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Introduction

* Policymakers want to make the best decisions possible
* Evidence-based policymaking is desired, but there are at least two
limitations:
* Data
 Models —including heuristics (mental models)

ML algorithms can make inroads by:
* identifying and quantifying trends not deducible by other means
* increasing the speed and ease at which analysis is performed

.
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Aims and objectives

* Discover the causal relationship of Elemental Carbon emissions to
concentrations as a step toward a better model to predict annual
concentrations which have shown to have impact on human health

* Develop less computationally-expensive air pollution model than

CTM

.
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Why are these hard problems?

* Cannot perform large-scale true experiments with air pollution;
unethical/harmful to intentionally pollute to measure human health
response

 CTMs are very complicated and computationally expensive

 While carbon is well-understood, Volatile Organic Compound (VOC)
relationships are not fully understood and therefore difficult to
predict, difficult to trace Particulate Matter (PM), need a method to
better understand VOCs and then apply it to Air Monitoring Data
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CTMs are gold standard but expensive and there’s still
room for better understanding of chemical
relationships

* Air pollution and PM, . are linked to adverse health and mortality

(Karydis et al. 2007; Peng et al. 2017; Stieb et al. 2002)

 Reduced Complexity Models are sufficiently accurate for use in

policy exploration, but CTM required/recommended before
im plementat|on (Gilmore et al. 2019; Heo et al. 2016; Muller et al. 2011)

ML techniques are being used in air pollution research (rengetai 2015, keine
Deters et al. 2017, Kelp et al. 2019, 2020, Xue et al. 2019, Bellinger et al. 2017)
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* “Doing one of these requires both a lot of expertise and a lot of
time,” says Adams. “These are the gold standard models, but the
days or weeks of computer time is not even the big cost. The big
cost is it takes months to prepare the inputs, and then months to

analyze the data. It's definitely not user-friendly.”
(“Researcher wants to put the power to model air pollution into your hands” 2017)

* Target use case: air quality engineers, policymakers, citizen scientists
* Make a more accessible model in terms of time, hardware, knowledge
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PMCAMXx daily data files = 1.28 TB/year

Table 1. Technical information about PMCAMXx daily data files.
~ FileType(extension) ~  layers  Rows  Columns  Variables Time Steps

Output Files
Daily Hourly Output 1 82 132 16 24
Emission Source Input Files
Area - On Road Pollution 1 116 152 12 24
Area - Non-road Pollution 1 116 152 12 24

Time information is encoded using 6 variables
and provided in VAR and input data:

Table 2. Time and seasonality variables
Variable Possible Values
Year 1990, 2001,2010
Month 1-12
Day of Year 1-366
Day of month 1-31
Weekday 1-7
Hour 1-24
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Granger Causality with Neural Nets to model non-stationarity
and non-linearity of temporal & chemical effects

Neural Net

/[ k
i=1

C is concentration
G is neural net that takes all inputs Neural Net

A is coefficient for concentration with different influence from different time (t) periods, causal relation
between locations, can be represented by a neural network

B is temperature, wind, etc. (not used in initial model)
E is emissions

Builds upon Constraint-based causal Discovery from Nonstationary/heterogeneous Data (CD-NOD) (Zhang et al, 2019,
“Causal discovery from nonstationary / heterogeneous data”)

.
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Hybrid Vector Autoregressive Neural Network with

Time

Past Concentrations Emissions/Meteorology (not yet included)
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Hybrid VAR Neural Network with Time model training and test statistics for a
25 x 25 grid region for 2 sizes of EC on a server with a single NVIDIA Tesla T4
GPU with 15 GB of memory. Best value in bold.

Hidden Neurons/ Time to train Time to predict 3

Region Layers Hid Layer Test Loss Test MSE All MSE 1k epochs yrs

CA 5 1262 0.0038 0.00774  0.0076 00:25:24 00:00:02
GL 5 1262 0.0053 0.011 0.0108 00:23:24 00:00:02
NY 5 1262 0.0084 0.0174 0.0174 00:26:09 00:00:02
SE 5 1262 0.0065 0.0132 0.0131 n/a 00:00:02
X 5 1262 0.0050 0.0102 0.00997  00:26:50 00:00:02
WA 5 1262 0.0014 0.00276  0.00276 00:25:47 00:00:02
All 6 5 1262 0.0202 0.0435 0.0439 00:42:02 00:00:13

.
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EC Mean Fractional Error EC Mean Fractional Bias
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MFE and MFB average statistics meet goal
standards for Fine EC

(Italicized MFE and MFB values meet accuracy goals set forth by Boylan and Russell (2006))

EC,5 ECc
Region MFE | MFB | Pearson 1 FAC2 1 MFE | MFB | Pearsont FAC21
CA 0.268 0.043 0.739 0.943 -0.399 2.059 0.013  0.031
GL 0.249 0.030 0.784 0.955 -0.309 1.964 -0.002  0.038
NY 0.281 0.059 0.818 0.928 0.175 1.392 0.008  0.060
SE 0.268 0.065 0.759 0.930 -3.248 4.840 0.002  0.052
TX 0.241 0.053 0.781 0.950 -1.468 3.063 0.010  0.050
WA 0.248 0.047 0.757 0.944 7.366 -5.837 0.052  0.080

.
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MFE and MFB average statistics meet goal
standards for Fine PSO,

