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Abstract
Automated Model Reduction of Atmospheric Chemical Mechanisms

Forwood Cloud Wiser IV

The atmospheric chemistry of volatile organic compounds (VOC) has a major influence on
atmospheric pollutants and particle formation. Accurate modeling of this chemistry is essential
for air quality models. Complete representations of VOC oxidation chemistry are far too large for
spatiotemporal simulations of the atmosphere, necessitating reduced mechanisms. This work
details several new graph theory-based methods for mechanism reduction, optimization, and
evaluation. Our newest algorithm, the Automated MOdel REduction 2.0 (AMORE 2.0),
efficiently and accurately reduces VOC oxidation mechanisms to a desired size by removing,
merging, and rerouting sections of the graph representation of the mechanism. This algorithm can
reduce large mechanisms by over 90%, making them usable in atmospheric simulations. This
work will improve our ability to accurately model the atmosphere, thereby supporting air quality

management and advancing atmospheric chemical science.
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Chapter 1: Introduction and Background

Atmospheric chemistry, which includes interactions between volatile organic compounds (VOC),
atmospheric oxidants, and particulate matter, has far-reaching implications for human health and
the climate. In particular, atmospheric chemistry has a signi cant impact on the concentration
of gas-phase pollutants such as ozone and formaldehyde, and particulate matter, which is both
hazardous to human health, and has a complex context-dependent impact on climate and weather
via radiative forcing contributions [1]. Having a strong understanding of the sources and sinks
of the atmospheric species is essential to predicting and understanding the atmosphere. Atmo-
spheric chemical models are used to predict the concentrations of key species, identify natural and
anthropogenic sources of pollutants (including some VOCs), and quantify the impact of existing
and potential environmental policies. These models, while very detailed, are inherently limited by
computational constraints and cannot account for the full complexity of the atmosphere.

In particular, the oxidation of atmospherically relevant VOCs, such as isoprene and camphene,
is a particularly complex aspect of atmospheric chemistry due to the capacity of these compounds
to acquire multiple functional groups at many sites, leading to a combinatorial explosion in species
and reactions. Through oxidation, these species produce secondary organic aerosol (SOA) and
toxic gas-phase products such as formaldehyde, and in uence oxidant gas concentrations. Many
extensive chemical mechanisms have been developed for VOC oxidation, but due to their large
size, they are unusable in the chemical transport models [2, 3, 4] that are the state of the art for
atmospheric chemistry models. Manual reduction has been a common approach in the past [5, 6,
7, 8, 9], but it is labor-intensive, prone to human error, and has reduced opportunities for optimiza-
tion. While algorithmically generated reduced mechanisms have been developed in atmospheric
chemistry [10, 11, 12, 13, 14], these methods lack the combination of versatility, computational

ef ciency, and accuracy after extensive reduction necessary to make algorithmic reduction more



widespread.

Our work has been focused on creating algorithms and ancillary tools for the development of
reduced VOC oxidation mechanisms. The purpose of this is three-fold. First, it is desirable to
reduce the labor needed to create reduced mechanisms, as this will minimize the barriers to devel-
oping new reduced mechanisms. Secondly, it is necessary to increase the computational ef ciency
of chemical mechanisms, and this can be achieved through mechanism reduction. Thirdly, it is
necessary to improve the accuracy of reduced mechanisms, which can be done by systematically
reducing larger, more accurate mechanisms. The ultimate goal of this work is to develop a set
of tools which can be used to accurately and ef ciently reduce large chemical mechanisms to a
desired size for their eventual incorporation into atmospheric chemical models, thereby increasing
the breadth and accuracy of these models while minimizing computational cost.

We have focused our efforts primarily on the isoprene mechanism, both because it the second
most abundant VOC after methane [15] (which has negligible contribution to SOA), and because
it is very well-studied, with recent, highly detailed mechanisms available for use. This chemistry
is highly detailed and extensive, containing 400 species [16], so it is a useful test case for our
methods. To generalize our approach, we have also worked with a much larger camphene mech-
anism, which was algorithmically generated [17]. In this Chapter, we discuss the motivations for

this work, and outline the scope of the overall project.

1.1 Background

Isoprene is the most abundant non-methane hydrocarbon in the atmosphere. It is emitted by a
wide range of plants from their leaves as a response to heat stress and reactive oxidants in the air
[18]. As a result, it is most abundant in warmer months. It has a major impact on tropospheric
oxidant levels [19] and contributes to secondary organic aerosol (SOA) formation (and therefore
ne particulate matter, P¥ls) in many parts of the U.S. and the world [20, 21, 22, 23, 24]. During
the warm season, isoprene emissions enhance both regional and hemispheric ozone abundances at

northern mid-latitudes [25, 26]. Isoprene oxidation chemistry contributes to natural background



ozone and particulate matter over much of the U.S. during the warm season [27]. Different rep-

resentations of isoprene chemistry lead to uncertainty in air pollutant responses to anthropogenic
emission reductions [28], and differences in model estimates of the background versus anthro-
pogenic fractions [29, 27].

Knowledge of the isoprene oxidation reaction mechanism, including key pathways for both
ozone and aerosol formation, has advanced rapidly over the last two decades [16]. The full chem-
ical mechanism for isoprene oxidation, as it is currently understood, consists of several hundred
species (up to 602 in MCM v3.3.1 [2]) andLOOO reactions. Due to its size and complexity, in-
cluding every known intermediate species and reaction in the isoprene oxidation network in 3D air
quality and atmospheric chemistry models is not feasible. Therefore, most models employ reduced
isoprene mechanisms. For reduced mechanisms, there is a trade-off between mechanism size (i.e.,
the number of species and reactions represented) and accuracy. The goal is to nd the smallest
possible reduced mechanism that still provides the accuracy required for the modeling applica-
tion. Commonly used reduced isoprene mechanisms range in size ftbrio 200 species. The
reduced models, including the Common Representative Intermediates mechanism [6], Caltech Re-
duced Plus mechanism [30], Regional Atmospheric Chemistry mechanism [31], and Carbon Bond
mechanism [32] have been developed manually by expert air quality scientists using techniques
such as surrogate mechanisms (lumped structure [9] or lumped species [33, 31, 34]), and empirical
parameterization, along with expert knowledge of the reaction system. While these approaches
have been successful in representing atmospheric chemistry for the speci ¢ chemical and environ-
mental scenarios for which they were developed, the resulting models tend to lack exibility to be
able to be adapted to new scenarios or to be rapidly updated. Their implementation is also labor
intensive.

Camphene is an abundant monoterpene that is primarily found in wild re smoke [35] where it
contributes to SOA, but has been less studied [3, 17] than isoprene. Where abundant, Camphene
produces formaldehyde and other small organic species and impacts genN®IQ; budget. In

contrast to the Caltech isoprene mechanism, the GECKO-A camphene mechanism was developed



algorithmically. The six-generation GECKO-A camphene mechanism contains 103,694 species
and 775,070 reactions. The GECKO-A algorithm automatically generates VOC oxidation mecha-
nisms, and utilizes available data and theoretical predictions of product branching ratios and rate
constants [36]. Because it is automated, many more species can be included than would be feasible
for a manually developed mechanism. As of now, there is no reduced camphene model that has
been used in a chemical transport model, highlighting the need for mechanism reduction.

Automated chemical mechanism reduction techniques provide the opportunity to exibly and
rapidly generate accurate reduced chemical mechanisms, and lower the barrier to updating the
mechanism as new knowledge becomes available. While automated mechanism reduction has
been applied in limited studies in atmospheric chemistry [37, 38, 11, 39, 40, 41, 42, 43], it has been
further developed in the eld of combustion [44, 45, 46, 47, 48, 49, 50, 51]. Combustion mech-
anisms have a number of features in common with the isoprene oxidation mechanism, including
their complexity and the large number of intermediates involved. Thus, techniques developed for
the application to combustion mechanisms may be applicable to the isoprene oxidation mechanism
as well.

The methods of model reduction, whether automated or manual, fall into two main categories.
The rst is reduction by removing less important species or reactions. The other method is to
group species and reactions together which may participate in similar reaction pathways (chemical
lumping). Each method aims to reduce the computational cost for simulating the mechanism by
reducing the complexity and size of the reaction network, while retaining accuracy within a given

tolerance.

1.2 Project Overview

Automated mechanism reduction requires an initial candidate mechanism to reduce, a suitable
algorithm for the accurate reduction of the mechanism, and a method of testing the performance
of the reduction. Through the course of this project, we have added to and modi ed our candi-

date mechanisms, developed several methods of mechanism reduction, and developed a testing



Figure 1.1: Overview of the topics for this thesis and their relevant chapters in parenthesis.

framework for the assessment of reduced mechanisms. The biggest achievement of this project
is the AMORE 2.0 algorithm, which is described in Chapter 3. This algorithm is an ef cient and
accurate method for the reduction of atmospheric oxidation mechanisms. It is the culmination of
many years of testing and development, and we have demonstrated its accuracy for two candidate
mechanisms: isoprene and camphene. Chapter 3 contains the nal draft of the manuscript which
has been submitted to be published and is available as a preprint [52]. In addition to this work,
we have developed two other mechanism reduction methods, AMORE 1.0 (Chapter 2) [53] and
GA-AMORE (Chapter 7) (available as a preprint [54]). To improve mechanism accuracy, we have
developed two different optimization tools, AMORE PSO (Chapter 6) (soon to be available on a
preprint server) and AMORE Gradient Descent (Chapter 8). We discuss a key sub-algorithm, the
Rapid Yield Algorithm, in Chapter 4; our mechanism testing methods and error metrics in Chapter
5; and additional work on the optimization of inputs to the AMORE 2.0 algorithm in Chapter 9.
Figure 1.1 shows the different topics within the AMORE project, their corresponding chapters, and
how they relate to each other.

