behaviour change of some individual people, a collective behaviour change emerges
as a result of interactions between people and their environment. The ability to model
this process is a step closer to simulating the outcomes of e.g. efforts to manage traffic
emissions in a realistic way. In a case study for Helsinki, as presented in Paper IV, a
maximum reduction in unsustainable mobility and related emissions was 40%, which
was achieved within 2 years in a scenario where more than 90% of people would have
good accessibility to and high satisfaction with sustainable mobility. A significant re-
duction of >30% in particle number concentration was, however, achieved already with
a small (10%) increase in pro-environmental affordances. As the start of COVID-19
pandemic demonstrated, a very quick change in human behaviour is possible, when
conditions and affordances change dramatically. But even when affordances change a
little, the processes of e.g. habituation and social learning can trigger a self-reinforcing
feedback loop that, given time, leads to collective adoption of new behaviours and
corresponding atmospheric impacts.

The conclusion that change is possible is relevant for climate change mitigation and
the prevention of air pollution such as particles associated with detrimental health
impacts. The ability to understand the possibilities to induce behaviour change and
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to correspondingly reduce air pollution requires that the interactions and causalities
in both human behaviour and in the atmosphere are considered, as was demonstrated
fully in Paper IV, and partially by e.g. Thunis et al. (2021), Hatzopoulou et al. (2011),
Maggi and Vallino (2021), Zahabi et al. (2016) and Hackl et al. (2019).

For a significant practical implication that is derivable from this dissertation and em-
phasized in Paper II, an idea borrowed from Meadows (2001) is suitable: One should
not try to optimize parts of systems or subsystems while ignoring the whole. In an-
other article calling for a holistic approach, Kulmala (2015) describes how, for example,
attempts to control one pollutant can increase the concentration of others. Not ev-
erything can be comprised by a model, but it would be beneficial to aim to measure
comprehensively, to seek for unexpected links between different parts of the studied
system, and to take possible delays and feedback mechanisms into account in formal
models describing the evolution of changes in the system. This applies to studying
both atmospheric processes and human systems. With accumulating evidence and it-
erative computations capturing various mechanisms it is possible to identify relevant
interconnections and start to understand systems like urban people and air as a whole.
The aim, after all, should be to enhance total systems properties, such as sustainability
or clean air — whether their development is easily quantified or not. That goal is only
possible with holistic and multidisciplinary approaches to research and policy.

4.2 Reliability and validity

When "getting the beat" of a system, observing it, as was done in Paper I by collecting
a database of initiatives for sustainable mobility deployed around the world, there are
different sources of possible bias. The location of researchers affects internet algorithms,
and the language used in data search may not enable finding documents in other
languages or from certain areas, which can cause geographic bias. Balance bias, on the
other hand, means that there are differences in the distributions of studied variables
(in this case initiatives) in real life and in the obtained collection of data. For example,
Fishman (2016) observed that the strongest activity related to bike sharing is in China,
but more research related to it is conducted in Europe and considering European
schemes. The database studied in Paper I can thus not be regarded as exhaustive.

Regarding the use of ML methods for the analysis of changes in urban atmosphere,
Paper III demonstrated how the Self-Organizing Map can be used, and what kind of
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results it produces for a case study. The performance of the SOM compared to a
conventional trend analysis was evaluated with statistical metrics. The results indi-
cated that a benchmark with better compatibility was found with the SOM than with
monthly comparisons for the specific site. However, an algorithm configured for a spe-
cific site and trained with locally measured data can not be used universally and for
deriving general conclusions. Instead, Paper III presented a demonstration and argu-
mented for the feasibility and rationality of the method. Applying the SOM similarly
to analyse data from different locations with different atmospheric conditions would
create more convincing evidence for the suitability of the method – not to mention
interesting results. Applying ML for atmospheric change analysis may be regarded to
increase reliability, but the performance of the method has to be evaluated case by
case.