(ltalicized MFE and MFB values meet accuracy goals set forth by Boylan and Russell (2006))

SO, Fine PSO, Coarse PSO,

Region MFE |\ MFB |, Pearson P> FAC2f MFE {, MFB |, Pearson > FAC2 1 MFE J, MFB J, Pearson 9 FAC2
CA -0.315 1.885 0.017 0.062 0.121 0.016 0.794 0.988 0.898 0.550 0.358 0.359
GL -2.893 4.115 0.088 0.167 0.147 0.014 0.952 0.979 0.628 0.772 0.588 0.288
NY -0.670 1.816 0.107 0.198 0.169 0.016 0.952 0.970 1.042 0.874 0.556 0.270
SE 0.862 0.207 0.087 0.218 0.194 0.032 0.928 0.954 0.803 0.535 0.639 0.377
TX 0.618 0.610 0.053 0.139 0.173 0.023 0.946 0.968 0.883 0.504 0.571 0.386
WA -0.635 2.187 0.034 0.067 0.161 0.031 0.726 0.963 0.884 0.473 0.289 0.391

.
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Actual Avg Hourly SO2 Concentrations Actual Avg Hourly Fine PSO4 Concentrations Actual Avg Hourly Coarse PSO4 Concentrations
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S0O2_14y19x: forecast vs actuals scatterplot PSO4_25 14y19x: forecast vs actuals scatterplot
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What’s next?

* Continue air pollution research using remaining pollution and
meteorological data (next slide) and then “real-world” data
* Run model on each variable independently to determine

absolute contribution of each variable
* Integrate one at a time to determine differential benefit of each

type
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PMCAMXx daily data files = 1.28 TB/year

Table 1. Technical information about PMCAMNXx daily data files. /talics indicate data used in model.

Output Files
Daily Hourly Output 1 82 132 509 24
Meteorology Input Files
Vertical Diffusivity 14 82 132 1 24
Land Use 1 82 132 11 1
Water Vapor 14 82 132 1 24
Temperature 14 82 132 2 24
Wind Speed 14 82 132 2 24
Height Pressure 14 82 132 2 24
Cloud/Rain 14 82 132 3 24
Snow 1 82 132 1 1
Emission Source Input Files
Area - On Road Pollution 1 116 152 114 24
Area - Non-road Pollution 1 116 152 114 24
Point - Electricity Generating Units (EGU) pollution 1 8304 0oy, 2, ciiodr:tsal)ncluded 128 24
. . (x,y, z, coords included
Point - Non Integrated Planning Module (IPM) 1 102951 128 24

in data)
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Limitations and Applicability
* By using inputs and outputs of CTM, ML will be limited to:

* being able to interpret or discover relationships included in the
CTM
e accuracy of CTM
* Must use real-world measurements to potentially discover as-yet-
not-understood relationships or increase accuracy
* Dramatic shift in pollution regime (fuel type and quantity) may be
significant enough to prevent algorithm from discovering patterns
* As weather variables are added, the time variables may become
unnecessary
* Need to use predictions as pasts values to test stability of model
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Summary and conclusions

* If similar performance was achieved with real-world data, the model

would have met goal performance standards
* Potential of this model to further improve with additional input

factors is high and should be pursued further
* The flexibility of the model to work at different geophysical scales to
fit available hardware makes the model more accessible to the

target audience
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Ethical Aspects of Study

Performing true experiments on people to discover the effects of
infrastructure or PM, . VOC pollution would be unethical and harmful
ML methods often impute the ethics of their designers, therefore
special care must be taken to ensure our own biases and ethics are
not imputed to the methods used. Further, care must be taken when
selecting data sets from which to train ML algorithms. Bias in the data
can translate into biased results. Therefore a robust data set with
appropriate variety should be used to train algorithms.
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CTMs are gold standard but expensive and there’s still room

for better understanding of chemical relationships
* Air pollution and PM, . are linked to adverse health and mortality

(Karydis et al. 2007; Peng et al. 2017; Stieb et al. 2002)

 Due to temporal and spatial interactions, some relationships
between chemical species is not yet well understood or accurately
predicted (Fiore et al. 2003; Karydis et al. 2007; Stieb et al. 2002)

 Reduced Complexity Models are sufficiently accurate for use in
policy exploration (Gilmore et al. 2019; Heo et al. 2016; Muller et al. 2011)

ML techniques are being used in air pollution research (rengetai201s, kieine

Deters et al. 2017, Kelp et al. 2019, 2020, Xue et al. 2019, Bellinger et al. 2017)

* ML algorithms have been used successfully to model non-linear
relationships not readily identified by other techniques (Hornik 1991; Horik et

aI. 1989; Huang et al. 2016
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Table S9. LinVARNN hyperparameter tuning to determine optimal pairing of loss function and optimizer with 3x3 Mexico EC subset

Loss Optimizer Final hh:mm:ss
Huber MSE RMSProp | Adam SGD Validation Loss | Time to train 1k
X X 0.00002519 00:06:42

X X 0.00005232 00:06:09
X X 0.00001754 00:06:41

X X 0.00003841 00:06:08
X X 0.00836772 00:07:19

X X 0.00814624 00:06:41
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five major data classes across the top of the figure require one or more 1990)
input files. This diagram does not include any third-party models, pre- or
pOst-processors.
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