Our initial attempt at mechanism reduction followed the Directed Relational Graph method

[49]. In this method, which was developed for combustion mechanisms, the mechanism is rep-



resented as a graph, with species becoming vertices, and edges forming between each reactant-
product pair for each reaction. These edges are assigned a weighting based on the relative contri-
bution of the reaction to the production/loss of the species involved. Edges are then removed if
their weighting is less than some threshaldHowever, we quickly ran into issues with this ap-
proach. First, there was no method of ensuring that the mechanism remained a single connected set
of reactions. For example, an edge might removed that connected two different parts of the mech-
anism, rendering them separated. This poses a problem for atmospheric oxidation mechanisms,
where all species are derived from the source species. When the weighting thresbo&tige

removal was small (<0.01), this effect was limited to less important parts of the mechanism, but
to achieve the desired mechanism size, we had to hgv8+«01 which inherently removed higher
importance pathways from the mechanism, eventually leaving an inaccurate nal mechanism.

To maintain connectivity, we added a constraint that at least one pathway remain from the
source species to each priority species. The resulting mechanisms still did not have very high
accuracy, and the minimum reduced mechanism size from this constraint was still larger than de-
sired, as many priority species were reached after several reactions generations, necessitating many
intermediates. While this method was not effective for our use case, it provided several valuable
lessons. We learned that the method did not have a way to condense multiple generations, and any
chemistry that was removed remained completely unrepresented in the reduced mechanism. This
could be overcome by rerouting over removed chemistry and skipping reaction generations. How-
ever, our biggest takeaway was the graph theoretical framework for mechanism representation.
This framework has informed all of our subsequent work.

For our second attempt at mechanism reduction, we developed our own graph theory-based
method which is described in Chapter 2. The Automated MOdel REduction (AMORE) 1.0 algo-
rithm was developed and used to create the AMORE v1.0 isoprene mechanism [53]. This work was
previously published in Geoscienti c Model Development. In this method, the reduced mechanism
was built from scratch, using the graph representation of the mechanism to identify the essential

mechanistic pathways in the full mechanism, and using these pathways as the base structure of



the reduced mechanism. Products from these pathways were identi ed and manually optimized
afterwards. Rate constants were chosen by the type of reaction involved and manually optimized
as well. This method required signi cant manual input, but it was successful at creating a 12
species reduced isoprene mechanism that was effective in matching the behavior of the 400 species
mechanism it was based off. We compared this mechanism to other reduced mechanisms in box
models and the Community Multiscale Air Quality model (CMAQ), which is a chemical transport
model. It performed well in both settings. This mechanism was subsequently updated and tested in
GEOS-Chem [55] (another chemical transport model), and again in CMAQ [8, 56]. While we were
successful in our goal of producing a reduced isoprene mechanism, there were some limitations
to this method. The rst limitation was that by building the mechanism from scratch, there was a
practical limit on the maximum mechanism size, meaning that larger, more detailed reduced mod-
els would not be possible. Furthermore, it required signi cant manual optimization to be accurate,
whereas the goal of this project was to minimize manual input. Because of these limitations, we
began working on a new approach.

The AMORE 2.0 algorithm was developed to address the limitations of our prior work and to
develop a method that could be easily and reliably applied to many different mechanisms. Figure
1.2 shows the stages of the AMORE 2.0 algorithm. This algorithm, described in Chapter 3, still
utilizes a graph theoretical framework, but is different in approach from AMORE 1.0. The rst
difference is that it is an iterative reduction approach, where the mechanism is reduced piece by
piece, rather than building a new mechanism from scratch. In this way, it is more similar to the
DRG method, but otherwise it is distinct from both. The AMORE 2.0 algorithm takes a species-
centric approach to mechanism reduction. In DRG, a weak edge on an important species is viewed
equally to a weak edge on an unimportant species. This leads to a less than optimal ordering of
edges. The rsttask of the AMORE 2.0 algorithm is to sort the species in order of importance. The
primary metric of importance is the yield of each species from the source species. All else being
equal, a species' impact is proportional to its yield. To account for priority species which may

have a relatively low yield, but contribute signi cantly to some other property, such as secondary



Figure 1.2: Schematic diagram of the AMORE 2.0 algorithm. Gray indicates mechanisms, green
indicates mechanism analysis steps, red indicates mechanism reduction steps, purple indicates
mechanism optimization steps, and blue indicates supplemental algorithms or methods to the
AMORE 2.0 algorithm.



organic aerosol production, those species may be listed as priority species, and will not be removed
in the reduction. The yield of all species is measured using a novel graph theory technique which
we call the Rapid Yield Algorithm, which is discussed in detail in Chapter 4.

Once the species are sorted, they are removed until a desired mechanism size is reached. The
naive approach to species removal would be to remove all instances of that species without making
any other changes. This is akin to the DRG method with respect to edge removal. However,
any products of the removed species will be disconnected from the rest of the mechanism. Even
if those products have other sources, their overall yield will be reduced. Ideally, removing one
species would have no impact on the yield of every other species. To get as close to this outcome
as possible, we use the method of rerouting, whereby all products of the removed species are
now produced by the source of that species. By rerouting chemical pathways to skip reaction
generations, we can maintain the yields of remaining species as the mechanism is reduced. The
graph theoretical framework for mechanism representation is very useful in this context, as species
can be replaced using very simple graph operations, and accounting for the new stoichiometric
coef cients of condensed reactions is very straightforward.

In addition to the simple case of species removal, we have also developed methods for merging
species together. This can be done in one of two ways. The rst method, called grouping, is
designed for species that are very similar, usually isomers. The chemistry of these species is
merged in proportion to their yields, and the group is represented by the most important of the
species in the group. The second method, called categorization, is designed for large groups of
loosely related species which share some property, such as a functional group or a propensity for
the production of secondary organic aerosol. For each category, a new species is created, and
for each species in the category that is removed, its production is rerouted to the new category
species. These merging methods serve to simplify chemistry involving multiple similar isomers
and represent the behavior of large groups of species.

Another unique aspect of the AMORE 2.0 algorithm is its treatment of strongly connected

components. A strongly connected component (SCC) is a set of species where there exists a path



from each species in the component to every other species in the component. These SCCs are
cyclical rather than unidirectional, and mass transfers between each species in the SCC. These
SCCs contribute a small fraction of the total number of species in atmospheric oxidation mecha-
nisms, but they tend to have outsized in uence on mechanism dynamics. Rerouting chemistry from
these species is not straightforward, as there is no inherent direction to the ow of mass in these
components. Accordingly, we have devised a method to track the eventual outgoing ow of mass
from each entry point into the SCC to properly reroute chemistry when SCC species are removed.
When SCC species are removed, we also ensure that new SCCs are not inadvertently created when
removing the species. This is the rst reduction method to account for SCCs as different than other
species.

When developing this method, we began working with the algorithmically generated GECKO-

A Camphene mechanism [17]. This mechanism contains 103,694 species, making it 259 times
larger than the isoprene mechanism that we worked with for this algorithm. The size of this mech-
anism is a result of camphene being a larger molecul&Hg8) compared to isoprene §Bg) and
because the GECKO-A algorithm can automatically identify every possible product from a start-
ing species, whereas manually made mechanisms are limited by the labor needed to identify and
differentiate products. This mechanism tested the limitations of our algorithm, especially in terms
of computational ef ciency. When we started out, we were unable to complete the reduction with
this mechanism because the code was too slow. However, over time we made each aspect of the
code more ef cient and now it is able to reduce the camphene mechanism in roughly 30 minutes.
By demonstrating a proof of concept with camphene, we are now able to reduce other GECKO-A
mechanisms without computational limitations.

In addition to being a submitted manuscript, the AMORE 2.0 algorithm is available for down-
load and use on Github, and is designed to be easily adapted to new mechanisms. Currently, it
is being applied to an alpha-pinene mechanism and the Common Representative Intermediates
mechanism [57].

The Rapid Yield Algorithm is an essential part of the AMORE project, and has many potential
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applications outside of the scope of this work. It is discussed in detail in Chapter 4. It is an
algorithm which uses the graph representation of the mechanism to estimate the yields of all species
in the mechanism without an ODE solver. As such, it does not follow the same computational
constraints that ODE solvers do, and is generally more ef cient than an ODE solver. While this
algorithm has been accurate for our purposes, there are some limitations to the method which we
discuss and address in the chapter. In addition, we discuss two modi cations to the algorithm
which address the time-dependent nature of chemical reaction dynamics.

Throughout this work, we have relied on a testing framework to assess the performance of
reduced mechanisms, which is discussed in Chapter 5. The basic performance metric involves run-
ning the full and reduced mechanisms in a box model under a range of conditions and comparing
the output of priority species in the mechanism. There are many modi cations and options therein.
We have also been able to run some of our reduced mechanisms externally in chemical transport
models, where we are unable to compare to the full mechanism due to computational constraints
in running large mechanisms. Instead, we compare to observational data and to existing reduced
models.

In parallel to the development of the AMORE 2.0 algorithm, we undertook a collaboration with
Arijit Chakraborty of the Venkatasubramanian group, discussed in Chapters 6 and 7. For this work,
we developed a method of mechanism reduction that utilizes a hybrid of arti cial intelligence and
domain speci ¢ knowledge, termed hybrid Al. Speci cally, we use a genetic algorithm to search
for an optimal mechanism structure within a chemically constrained search space. In this way,
this method was similar to the AMORE 1.0 method, in that it builds a mechanism from scratch.
Genetic algorithms operate by creating a population of candidate individuals (mechanisms in this
case), which are selected, mutated, or discarded based on their tness over the course of several
generations, until an optimal result arises. They mimic the process of evolution in nature. Thisis an
ef cient search method, because it does not require the precise tuning of each possible parameter,
which would be infeasible due to the search space involved. We paired this method with a particle

swarm optimization (PSO) of stoichiometric coef cients and rate constants to create a reduced
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mechanism that was able to exceed the performance of the AMORE 1.2 isoprene mechanism. This
work is discussed in Chapter 7. The particle swarm optimization is a useful tool in its own right
for reduced mechanism optimization, and so we wrote a separate manuscript for that project which
is under review and is available as a prepint [54], and is provided in Chapter 6.