Modelling social systems is associated with several uncertainties. In practice, all models
describing individual and social behaviour are "stupid" in that they necessarily ignore
some causal relationships (Smaldino, 2017). According to Meadows (2008), however,
any model can be regarded as useful, if it responds with a realistic pattern of behaviour.
The agent-based model applied in Paper IV had been validated by the developer using
data from Copenhagen (Kaaronen & Strelkovskii, 2020), and the parameter configu-
ration for Paper IV was adjusted so that the model responded to match the observed
development of sustainable mobility in Helsinki. However, the model is numerical,
and there is no certainty associated with the quantification of the different feedback
mechanisms in social processes. In general, data could be collected with surveys and
analysed to yield parameters such as the level of satisfaction and the rate in which
e.g. habituation occurs, but the validity of self-reported measures has been questioned
in social sciences (e.g. in the context of pro-environmental behaviour, as studied by
Kormos & Gifford, 2014).

The model for cultural evolution regards the development of behaviours holistically.
It does not enable testing specific measures, such as incentives, that would require
quantifying individual-level utilities and applying a theoretical framework regarding
the ways in which individuals can maximize their personal utility. Also, the agents
in the model do not estimate future conditions or the consequences of their decisions
– they only interact with each other and the environment comprising opportunities
for either sustainable or unsustainable behaviour. Being holistic, the model does not
enable recommending a specific policy. Furthermore, the simulation presented in Paper
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IV involves a division to sustainable versus unsustainable mobility. In reality, there
is more variety in possible traffic modes and their emissions, and both technological
advancements (such as electrification of traffic) and regulation (such as directives for
fuel composition) alter traffic emissions even without changes in behaviour.

The scenario studies regarding atmospheric particles (in Paper IV) rely on local mea-
surements, several previous studies and on a box model, all associated with uncertain-
ties. The model outcomes, however, depict a realistic development in particle con-
centrations in response to emission reductions, judged based on evidence from known
shifts (such as that due to the outbreak of COVID-19, which was a significant real life
event revealing the sensitivity of urban particle concentrations to human behaviour). A
slight increase in total particle mass was observed with moderate reductions in multi-
pollutant emissions. Regarding the lung deposited surface area of particles, which is an
important metric describing the inverse health effects of particulate pollution, reduc-
tions were achieved with all simulated scenarios including decreasing emissions. LDSA,
however, is still a relatively rarely reported metric, with PM dominating the literature.

In general, there are still several open questions regarding the formation and growth
of atmospheric particles (Yli-Juuti et al., 2020), and studying them with models is
only as reliable as the physics, chemistry and parameterizations used for describing
those processes. The simulations in Paper IV regarded a Nordic city, Helsinki, where
pollutant levels are relatively low, and the case study included data from one season
only. For another city with different conditions and different pollution profiles, the
simulation would likely yield different outcomes. Especially, it is expected that more
drastic changes in the formation of secondary particles would occur in a city with more
atmospheric pollution (e.g. Kulmala et al., 2021; Nie et al., 2022). Furthermore, both
emissions and their dispersion depend on local meteorological conditions. The emission
factors of particles are not static but dependent on ambient conditions (e.g. Janhäll et
al., 2012), and the particle concentrations at street level are heavily dependent on local
wind flow characteristics and atmospheric stability (e.g. Kurppa et al., 2018; Li et
al., 2016). This emphasizes the need to always use local data and local studies about
the fractions of ambient pollution that originate from a specific source. Even the same
anthropogenic behaviour and changes in it would have different atmospheric impacts
in different conditions. For these reasons, the results of Paper IV can not be used to
derive universal conclusions about the connection between increasing opportunities for
sustainable mobility and changes in local air quality. Instead, the research introduced
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in this dissertation offers a novel heuristic and a simulation-based approach that enable
studying those causal links between people and air.