In addition to the particle swarm optimization, we developed a gradient descent optimization
tool which utilizes the Rapid Yield Algorithm as the basis for a tness function rather than a box
model, speeding up the optimization signi cantly. This work was lead by intern Alexander Berman
and is discussed in Chapter 8. For this optimization, we developed two graph theory based methods
for optimizing stoichiometric coef cients of reduced mechanisms. The rst sorts coef cients into
groupings in which each coef cient is independent from the other, allowing for a signi cant reduc-
tion in the number of measurements needed to measure the full gradient. The second method sorts
coef cients in an order such that the coef cients which impact the fewest outputs are optimized
rst, in an attempt to nd better nal mechanisms by optimizing the coef cients in a speci c order.

Both methods worked well, and we were able to develop a reduced isoprene mechanism that was
smaller than the smallest mechanism demonstrated in the AMORE 1.0 paper while maintaining
accuracy as a result of the optimization.

The last chapter discusses the optimization inputs to the AMORE 2.0 algorithm. One of the pri-
mary inputs to the AMORE 2.0 algorithm, alongside the mechanism itself, is a set of atmospheric
conditions relevant to the mechanism. The selection of these conditions has a large impact on the
reduced mechanism. This work, which was lead by intern Reese Carter, uses several methods of

data clustering to optimize the input conditions from a larger dataset of atmospheric conditions.
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Chapter 2: AMORE v1.0 Isoprene Mechanism

Mechanism Number of species Number of reactions Reference
MCM 3.3.1 602 1926 [2]
CRI 2.2 56 186 [34]
Caltech 404 897 [16]
Caltech Reduced Plus 131 220 [16]

[58],
RACM2 9 12 [31]
CB6r3 10 17 [59]; [32]
AMORE-Isoprene 12 22 This work

Table 2.1: Sizes of select isoprene mechanisms including the mechanism in this work. Larger
mechanism sizes are self-reported. For smaller mechanisms, species and reactions were recounted
for this work using the following criteria: i) only species unique to isoprene chemistry are included,
which excludes species that do not contain the isoprene carbon backbone ii) All reactions involving
species unique to isoprene are counted iii) Heterogeneous reactions involving isoprene species are
not counted.

This chapter describes our rst attempt at mechanism reduction. In it, we detail the develop-
ment of methods for mechanism evaluation and using a graph theoretical framework for mech-
anism reduction. The initial goal was to produce a very reduced isoprene mechanism through
algorithmic means that was as good or better than current small mechanisms. Through several
rounds of mechanism testing, we discovered that existing reduced mechanisms did a relatively
poor job of representing the full isoprene chemistry, and that automated mechanisms with simple
construction were able to perform better. Given this, we developed an isoprene mechanism using a
graph theory based algorithm designed to create very simple mechanisms. This method resulted in
a mechanism structure that was then optimized manually to achieve a well-performing mechanism
that was much smaller than the original full mechanism. Once nished, it was tested in the Com-
munity Multiscale Air Quality (CMAQ) modeling system [60] along with our box model setup.

This mechanism was originally published as the AMORE v1.0 isoprene mechanism, which was
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then updated twice in subsequent publications.

The algorithm used in this method was limited in scope, due to its inability to select stoi-
chiometric coef cients, limited reduced mechanism size, and speci ¢ application to the isoprene
system. However, with this method we were able to clearly demonstrate a proof of concept that
reduced mechanisms could be produced through automated means and that they could improve

upon existing mechanisms.

2.1 Methods

In this section we describe our approach for model reduction and inputs to the process, and the
procedure used for testing the reduced mechanism.

In brief, an algorithm was developed to reduce the full isoprene mechanism to a smaller more
manageable mechanism that can be used in 3D chemical transport models. The output mechanism
from the AMORE algorithm was subsequently adjusted manually to optimize its performance for
use in atmospheric modeling. In order to test the AMORE-Isoprene mechanism, a mechanism
error metric was devised.

The AMORE-Isoprene mechanism was the product of this methodology. Our novel algorithm
was essential in the creation of this mechanism, but requires further work before it can be used for

other mechanisms and without manual adjustment.

2.1.1 Full Mechanism Input

A “full” chemical mechanism is required for the input to the reduction algorithm. The full
mechanism also serves as a benchmark for the accuracy of the reduced mechanism. In this study,
the reference isoprene oxidation mechanism was based on [16]. The Wennberg mechanism is a
comprehensive compilation of isoprene oxidation chemistry from laboratory and computational
studies published up to 2018, including the formation of isoprene epoxydiols (IEPOX) [61], in-
tramolecular R@ chemistry (autoxidation) [62], and recent advances in isoprene nitrate chemistry

[63]. Despite its size and complexity, some branches of the oxidation cascade are truncated in the
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[16] mechanism due to lack of published experimental constraints, speci cally degradation path-
ways for some later-generation intermediates with 2, 3, or 4 functional groups [30]. Therefore,
modeled on the approach used by [16] in preparing the Caltech Reduced Plus mechanism, we
expanded the Wennberg mechanism to include degradation of these species. Further details are
available in section S.1 including box model comparisons of original and extended mechanisms
to EUROCHAMP data [64, 65]. In addition, the extended mechanism is listed in its entirety in
section S.19. Briey, the intermediates were mapped to lumped species in the Caltech Reduced
Plus mechanism or species in MCMv.3.3.1, and assigned the corresponding degradation pathway,
products and rate constants from that mechanism. For the rest of this manuscript, we refer to this
updated mechanism as taltech full mechanismThis mechanism was chosen instead of the
MCM isoprene mechanism [2], which is of a similar size, because it includes the results of more
recent isoprene chamber studies which were not yet published at the time that the current MCM

mechanism was developed (e.g., [62]).

2.1.2 Priority Species

Given that model reduction necessarily involves removing or lumping chemical species from
the mechanism, we identi ed a set of nine important organic species and eight important oxidant
and nitrogen oxide species to be protected from elimination during the model reduction process.
This priority species list was an input to the model reduction algorithm. A full table of these species
is available in section S.2. Besides isoprene, these species were chosen for their importance for
SOA or brown carbon formation and/or expected impact on gas-phase photochemistry (isoprene
epoxydiols (lumped), isoprene nitrates (lumped), glyoxal, methylglyoxal, methacrolein, methyl
vinyl ketone, peroxyacetyl nitrate, methyl radical, peroxyacetyl radical). Formaldehyde was also
included in the protected species list due to its status as an air toxic [66, 67, 68] and for its potential
to indicate oxidant levels [69]. Other species such asNDg Oz, and other oxidants are
included in the mechanism as well. The accuracy of the reduced isoprene mechanism is measured

by its ability to simulate the time evolution of the concentrations of the priority species and oxidants
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and nitrogen oxides under different conditions.

2.1.3 Reduction Algorithm Development

In general, a new reduced isoprene oxidation mechanism will be a good candidate for appli-
cation in large scale models if it provides gains in accuracy or computational ef ciency. Since
a tradeoff exists between mechanism size (and therefore computational ef ciency) and accuracy,
improvements in one aspect are sought which avoid sacri ces in the other. Therefore, the mecha-
nism should be of similar size and complexity to existing mechanisms (or smaller), and of equal
or better accuracy. The most compact isoprene mechanisms, including those currently used in the
CMAQ modeling suite (RACM2 and CB6r3), include roughly 10 species unigue to the isoprene
mechanism and up to 20 reactions (Table 2.1). Note that this list of species does not include all
priority species; some, such as IEPOX and isoprene nitrates, are included, whereas others, such as
formaldehyde and glyoxal, which lack the isoprene carbon backbone and are also formed through
non-isoprene pathways, are not. Thus, an isoprene mechanism of comparable size to existing re-
duced mechanisms will have around 10 isoprene speci ¢ species, around four of which (isoprene,
isoprene nitrates, IEPOX, methyl vinyl ketone), are already priority species. The remaining 6
species are isoprene intermediates which are not considered priority species themselves, but play
an important role in the dynamics of the isoprene mechanism and the production of priority species.

The AMORE algorithm represents the full mechanism as a graph. Many prior works have
utilized graph theory to analyze chemical mechanisms [70, 49, 50, 51, 40, 71]. In this work, nodes
represent species, and edges represent a directed relationship between two species, in which one
is a reactant and the other a product of the same set of reactions. Prior graph-based reduction
methods have focused solely on removing non-essential components of the mechanism (‘pruning'
the graph). This work focuses instead on determining the optimal graphical structure of the nal
reduced mechanism, as constrained by target mechanism size. This is done by determining the
essential mechanistic pathways needed to accurately represent the full mechanism in a reduced

structure, as discussed below.
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A mechanistic pathway consists of a set of reactions joined by intermediate species. For a path
of N reactions, there are N - 1 intermediates. With the constraint of 6 intermediate species, this
allows for roughly 6 paths with 2 reactions each with one intermediate, or 3 paths with 3 reactions
each with two intermediates, both options having 6 intermediates. If some pathways are able to
share intermediates, then more pathways can be included. It is also our goal that the reduced
mechanism structure maps as closely as possible to known reactions with measured rates.

A new algorithm was designed speci cally to develop optimal mechanisms of roughly 10 total
species, 6 intermediate species, and 20 reactions. At a high level, the algorithm identi es a small set
of the most important mechanistic pathways in the full mechanism, and concatenates them in order
to reduce the number of intermediate species. The algorithm estimates the importance of a given
mechanistic pathway by determining the impact each possible pathway has on the yields of priority
species. The mechanism reduction algorithm has four main components: (1) a sub-algorithm to
rapidly estimate the yields from isoprene of priority species under constant oxidant and nitrogen
oxide concentrations and atmospheric conditions (yield estimation algorithm, Section 2.1.3), (2) a
sub-algorithm to assess the importance of different pathways given the yields of priority species
(pathway importance algorithm, Section 2.1.3), (3) a sub-algorithm for optimally combining path-
ways to reduce intermediate species (pathway combination algorithm, Section 2.1.3), and (4) a
sub-algorithm to estimate yields of priority species for each pathway in the mechanism (priority
species yield determination, Section 2.1.3). The overall AMORE algorithm process is shown in

Figure 2.1. All sub-algorithms are described in detail in the following sections.

Yield Estimation Algorithm

The yield estimation algorithm utilizes graph theory, and takes advantage of the relatively small
number of cycles (a path in the graph that starts and ends at the same species) and small number
of reactions with two carbon-containing reactants in the isoprene oxidation scheme. It rapidly
estimates the yields of all species from isoprene in the full mechanism, assuming the complete

oxidation of isoprene and its products. The algorithm emulates the full mechanism so that the
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Figure 2.1: Schematic of the AMORE algorithm. The sub-algorithms are shown in order of im-
plementation. Brackets are used to specify a pathway within the mechanism, with each oxidant or
nitrogen oxide within the brackets representing a reaction in a sequence involving that oxidant. For
example, the pathway {OH, NO} represents a sequence of two reactions joined by an intermediate,
in which OH and NO are reactants in the two reactions. The pathway {OH, NO} is shown as an
example for sub-algorithms 2-4.
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numerical simulation need not be run repeatedly during sensitivity testing. The algorithm begins by
representing the full mechanism as a directed graph. The directed nature of the representative graph
delineates the direction of the ow of carbon over time. Cycles are unique instances in this context,
in which carbon ows in two different directions and it is not necessarily evident which direction
dominates. The algorithm takes oxidant and nitrogen oxide concentrations (O Q4MO,,

NO, NO,, NO3), which are treated as constant, solar intensity, temperature, and pressure as inputs,
and calculates the ux of carbon through the mechanism pathways using the rate law information
provided. Since this algorithm is dependent on oxidant and nitrogen oxide concentrations and
other atmospheric parameters, it can be used to determine how yields are impacted by relevant
atmospheric conditions.

The full mechanism is approximated using a directed acyclic graph (DAG). In order for a
mechanism to be represented as a DAG, it must contain no cycles and reactions with two reactants
must be broken into two sets of edges for each reactant, because edges can only represent the
relationship between two species. For example, a reaction with two reactants and one product
would become two edges, one for each reactant connecting to the product. Oxidant and nitrogen
oxide concentrations are approximated to be constant, so reactions involving them are treated as
pseudo rst-order. Cycling in the isoprene oxidation system mainly takes place among oxidant and
nitrogen oxide species, which are only represented implicitly in the graph. For cycles involving
isoprene oxidation products, all species in the cycle are combined into one 'super node'. The
incoming and outgoing edges of the super node include all edges of all species that it represents.
The method used to reduce cycles to super nodes is described in section S.4.1.

The DAG structure is then utilized to calculate the partitioning of carbon between branches
within the graph, ultimately giving an estimated yield for each oxidation product species. This
novel approach takes advantage of the graphical representation of the mechanism to rapidly ap-
proximate yields which would otherwise require a box model to calculate. The resulting time
savings allows a much larger set of input conditions to be tested than would be feasible with a box

model. The yield is de ned as the moles of each species produced per mole of isoprene reacted.
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Starting from a species of known yield, the yield of a direct product can be calculated as the rate
constant involving said product over the sum of all rate constants reacting with the starting species.

The yield for a species A from isoprene,, is calculated as follows:

€
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where. gis the yield of species i from isoprene, angsis the yield of species A from specigst is

(2.2)

the number of species, is the number of reactionsg_4s the stoichiometric coef cient of speci8s
inreactionA and: isthe (pseudo) rstorder rate constant, thatis= : »>G830¥or oxidation
reactions, or else the rst order rate constant for photolysis and isomerization reactions. The yield
of any species can be estimated once the yields of all its parent species in the graph are determined.
Thus, with the assumptions and inputs outlined above, an estimate of the yield of all species from
isoprene can be obtained for a given set of inputs. Running in a Jupyter notebook environment on a
personal computer with a 1.8GHz dual-core Intel Core i5 processor, it takes roughly 0.06 seconds
for the algorithm to estimate all yields for a given set of conditions, 50x shorter than a box model
run time of the full mechanism. This is a valuable tool for rapidly probing large mechanisms to
study their outputs under a variety of inputs.

The yield estimation algorithm was tested for accuracy by comparing estimated yields to box
model simulated yields for the range of conditions used for model development. A detailed analysis
of the yield estimation algorithm accuracy is available in section S.4.2. A visualization of the yield

estimation algorithm is shown in Figure S.8.

Pathway Importance Algorithm

With the yield estimation algorithm in place, we developed a method to identify and evalu-

ate the importance of paths within the mechanism. Given the constraints on the size of the nal
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reduced mechanism discussed, the total number of paths will vary depending on the number of in-
termediates that can be shared between paths. The full mechanism contains long, highly branched
paths with multiple end products. Thus, no existing pathways within the full mechanism satisfy the
design constraints. Instead, model paths were created in which each path was represented by a se-
guence of reactions with one of the possible oxidants or nitrogen oxides: OH, NONT, HO,,
O3, methyl peroxy radical (M@), or else photolysis. There was no requirement for a given path to
be in the full mechanism, rather paths recreate the oxidant and nitrogen oxide dependent outcomes
for the priority oxidation products. Each path was constrained to contain only irreversible reac-
tions, with each oxidant or nitrogen oxide appearing no more than once (this constraint was lifted
during the manual adjustment process). The justi cation for these simple paths is that isoprene
oxidation product concentrations can be thought of as functions of isoprene, oxidant, and nitrogen
oxide concentrations, and each path represents a scenario in which a set of oxidants and nitrogen
oxides are favored. Thus, by containing multiple different paths, the priority species yields can be
varied based on the oxidant and nitrogen oxide concentrations. For example, a path of {OH, NO}
represents the reaction of OH or NO with isoprene to create a hypothetical intermediate, and the
reaction of the other oxidant or nitrogen oxide (either NO or OH) with that intermediate to form
isoprene oxidation products. This path would be favored when OH and NO concentrations are
high, and allows for a unique distribution of priority species yields under these conditions. There
were 256 possible paths, represented by non-duplicate combinations of the possible oxidants or ni-
trogen oxides. Temperature and pressure are other parameters that signi cantly in uence isoprene
chemistry. However, these parameters are implicit to the graph as inputs to calculate rate constants.
Thus, temperature and pressure were not represented explicitly in the algorithm, leaving rate con-
stants to be determined either through calibration or through direct reaction analogues in the full
mechanism. The default temperature and pressure for yield estimates were 292 K and 1000 hPa
respectively.

Using the yield estimation algorithm, a measure of the importance of each path was determined

by evaluating the product yields for a sequence of inputs designed to probe the sensitivity to each
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Parameter Baseline Value Elevated Value

Temperature (K) 292 -
Pressure (hPa) 1000 -
Solar Intensity (unitless) 0 1
OH (ppb) le-6 le-4
NO (ppb) 1.17e-6 0.53
NO> (ppb) le-4 0.01
NOj3 (ppb) 2.3e-4 0.02
HO» (ppb) 0.04 0.2
O3 (ppb) 16.7 100
MO, (ppb) 0.1 0.2

Table 2.2: Baseline and elevated values of input parameters used in the pathway importance
algorithm, a component of the AMORE algorithm.

oxidant, nitrogen oxide, or photolysis. Each oxidant and nitrogen oxide was assigned a baseline
concentration or intensity, determined from atmospherically relevant ranges in which rates of re-
actions involving each species were similar. For example, the baseline concentratign©at,O

and NG were set such that the rate of reaction of isoprene with each oxidant or nitrogen oxide
would be the same. Input sequences were created in which the concentration of each oxidant and
nitrogen oxide (or photolysis intensity) within the path is elevated, in turn, roughly one order of
magnitude above the baseline. Table 2.2 shows the input values used for the path importance algo-
rithm. All possible combinations of each high and low value were used as an input space, resulting
in 256 different input conditions. The goal in selecting input conditions was to nd values that
were relatively low and relatively high without biasing the algorithm with extreme values. They do
not represent the full range of values that each input takes. The AMORE-Isoprene mechanism per-
forms satisfactorily under more extreme conditions than those that were used as input conditions
to the algorithm, but it would be possible to create a mechanism optimized for a more extreme
scenario using the AMORE algorithm. We conducted a sensitivity test of the pathway importance
algorithm to a select set of changes to the inputs shown in Table 2.2. Speci cally, elevated concen-
trations of OH, NO, and Ng were adjusted to re ect realistic upper values for these species. The
results of this test are given in Section S.13 and Table S.5.

For each hypothetical path, the yield of priority species from that path was determined by
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elevating the input values of the oxidants or nitrogen oxides in the path. A path was considered
important if this process resulted in yield estimates that differed signi cantly from the baseline.
Multi-step path yields were evaluated in comparison to paths with one less elevated oxidant or
nitrogne oxide step. For example, the path {OH, IO} was compared to the paths {OH,

HO,}, {OH, NO}, and {HO,, NO}. If the yield of priority species differed signi cantly from all

of the compared paths, then the path was deemed important. The importance of each path was
ranked in terms of the magnitude of difference in yield of the path to the least different shorter
path. This method ensured that every component of the path was necessary to produce unique
yields compared to the baseline. Equation 3 shows the importance metric used to choose the most
important paths,

@ 01B.9 LG o
8-8B>7" 8-8B>? .
= <8= ?8G2 path list 2.3
., <0G.s8B%? patn iis (2.3)

where is the path importance# is the number of species in the important species 8$$,
an individual important species in the Iistg_85>i§ the yield of specie8from isoprene for the
path being measured§85>i§ the yield of species i from isoprene in pathsQG. g_gg24s the
maximum yield obtained by speci@$rom the yields of all paths, and the path list is the set of

paths with one less elevated oxidant or nitrogen oxide than the path being measured.