4.3 Recommendations for future research

An urban system, a city, is complex. It comprises individual people with different at-
tributes, social structures, infrastructure, and different activities producing emissions,
in a dynamic exchange with the boundary layer of the atmosphere. Future research
considering the atmospheric outcomes of changes in one part of the system, such as in
infrastructure or in the collective motivation to make sustainable choices, should aim
to acknowledge and capture the complexity. In general, future research should pro-
duce data that brings the study of coupled socio-environmental systems towards the
ability to reliably quantify different processes – both human and atmospheric. Bold
multidisciplinary approaches combining methods from different fields are called for. As
Westman et al. (2022) state in their research article about studying urban crises, one
should "cultivate an appreciation of how insights from other fields enrich and extend
those of our own."

Considering climate change mitigation, the permanence of reduced GHG emissions is
critical. Furthermore, social and behavioural evolution involves processes that take
time. For both of these reasons, the evaluation of measures deployed for changing
human behaviour and for inducing emission reductions should increasingly involve lon-
gitudinal studies.

Measurements are necessary for understanding atmospheric processes. When it comes
to particles, the smallest ones play an important role in total particle number concen-
tration, they are prominent in traffic emissions, and they are also the most affected by
aerosol dynamic processes (e.g. Karttunen et al., 2020; Rönkkö et al., 2017). Omitting
sub-6 nm particles in the analysis can produce misleading simulation outcomes, as was
found in Paper IV. Measuring particles as small as possible is thus recommendable in
order to ensure the reliability of subsequent analyses and simulations using the data as
input. Regarding models aiming to describe the evolution of atmospheric particles, it
is recommendable for them to include the processes and compounds relevant for NPF
and SA.

The ML approach for studying changes in urban air pollution (Paper III) is recom-

67



mended to be applied widely to different urban settings, preferably to cities with high
pollution levels and interesting cases with respect to actions to reduce emissions. More
case studies would reveal the true potential of the Self-Organizing Map or a similar
approach for enhancing the reliability of evaluations regarding changes in air pollution
due to specific measures.

Applying systems thinking in future studies of the coupled system of people and air is
recommendable. It is also important to remember that the least obvious part of the
investigated system may prove to be a crucial determinant of the total behaviour of the
system (Meadows, 2008). The properties of complex systems, such as self-organization,
must be acknowledged when predicting potential changes. If some interactions and
mechanisms that lead to self-organization are ignored, one is "likely to mistreat, mis-
design or misread systems", as stated by Meadows (2008). In the context of simulating
urban systems with a socio-atmospheric perspective, acknowledging interactions could
mean e.g. 1) including social processes such as learning and habituation as integral
elements in the collective adoption of behaviours that lead to emission reductions, and
2) including dynamic atmospheric processes such as the condensation growth of par-
ticles and the formation of secondary aerosols that occur in interaction with changing
multi-pollutant emissions.

To be able to give science-based policy recommendations, systems thinking is neces-
sary. The link between urbanisation and emissions, for example, is not constant, but
dependent on the local stage of development (Zhang et al., 2017), the income groups
and lifestyles of local people (Poumanyvong & Kaneko, 2010), and local conditions.
Whether speeding up the process of urbanisation (or deploying any other policy) in
order to reduce emissions is advisable, depends on aspects that can only be perceived
with a holistic approach leaning on local data. Furthermore, Westman et al. (2022)
have emphasized that cities are facing interlinked problems, compound urban crises,
that should not be addressed in isolation. Examples include pandemics, economic in-
justice and shocks, climate change and air pollution. Two significant challenges are
related to dealing with such compound crises: understanding the interconnected issues
and delivering appropriate and equitable responses. In science and politics, addressing
those challenges requires systems thinking.

For dancing with a system, it is necessary, according to Meadows (2001), to "spend
part of your time from a vantage point that lets you see the whole system, not just the
problem that may have drawn you to focus on the system to begin with. And realize,
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that, especially in the short term, changes for the good of the whole may sometimes seem
to be counter to the interests of a part of the system". Furthermore, Sterman (2002)
reminds of the importance to acknowledge that there are no side effects in systems –
only effects. Thus, for a complete picture of the coupled system involving people and
air, more dancing with both, together, is needed.
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