Pathway Combination Algorithm

Using this path analysis, the following 8 paths were identi ed and incorporated in the mech-
anism: {Os}, {NO 3}, {NO 3, HO}, {NO 3, HO,, hv}, {NO3, NO}, {OH}, {OH, HO 5}, {OH,
NO}. The number of paths was chosen based on the desired mechanism size, but the paths were
determined by the pathway importance algorithm above. In order to reduce the number of inter-
mediates, paths were joined together such that any shared oxidant or nitrogen oxide within paths
had a shared intermediate. For example, all paths involving OH were structured so that the rst
reaction was with isoprene and OH which then formed a shared intermediate. The reaction paths

were algorithmically structured to share as many intermediates as possible. The pathway combina-
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tion algorithm started by grouping paths by a shared intermediate. For example, the paths {NO
{NO3, HOy}, {NO 3, HO,, hv}, and {NOs, NO} all share a common N&xeaction step. There are
instances in which there are multiple ways in which to group pathways. For example, {OH, NO}
can either be grouped with other OH containing pathways or with NO pathways. There was no
algorithmic way to prioritize these two options. This is an instance in which manual intervention

is required to assign preference between pathway groupings. This can be done by simply choosing
the order in which the pathway reactions should occur. For example, choosing the order {OH, NO}
would group this pathway with other OH pathways, whereas choosing the order {NO, OH} would
group this pathway with other NO pathways.

Once the groupings are formed, an initial reaction step is created in which isoprene reacts
with the commonly shared oxidant or nitrogen oxide to form an intermediate shared by all of the
pathways. For example, in the N@athway grouping, the reaction of isoprene with N®shared
with all pathways, which subsequently branch from each other. Pathways that share two oxidants or
nitrogen oxides, such as {NOHO,} and {NO3, HO,, hv} share two intermediates. By grouping
pathways by shared oxidants and nitrogen oxides, and creating sub-groupings for multiple shared
oxidants and nitrogen oxides, the pathway combination algorithm creates a reduced mechanism
structure. This algorithm does not allow for the recombination of branched pathways, meaning
that the resulting reduced graphs are necessarily trees. Figure S.1 demonstrates the combination of

all of the identi ed paths to form the reduced mechanism structure.

Priority Species Yield Determination

The yield of each priority species is measured for each path using the yield estimation algorithm
(see Section 2.1.3). These yields are used as stoichiometric coef cients for the product terms of
the terminal reaction of each path. All priority species are considered eligible as product terms
of the terminal reaction of a given path. For each path, the terminal reaction is de ned as the
reaction in which no additional intermediates were produced. For example, the path {OH} contains

the reaction of isoprene with OH to form isoprene hydroxy peroxy radical as an intermediate
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(reaction 1 in Table S.2). This pathway was then given a terminal reaction, involving the rst
order decomposition of the isoprene peroxy radical in order to produce the nal priority oxidation
products (reaction 2 in Table S.2). The stoichiometric coef cients of each oxidation product were
the yields as estimated by the yield estimation algorithm.

This algorithm completed the automated portion of the mechanism development process. The
fully automated mechanism is described in Table S.2. The assignment of reaction rate constants
and species naming are discussed in the following section. The subsequent manual optimization

process for direct implementation into 3-D atmospheric models is described in Section 2.1.4.

Rate Parameter Identi cation and Species Naming

Once the skeletal reduced mechanism was established, rate parameters and species names were
identi ed manually. The rst step was to identify any direct analogues between mechanisms in the
reduced mechanism and known reactions (i.e., those in the Caltech full mechanism). There were
many reactions with direct analogues, including all reactions involving isoprene. In these cases,
the rate law and parameters assigned were identical to the original.

For reactions without direct analogues, the reaction was typi ed by the oxidant or nitrogne
oxide involved. In the Caltech full mechanism, reaction rate laws with the same oxidant or nitrogen
oxide tend to have a similar form and fall under a limited range of parameter values. Where there
were multiple possible reaction forms, the most common form was chosen. After choosing the
form of the rate laws, parameters were tuned by running box model simulations under conditions
that favored the reaction being tested. The parameters were calibrated to match the concentration
pro les of dominant products in comparison to the Caltech full mechanism. A list of all rate laws
and parameters, their analogues, and the method of selection is given in Table S.3.

All species names listed in the AMORE-Isoprene mechanism were manually identi ed after
the completion of the automated mechanism reduction process. As with the rate law selection
process, the rst step was to identify direct analogues in the full mechanism. Since the AMORE-

Isoprene mechanism is highly reduced, all species with the exception of isoprene represent groups
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of species in the Caltech full mechanism. Thus, direct analogues were generally analogous groups
of species. For species without a clear analogue, naming was based on the oxidants and nitrogen
oxides that reacted to form the species. From this information, a name was assigned based on the
predicted functional groups present in the species. For CMAQ modeling, the naming convention

is different for some species due to their prior existence in the model. Table S.4 gives each species

name for this paper and for CMAQ, the analogues it represents, and the functional groups involved.

2.1.4 Manual Mechanism Optimization and Evaluation

The algorithmically generated isoprene mechanism was manually optimized for use in the
CMAQ modeling environment and evaluated for its performance compared to other reduced mech-
anisms. The optimization process was done using the FOAM box model (Section 2.1.4) and the
CMAQ testing environment (Section 2.1.4), and the manual optimization process is described in
Section 2.1.4. The graph theoretical framework helped inform our decisions in this process. For
example, the conceptualization of the mechanism as a set of unique pathways connected by se-
guences of reactions, which is rooted in graph theory, helped us to categorize reactions and how
adjustments to their parameters would impact end results under different testing conditions.

In the process of evaluating the mechanism, an error metric was developed and used for quan-
titative comparisons between mechanisms (Section 5.2). In the optimization and evaluation phase,
the Caltech full mechanism was used as a baseline for comparison, along with experimental cham-
ber data for further corroboration [61].

Higher priority was put on mechanism accuracy rather than retention of the original algorith-
mically generated mechanism structure. Thus, changes were made that deviated from the algo-
rithmically generated mechanism, however the core components of the algorithmically generated
mechanism, including a majority of the identi ed important paths, were retained, and the algo-
rithmically generated mechanism provided an essential functional starting point from which to

improve the nal mechanism performance.
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Box Model Testing

The Framework for 0-D Atmospheric Modeling (FOAM) [72] was used to simulate isoprene
mechanisms for the purpose of evaluating the AMORE-Isoprene mechanism. 0-D box model
testing was done in two primary phases. The rst phase was aimed at optimizing the AMORE-
Isoprene mechanism. The Caltech full mechanism was taken as the most accurate mechanism
for ground truth, and RACM2 was used as a benchmark for comparison. Simulated concentration
pro les of key species such as N{HOg IEPOX, O3, and formaldehyde were analyzed in order to
assess the AMORE-Isoprene mechanism. The goal was to match both the magnitude and form of
each species concentration in the Caltech full mechanism. A detailed description of the matching
process is provided in Section 2.1.4.

The second phase of box model testing involved quantitative comparisons between mechanisms
for demonstration of the performance of the AMORE-Isoprene mechanism. The mechanism was
tested in the FOAM environment alongside the Caltech full mechanism, RACM2 isoprene mech-
anism used in base CRACMM1, Carbon Bond 6 revision 3 (CB6r3), and the Caltech reduced
isoprene mechanism. An error metric was created to determine the degree of matching between
two concentration curves. This error metric was averaged over many species and conditions to
create an overall mechanism error metric. Section 2.4.3 gives a detailed description of the error
metric developed for this study.

A set of six input conditions were devised to simulate the mechanisms. Given that isoprene
oxidation is split into three main pathways of reaction with OH,gN&ahd @, these three pathways
must be represented in the chosen testing conditions. Subsequent oxidation with NO is particularly
important in the OH pathway, and low light conditions are important in thg p&@hway. Given
this, the rst ve conditions were low N@, high NQg high Gs, high NGs, and high NQ + low hv.

The nal input condition was set to simulate the chamber study of [61], allowing for the pairing of
box model results to experimental results. In that stud¥)Hphotolysis was used as the source
of OH, and small amounts of N§were measured as well. For all FOAM simulations(4 was

used as the source of OH (which allowed for OH to be a dynamic quantity), and NO was used as
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Species Chamber Comp. Low N@ High NOg High NOg3, lowhv NOs High O3

isoprene (ppb) 92.5 10 10 10 10 10
H20, (ppb) 1660 200 200 0 100 200
NO (ppb) 1 0.5 5 2 1 0.5
O3 (ppb) 0 0 0 0 0 100
NOs (ppb) 0 0 0 0.02 0.02 0

hv (unitless) 3.5 3.5 3.5 0.5 3.5 3.5

Table 2.3: FOAM box model testing input conditions used for calculating the error metric and
evaluating the AMORE-Isoprene mechanism. Bolded values represent species concentrations that
were held constant. All other concentrations varied with time after initiation of the simulation.

a source of N@ For ozone and N@the concentrations were set directly. Due to the lack o§NO
cycling and the resulting rapid decay of B(ONO3; concentrations were held constant in for high

NOs conditions in order to favor this pathway through the duration of the simulation. Temperature
and pressure were held at 292 K and 1000 hPa for all conditions. This corresponds to low elevation
warm conditions that are most relevant for isoprene chemistry. The rate of photolysis reactions are
scaled by a unitless parameter labeled as hv. The value of this parameter was calibrated to match
results of [61] chamber data for high photolysis conditions. Table 2.3 shows the inputs for each of

the six conditions.

CMAQ Modeling

CMAQ v5.3.3 [73] with additional updates as in Place et al. (in prep) was used to conduct
simulations over the northeastern U.S. for June through August 2018 (May 2-31 used as spinup)
at 4km by 4km horizontal resolution. Baseline gas and aerosol-phase chemistry was speci ed by
CRACMM version 1 (Pye et al., in prep) which uses the RACM2 representation of isoprene chem-
istry [58]. Additional simulations were conducted in which CRACMM's isoprene chemistry was
replaced with AMORE-Isoprene. Meteorology was obtained from WRF v4.1.2 [74] and processed
through the Meteorology-Chemistry Interface Processor version 5 [75]. Boundary and initial con-
ditions were mapped from previous work using CB6r3 [74], and emissions were respeciated for
CRACMM with additional updates for volatile chemical products [76]. Biogenic emissions were

estimated with the Biogenic Emission Inventory System (BEIS) [77] with M3dry [78] used for
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deposition. CMAQ output was compared to EPA Air Quality System (AQS) and other monitor-
ing network data using the Atmospheric Model Evaluation Tool (AMET) [79]. CRACMM was
selected as a baseline mechanism due to concurrent development of AMORE-Isoprene and the
CRACMM mechanism for use in EPA research. CRACMM indicated relatively consistent predic-
tions of gas-phase ozone chemistry as other current mechanisms (Place et al. in prep), signifying
that the choice of CRACMM as the baseline mechanism for 3-D modeling was unlikely to con-
found the AMORE-Isoprene results.

IEPOX has heterogeneous chemistry in CMAQ (reactive uptake leading to SOA) following
[80] with updates in [81] and [7]. The rst generation isoprene organic nitrate heterogeneous
heterogeneous chemistry (leading to HN&Id gas-phase alcohols) was implemented in this work
and is speci c to AMORE (not in base CRACMML1).

In CMAQ, the species in AMORE undergo deposition. All species that were already present in
the base CRACMM1 mechanism were treated the same as in CRACMML. IPN and IPC were both
wet deposited with Henry's law coef cients predicted by OPERA [82]. In addition, the species
were dry deposited using species-speci ¢ diffusivities, mesophyll resistances, and LeBas molar

volumes [81].

Manual Mechanism Adjustment

In this section we discuss manual adjustments to the algorithmically generated mechanism.
To make adjustments, we tested the AMORE mechanism in box model simulations (Section 2.1.4)
and 3D Chemical transport simulations (Section 2.1.4). The testing process highlighted issues with
the mechanism initially produced by the reduction algorithm that could be corrected via manual
adjustments. This process has informed future algorithm development, since the ultimate goal is
to automatically generate mechanisms which require no manual adjustment. The structural differ-
ences between the automated (labelled as AMORE-NoAdjust) and manually adjusted (labelled as
AMORE- nal) mechanisms are shown in Figure 2.2. The corresponding reaction numbers from

Table 2.4 are shown in the AMORE- nal structure. Reaction 13-17 are not shown in the structure
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Figure 2.2: The original AMORE algorithmically generated mechanism prior to manual adjust-
ment (left) and the nal AMORE-Isoprene mechanism (right). Changes are highlighted in blue.
because they represent degradation schemes for end product species (IEPOX, IHN, and ISON), or
are used for oxidant and nitrogen oxide cycling and do not directly contribute to the production of
priority species (reaction 13).

The rst issue to be addressed was that, because of the DAG assumptions, mechanistic path-
ways were constrained to have only forward reactions, and because of the pathway identi cation
algorithm, each oxidant and nitrogen oxide was only able to appear once. Adjustments were made
to the mechanism to allow reversible reactions and repeat appearances of a single oxidant or nitro-
gen oxide where there was a strong case for the adjustment based on the Caltech full mechanism.
One of the most important instances of this is the isoprene OH oxidation pathway. In this pathway,
OH and HQ are the most important oxidants as predicted by the AMORE algorithm, however,
there is a reversible OH reaction (reaction 6 in Table 2.4) which plays a signi cant role in the
cycling of HO, and OH. This reversible reaction was added and was instrumental in improving the
accuracy of the AMORE-Isoprene mechanism. The change is shown in the {O}},fatway

of Figure 2.2. This reversible reaction is absent from RACM2 but present in CB6r3. In order for
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the reversible reaction to terminate into nal products, a reaction of the second intermediate with
OH was added. The addition of these two reactions did not change the overall nature of the path
{OH, HO>} in terms of the oxidants present, but added necessary complexity to the dynamics of
the path, resulting in more accurate product differentiation in OH dominant conditions.

It was also observed that Nf@oncentrations were relatively low compared to the Caltech full
mechanism in low N@regimes in which the OH, H9pathway was dominant. To ameliorate the
lower NQg concentrations, an additional intermediate called IPC was created for the purpose of
reacting with NO to create additional N@nd NO. This addition is shown in reaction 11 where
IPC is a product, and reaction 13, where NO andhNi@e cycled. The effect of this addition is
to increase N@Qunder low NQ; conditions, and thus increase ozone, leading to reduced ozone
underestimation compared to the Caltech full mechanism.

In addition to box model testing, 3D chemical transport modeling using CMAQ (Section 2.1.4)
informed structural adjustments to the AMORE mechanism. These adjustments centered on the
treatment of IHN (isoprene hydroxy nitrate, the intermediate of the reaction of ISOP (isoprene
hydroperoxy radical) and NO (reaction 5 in Table 2.4, as part of the {OH, NO} pathway) in the
mechanism. IHN was not initially identi ed as a priority species during algorithm development,
and thus was not included as an intermediate. Instead, the reaction of ISOP and NO contained
no intermediates and led directly to the production of priority end products. However, it was
determined that IHN should be given priority based on recent research highlighting its importance
in NOg cycling [83]. Thus, IHN was added as an intermediate, and an additional decomposition
reaction with OH was added (reaction 10 in Table 2.4). This decomposition reaction led to the
production of IEPOX and isoprene nitrates, which were originally produced directly from the
reaction of ISOP with NO. Thus, the {OH, NO} pathway was expanded on by adding an additional
OH reaction step for the decomposition of IHN. This change is shown in the {OH, NO} pathway
with an addition of an OH reaction step in Figure 2.2. In addition to decomposition into other
organics, IHN acts as a sink for NOThis was represented by the addition of reaction 16 in Table

2.4, which did not involve any oxidants or nitrogen oxides as reactants. It was observed that the
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Reaction

Rate Constant

a b winN

~N O

10
11

12
13
14
15
16
17
18

19

20

21

22

ISO + @ = 0.07 MACR + 0.189 MVK + 0.25 HO + 0.2% 1.58E-14 exp(-2000/T) cfmol s 1

HO; + 0.58 HCHO + 0.08 M@+ 0.1 ACO, + 0.09 H2Q +

0.1 MACP + 0.461 MACR + 0.14 CO + 0.28 ORA1 + 0.15

OLT

ISO + NG, = INO2 + 0.3 HCHO + 0.3 N@ + 0.3 ISON
ISO + HO = ISOP + 0.02 M®

ISOP + HQ = ISHP + 0.6 HQ + 0.15 HCHO

ISOP + NO = 0.14 IHN + 0.7 HCHO + 0.44 MVK + 0.8
HO, + 0.78 NG + 0.28 MACR + 0.021 GLY

ISHP + HO = ISOP

INO2 + HO2 = IPN + HO

2.95E-12 exp(-450/T) émol st
2.69E-11 exp( 390/T) cAhmol s 1
4.5E-13 exp(1300/T) émol st
82.7E-12 exp(350/T) cfmol 1s 1

4.6E-12 exp(200/T) émmol 1s !
3.14E-14 exp( 580/T) ctmol 1st

INO> + NO = 0.2 ISON + 0.9 HCHO + 0.5 MGLY+ 0.8 9.42E-16 exp( 580/T) chmol 1s !

MVK + 0.5 NOz + HO, + 0.1 MO,

IPN+HQG,=0.2ISON + 0.8 N@+ 0.4 HCHO + 0.05 GLY
+ 0.1 MGLY + 0.4 MACR + HQ + 0.94 MVK + 0.1 MG,
IHN + HO = ISON + HO + 0.2 IEPOX

3.4E-11 exp(390/T) chmol 1s 1

2.4E-7 exp(580/T) émol 1s 1

ISHP + HO = 0.05 IPC + 0.15 HCHO + 0.05 MGLY + 0.12.97E-11 exp( 390/T) chmol s !

MACR + 0.02 GLY + 0.2 MVK + 0.4 NG + 0.58 IEPOX
+ 0.8 HO

ISHP = 0.4 HCHO + 0.1 MGLY + 0.06 ACO

IPC+NO =0.35N@+ 0.8 NO

ISON+HO=CO +0.12 N®

ISON + NGQ =CO

IHN = HNO3

I[EPOX + HO = HO

ISOP + MQ =HO, + 1.31 HCHO + 0.159 MACR + 0.25(
MVK + 0.250 MOH + 0.250 ROH + 0.023 ALD + 0.01
GLY + 0.016 HKET

ISOP+ACQ@=0.5HG +0.5 MO, +1.048 HCHO + 0.219
MACR + 0.305 MVK + 0.5 ORA2

ISOP + APIP2 = 0.96 HOM + 0.48 ROH + 0.48 HCHO
0.48 MVK + 0.48 HO + 0.48 H@+ 0.04 ELHOM

ISOP + APINP2 = 0.96 HOM + 0.48 ROH + 0.48 HCHQO
0.48 MVK + 0.48 NG + 0.48 HOQ + 0.04 ELHOM

ISOP + LIMNP2 = 0.96 HOM + 0.48 ROH + 0.48 HCH
+ 0.48 MVK + 0.48 NG + 0.48 HG + 0.04 ELHOM

Photol(HCHO_RAD_RACM2) '
le-10 crthmol 1s?
5e-11cnimol 1s1

2e-14 crimol 1s?
2.3e-5st

5E-11 exp(-400/T) ¢hmol 1s 1
D 3.4E-14exp(221/T) cfmol 1s?!
3

8.4E-14 exp(221/T) chmol s 1
de-10cnimol 1s1
de-10cnimol 1s1

Ole-10cmimol 1s?

Table 2.4: The AMORE-Isoprene mechanism reactions and rate constants. Mechanism speci c
species are listed in the text.
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reaction of IPC with NO (reaction 13 in Table 2.4) outcompeted IHN for NO, and thus the yield
of IPC (reaction 11) was changed from 0.3 to 0.05 from ISHP. This change came at the expense of
NOg cycling under low N@ conditions, however, it was observed that simulated;d®els were

largely the same between AMORE-Isoprene and the base CRACMM mechanism, suggesting that
this adjustment would be a net bene t to the overall performance.

Additional reactions of the OH pathway with organic radicals (methyl radical, peroxyacetyl
radical, and lumped terpene radicals) were added directly from the RACM2 mechanism. They
were not identi ed as important by the AMORE mechanism, likely a result of the inputs cho-
sen, but came at little additional computational cost since they did not require the addition of any
intermediates. These added organic radical reactions allowed for product differentiation in envi-
ronments where organic radical concentrations are signi cant.

Finally, the {NGs, HO,, hv} path was determined to be unnecessary due to the relatively small
amount of ux carbon directed to it. Instead, the paths {NEO,, HO,} and {OH, HO», hv} were
used in its place. The {N§) HO,, HO,} path was a variant on the existing {NOHO,} path. The
{OH, HO>, hv} path was added to represent any potential variation attributed to photolysis in the
low NOgregime. All of the above changes are shown in Figure 2.2.

The stoichiometric coef cients of the products in the reduced mechanism were initially as-
signed based on the estimates given by the yield estimation algorithm, and then optimized man-
ually. Notably, stoichiometric coef cients for oxidant and nitrogen oxide species as products,
although clearly important, were not treated in the algorithm due to their implicit representation
in the mechanism graph. Thus, while oxidants and nitrogen oxides were included in the algorithm
as reactants, they were omitted as products, which reduced their overall accuracy. In particular,
the relationship between HONOgand G is very sensitive to changes in the isoprene mechanism
and is important for determining yields of many other species. These oxidants and nitrogen oxides
are of a high order of importance for mechanism accuracy, and so the manual adjustment of their
presence in the mechanism was critical. Two clear examples of this are shown in Figure 2.3. Prior

to the adjustment shown in Figure 2.3.a, #Mas signi cantly reduced in the AMORE-Isoprene
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mechanism under low Ngconditions. It was observed that reaction 4 (Table 2.4) involving iso-
prene hydroxy peroxy radical (ISOP) was the main sink fopHid by adding H®to the product

term, the accuracy was signi cantly increased. This original discrepancy likely re ects a cycling
achieved by multiple reactions in the full mechanism that it was not possible to include in the
reduced mechanism. Adding HQ@o the product term was the only available way to have good
agreement with the full mechanism. The reaction of isoprene hydroxy peroxy radical (ISOP) with
NO was another reaction for which oxidant and nitrogen oxide cycling was very impactful. The
addition of NGQ and HQ to the products of reaction 5 (Table 2.4) was used to improve the ac-
curacy of the AMORE-Isoprene mechanism. A demonstration of the adjustment improvements is
shown in Figure 2.3.b. Further tests of the adjustments in Figure 2.3 are given in section S.17.

All of the above adjustments were motivated by a clear improvement in mechanism perfor-
mance that accompanied the change. See sections S.8 and S.9 and Tables S.3 and S.4 for descrip-
tion of rate constants and species names.

All product stoichiometric coef cients were optimized for the accuracy of all priority species

in a method similar to that shown for oxidants and nitrogen oxides in Figure 2.3.

Mechanism Error Metric

For inter-comparison of reduced mechanisms, full mechanisms, and experimental data, it was
necessary to devise an accuracy metric based on the priority species and other measurable parame-
ters. In the case of the isoprene mechanism, we focus on atmospheric oxidants and nitrogen oxides,
organic aerosol, and other pollutants, namely formaldehyde and ozone.

In order to measure these parameters and create an accuracy metric, three steps were taken.
The rst was to de ne an error function for comparing the concentration of a species between two
mechanisms in a box model simulation. The second was to determine the set of input conditions
needed to capture the desired range of performance in the mechanism. The third step was to
average errors across species and conditions in order to come up with a nal metric. The error

function for the comparison of concentration pro les of one species between two mechanisms
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Figure 2.3: Box model simulations (T = 292 K, p = 1000 hPa) showing the improvement in per-
formance of the AMORE mechanism for H@nd NQs after adding these species to the products

of reactions 4 (b) and 5 (a). The original and updated reactions are shown above the plots. Inputs
are a) 200 ppb kD2, 1 pbb NO, 10 ppb isoprene, and moderate photolysis conditions (FOAM
photolysis parameter = 1). b) 200 ppb®, 1 pbb NO, 10 ppb isoprene, and high photolysis
conditions (FOAM photolysis parameter = 3.5).
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formed the basis of the accuracy metric. The goal was to devise an error function which is bounded,
so the natural choice was to normalize the error. In addition, for the purpose of averaging, the error
function needed to always be positive to avoid canceling out errors. From this an error metric was

de ned shown in Equation 4.

4 01B)1C ' 1C°3C
o <0G) 1G-"1@°3C

(2.4)

Where is the error@ is the initial time,G is the nal time,) 1C is the concentration pro le
being tested and1C is the reference concentration pro le. This concentration error metric ranges
from O to 1 where O is no error and 1 is in nite error. Figure S.3 illustrates the behavior of the error
metric for a sample set of pro les.

Although many important species are tracked in the isoprene mechanism, not all species con-
tribute equally to observable parameters. A weighting scheme was devised to capture the rel-
ative importance of some species over others. The three main groupings that were included in
the weighting scheme were oxidants and nitrogen oxides, priority pollutants, and isoprene SOA
species. Each grouping was given an equal contribution to the overall error. The primary oxidant
and nitrogen oxide species are OH, H®IO and NGQ. NOs is not involved in any signi cant
cycles and is excluded from the oxidant and nitrogen oxide weighting scheme, but still partici-
pates in the mechanism. The organic oxidants methyl radical and peroxyacetyl radical are of lesser
importance than the primary oxidants and nitrogen oxides and are given a lower weighting. NO,
NO,, OH and HQ are all given a 7% weighting for the overall accuracy. The methyl radical
and peroxyacetyl radical are given a weighting of 2.5% each for a total of 33% for oxidants and
nitrogen oxides. Ozone and formaldehyde are classi ed as pollutants, and both are given a weight-
ing of 17% for a total weighting of 34%. The formaldehyde error is multiplied by the fraction
of maximum formaldehyde concentration for a given input condition over the average maximum
formaldehyde concentration over all input conditions. This gives formaldehyde more weighting as
its relative concentration increases.

According to [30], average isoprene SOA contribution is divided up into 33% IEPOX, 30%
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Species Fractional Contribution

OH 0.07

HO, 0.07

NO 0.07

NO- 0.07

Methyl radical (MQ) 0.025
Peroxyacetyl radical (AC¢) 0.025

HCHO 0.17

O3 0.17

IEPOX 0.165
Isoprene Nitrates 0.15
Glyoxal 0.015

Table 2.5: Species used in the calculation of the mechanism error metric and their corresponding
weight.

isoprene nitrates, 30% tetrafunctional isoprene compounds, 2.5% glyoxal, and 4.5% other. Most
small isoprene mechanisms exclude tetrafunctional compounds, leaving IEPOX as 50% contribu-
tion, 45% isoprene nitrates, and 4.5% glyoxal. As with formaldehyde, each of these are scaled
relative to their average maximum concentration. Thus, in our calculations SOA contributes 33%
to the total accuracy, with IEPOX contributing 16.5%, isoprene nitrates contributing 15% and gly-
oxal contributing 1.5%. Isoprene is omitted from the error metric, since its error is represented
by the accuracy in the other parameters. Methyl vinyl ketone, methacrolein, peroxyacetyl nitrate,
and methyl glyoxal were omitted from accuracy metric due to their relatively lower importance
compared to the other species, and their coupling to species already present in the error metric.
However, these four species are represented in AMORE-Isoprene, and tables on the performance
of each mechanism with respect to these species and all other important species can be found in
section S.10. Table 2.5 shows each species and its contribution to the total error metric.

The error metric is calculated by running box model simulations of the Caltech mechanism
and the test mechanism in all six conditions, then calculating each individual species error and
averaging them using the weights shown in Table 2.5 and then averaging between each of the six
conditions to arrive at a single value. The error metric ranges from 0 to 1, with lower values corre-

sponding to less error. This allows for the numerical comparison of various isoprene mechanisms
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to the Caltech full mechanism.

2.2 Results and Discussion

The nal AMORE-Isoprene mechanism consists of 9 species and 22 reactions. A full table
of the reactions is shown in Table 2.4. The 9 isoprene species were: isoprene (ISO), isoprene
hydroxy peroxy radical (ISOP), isoprene hydroxy peroxide (ISHP), isoprene nitrooxy peroxy radi-
cals (ING), isoprene hydroxy nitrates (IHN), the lumped species IPC and IPN, isoprene epoxydiol
(IEPOX), and lumped multifunctional isoprene nitrates (ISON). IPC and IPN are named based on
the reactions they participate in, but they have no true analogues in the full mechanism, as they
are used primarily to expand the range of outputs and cycle oxidants and nitrogen oxides. In the
following sections, AMORE-Isoprene's performance will be compared in Box model simulations
to the Caltech full mechanism (Section 2.2.1), compared to Chamber data (Section 2.2.2), and

compared to the CRACMM-baseline mechanism in CMAQ simulations (Section 2.2.3).

2.2.1 Ambient Box Model Simulations

Using FOAM box model simulations and the error metric de ned in Section 5.2, we were able
to demonstrate the high accuracy of the AMORE-Isoprene mechanism relative to other mecha-
nisms of similar size. Formaldehyde and pW@Were chosen as exemplary species for visual com-
parison, as they demonstrate the high performance of AMORE-Isoprene relative to other isoprene
mechanisms.

Figure 2.4 shows the concentration of pHlGnder the six conditions listed in Table 2.3. For
HO,, AMORE-Isoprene has stronger agreement with the Caltech full mechanism than the RACM2
isoprene mechanism. In low N§aonditions, the steady state concentration obk@s 0.054 ppb
for the Caltech full mechanismm, 0.045 ppb for the AMORE-Isoprene mechanism, 0.042 ppb for
the CB6r3 mechanism, and 0.026 ppb for the RACM2 mechanism. In highdd@ditions, all
mechanisms had similar concentrations of 1@ high O; conditions, steady state concentration

of HO, was 0.05 ppb for the Caltech full mechanism, 0.04 ppb for AMORE-Isoprene, 0.04 ppb for
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Figure 2.4: Box model predictions of H@rom multiple mechanisms (292 K and 1000 hPa) for
the following conditions: a) Low N@b) High NOgc) High O; d) High NG; e) High NG;, low
hv, and f) [61] Chamber.
CB6r3, and 0.02 ppb for RACM2. Under high N©@oncentrations, steady state HEncentra-
tions were low for all mechanisms, and the peak concentration was 0.029 ppb for the Caltech full
mechanism, 0.017 ppb for AMORE-Isoprene, 0.049 ppb for CB6r3, and 0.016 ppb for RACM2. In
all cases, the steady state and/or peak concentrations were closer to the Caltech full mechanism for
AMORE-Isoprene than for RACM2. Simulated H@oncentration pro les are similar between
AMORE-Isoprene and CB6r3, though under high Nsonditions, AMORE-Isoprene tends to un-
derestimate H@whereas CB6r3 tends to overestimate H@s expected, the Caltech Reduced
plus mechanism has strong agreement with the Caltech Full mechanism for HO

Figure 2.5 shows the simulated concentration of formaldehyde under the six conditions listed in
Table 2.3. For formaldehyde, AMORE-Isoprene consistently outperforms RACM2. For example,
in low NOg conditions, the peak formaldehyde concentration was just over 3 ppb for the Caltech
full mechanism, 2.6 ppb for the AMORE-Isoprene mechanism, 2.1 pbb for the CB6r3 mecha-

nism, and 0.6 ppb for the RACM2 mechanism. In addition, the mechanism performs similarly to
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Figure 2.5: Box model predictions of formaldehyde from multiple mechanisms (292 K and 1000
hPa) for the following conditions: a) Low N&b) High NOg ¢) High Os d) High NOs e) High

NOjs, low hv, and f) [61] Chamber.

CB6r3. The accuracy tends to be higher than CB6r3 for the rst few hours of the simulation, with
less accuracy later in the simulation due to a steeper decay of formaldehyde concentration. This
pattern can be seen clearly in Figure 2.5.a. These differences arise from the sources of formalde-
hyde, where AMORE-Isoprene produces more formaldehyde from rst generation oxidation in-
termediates, whereas CB6r3 has more contribution from later generation oxidation intermediates.
Formaldehyde is overestimated in high NEbnditions, though other small mechanisms signi -
cantly underestimate formaldehyde under the same conditions. This difference is primarily due to
the slower rate of decay of formaldehyde in high Né»nditions coupled with high initial pro-
duction from the oxidation of isoprene. In contrast, the Caltech full mechanism displays a slower
rate of formaldehyde production, as it is spread out over many more oxidation reactions at longer
time scales. The other small reduced mechanisms (CB6r3 and RACM2) have lower formaldehyde
production, due to fewer formaldheyde production pathways under high dé@ditions, with

RACM2 having over an order of magnitude lower formaldehyde concentrations.
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Figure 2.6 shows the simulated concentration of the hydroxyl radical under the six conditions
listed in Table 3. The AMORE-Isoprene mechanism performs similarly to other highly reduced
mechanisms. As with other small mechanisms, AMORE-Isoprene is biased low compared to the
full Caltech mechanism. Under low N§zonditions, the AMORE-Isoprene mechanism has near
equal behavior to CB6r3 and RACM2 at short time frames and has a more accurate steady state
value at longer time frames. At high NOthe RACM2 mechanism is the most accurate small
mechanism, with AMORE-Isoprene having close but slightly lower OH concentrations. At high
O3, AMORE-Isoprene has the closest agreement with the Caltech full mechanism. The Caltech
Reduced plus mechanism has strong agreement with the full mechanism at all tested conditions,
as would be expected. The main reason for the discrepancy in between AMORE-Isoprene and the
Caltech full mechanism in hydroxyl radical concentrations is that the Caltech full mechanism has
a greater quantity of intermediate species which produce and consume the hydroxyl radical. On
balance, this leads to slightly higher hydroxyl radical concentrations, and given that the AMORE-
Isoprene mechanism is a much smaller mechanism, there are limitations to the extent that this can
be corrected. This is further evidenced by the fact that the other small mechanisms have equally
low biased hydroxyl radical concentrations. Overall, the AMORE-Isoprene mechanism performs
consistently well at predicting OH concentrations, and is in line with similarly sized mechanisms
in this regard.

In addition to these plots, a quantitative comparison was made between each of the mechanisms
tested based on the overall mechanism error metric de ned in Section 5.2. Figure 2.7 shows
the mean accuracy of AMORE-Isoprene for a selection of species in each of the six simulation
conditions. Lower values correspond to higher accuracy. The AMORE-Isoprene mechanism shows
very high accuracy under all conditions, and performed the best under highhifd Os, and in
comparison to the Chamber data from Paulot et al, which is relatively loy Bi@ OH oxidation
dominates.

Table 2.6 shows the overall error of each reduced mechanism as de ned in Section 5.2 with

species weightings described in 2.5. The numerical errors shown in the table represent weighted
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Figure 2.6: Box model predictions of the hydroxyl radical from multiple mechanisms (292 K and
1000 hPa) for the following conditions: a) Low N®) High NQg c) High Oz d) High NOs €)
High NOg, low hv, and f) [61] Chamber.
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Figure 2.7: Measured error (Equation 4) of AMORE-Isoprene mechanism under six different con-
ditions for seven select species groups. Errors are averaged between species for multiple-species
groups.

averages of the error across multiple priority species and the six conditions shown in Table 2.3.
As a result, this error metric quanti es the overall performance of the mechanism in box model
simulations, The results show that AMORE-Isoprene performs very well compared to mechanisms
of a similar size. AMORE-Isoprene has an error of 0.17, which is much lower than that of CB6r3
(0.3) and RACM2 (0.44), and very close to Caltech Reduced Plus (0.13) which is a signi cantly
larger mechanism. The main drivers of the low error for the AMORE-Isoprene mechanism are
oxidant, nitrogen oxide, IEPOX, and formaldehyde concentrations. For example, the average error
for IEPOX is 0.17 for AMORE-Isoprene compared to 0.27 for CB6r3 and 0.60 for RACM2. The
average error for N@species is 0.16 for AMORE-Isoprene, 0.29 for RACM2 and 0.35 for CB6r3.
For HOg species, the average error is 0.25 for AMORE-Isoprene, 0.55 for RACM2, and 0.29 for
CB6r3. For formaldehyde, the average error is 0.22 for AMORE-Isoprene, 0.79 for RACM2, and
0.3 for CB6r3. The error tables for each mechanism can be found in section S.14 and Table S.6.

Additional box model plots can be found in section S.15 and S.18, and Figures S.15-20. These
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AMORE Caltech Reduced Plus RACM2 CB6r3

Species 12 131 9 10

Reactions 22 220 12 17

Total Error 0.17 0.13 0.44 0.3

O3 0.12 0.02 0.15 0.12
NO 0.12 0.06 0.22 0.28
NO, 0.19 0.08 0.38 0.42
HO 0.20 0.17 0.44 0.30
HO, 0.29 0.11 0.67 0.29
NO3 0.36 0.09 0.47 0.25
ISOP 0.14 0.06 0.18 0.11
IEPOX 0.17 0.12 0.60 0.27
HCHO 0.22 0.11 0.79 0.30
MO- 0.53 0.20 0.59 0.56
ACO3 0.56 0.27 0.72 0.44
PAN 0.53 0.21 0.85 0.52
ISOPN 0.43 0.26 0.61 0.77
GLY 0.64 0.60 0.86 0.57
MGLY 0.63 0.14 0.79 0.23

Table 2.6: Total Error (individual species error described in Equation 4, species weighting shown

in Table 2.5, further discussion in Section 5.2) and mechanism size for four reduced isoprene
mechanisms with the Caltech full mechanism as a basis of comparison. Individual species error
shown averaged over the six tested conditions.

results validate the AMORE reduction process as a useful method of mechanism reduction, and

demonstrate that small mechanisms can retain signi cant accuracy compared to a much larger

reference mechanism.

2.2.2 Chamber Box Model Simulations

In order to determine the accuracy of the Caltech full mechanism, which was augmented in
this work, Chamber data was used for comparison. The data comes from [61], and contains con-
centration pro les for isoprene, isoprene hydroxy peroxides (ISHP), and IEPOX. The conditions
of the chamber study were replicated using the FOAM box model to determine the accuracy of
the Caltech full mechanism and the reduced isoprene mechanisms. As expected, the Caltech Full
mechanism matched the concentrations of all measured species from the chamber study.

Figure 2.8 shows the results for IEPOX. The AMORE-Isoprene mechanism is in good qual-

44






	Acknowledgments
	Dedication
	Introduction and Background
	Background
	Project Overview

	AMORE v1.0 Isoprene Mechanism
	Methods
	Full Mechanism Input
	Priority Species
	Reduction Algorithm Development
	Manual Mechanism Optimization and Evaluation

	Results and Discussion
	Ambient Box Model Simulations
	Chamber Box Model Simulations
	CMAQ Testing


	AMORE 2.0
	Introduction
	Results
	Discussion
	Methods
	Algorithm Description
	Error Metric


	Rapid Yield Algorithm
	Mechanisms as Graphs
	Rapid Yield Algorithm
	Time-Dependent Yields
	Asynchronous Reactants
	Applications

	Error Metrics
	Basic Error Metric
	Mechanism Assessment with Internal Measurements
	Mechanism Assessment with External Measurements


	Particle Swarm Optimization for Reduced Mechanisms
	Introduction
	Background
	Particle Swarm Optimization

	Methods
	Particle Swarm Optimization
	Objective Function

	Results and Discussion
	Conclusion

	Artificially Intelligent Mechanism Reduction for Gas-phase Isoprene Oxidation
	Introduction
	Methods
	Genetic Algorithm (GA)
	Fitness function
	Domain knowledge inclusion into GA
	Parameter Optimization

	Results and Discussion
	Conclusions and Future Work
	Additional Tables

	Graph Theory Assisted Gradient Descent Optimization of Reduced Mechanisms
	Introduction
	Methods
	Mechanism Evaluation and Data Preparation
	Gradient Descent

	Results
	Discussion

	Clustering Algorithms for AMORE 2.0 Input Optimization
	Conclusions and Future Work
	References

