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Abstract

Development of Models for Air Pollution-Related Public Health Assessment:
Application of Long Short-Term Memory Neural Network for Short-term Exposure

Effect

Huawei Han

This thesis develops an Long Short-Term Memory (LSTM) neural network model
to assess the relationship between ambient air pollutant exposure and public health
risks, accommodating both linear and nonlinear associations with distributed lags.
The research makes three key contributions. First, Maximal Information Coefficient
(MIC) methods identify the most relevant air pollutants and their associations with
health outcomes. Second, an LSTM model extracts temporally dependent features
from exposure series to estimate health impacts. Finally, the model’s potential
in air pollution epidemiology is explored using Local Interpretable Model-Agnostic
Explanations (LIME) to interpret the exposure-health response relationship.

Keywords: air pollution epidemiology, public health assessment, Maximal Infor-
mation Coefficient, Long Short-Term Memory, Local Interpretable Model-Agnostic

Explanations
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Chapter 1

Introduction

1.1 Background

Short- and long-term exposure to air pollutants has been associated with various
adverse public health effects in numerous epidemiological studies. Exposure to major
regulated air pollutants like ground-level ozone, particulate matters, oxides of sulphur
and oxides of nitrogen has become recognized as one of the high environmental risks
and has been shown to have a relationship with increasing cardiovascular disease
[1, 2,3, 4], respiratory disease [5, 6, 7], and public mortality and morbidity [%, 9, 10].
In order to monitor and improve air quality, learn about the health impacts of air
pollutants, and reduce the burden of social healthcare, a series of projects have been
launched in several countries or regions to research ambient air quality monitoring
and the statistical relationship between air pollution exposure and specific health
outcomes.

Among these air pollution-related air quality and public health studies, three



influential programs are worth mentioning. The first one is the National Morbidity
and Mortality Air Pollution Study (NMMAPS) [11, 12], which was initiated in 1996
with the main purpose of studying the association between particulate matters and
daily mortality, as well as the adverse effects of several regulated air pollutants on
public health in United States. This research work was conducted by investigators
from Johns Hopkins University and Harvard University, and was funded and sup-
ported by the Health Effects Institute. Air pollution data and daily mortality of
108 large cities from 1987 to 2000 in the United States were collected. Time-series
analysis of several air pollutants and association between air pollutants and daily
mortality were also explored. The second is the Air Pollution and Health: a Fu-
ropean Approach (APHEA) project, including APHEA and APHEA2 [13, 14, 15].
These projects began in 1993, which also focused on investigating the adverse ef-
fects of short-term exposure to particulate matter and other air pollutants on public
health in European cities. Quantitative evaluations of their short-term effects using
data from 15 cities in APHEA and 8 in APHEA2 were investigated, where associ-
ations between exposure to ambient particles and mortality or hospital admissions
were identified. The third such project is the National Air Pollution Surveillance
(NAPS) Program [16, 17] started in 1969, which is managed by Environment and
Climate Change Canada and has multiple purposes. One of these, co-sponsored by
Health Canada, includes monitoring the variation of the Air Quality Health Index
and Canadian Environmental Sustainability Indicators. Ambient air pollution data

of NAPS are collected from more than 250 monitoring stations distributed across



Canada and are publicly accessible through the Canada-Wide Air Quality Database.

The above-mentioned programs have been promoting the development of quan-
titative and statistical methods for adverse impacts assessment of air pollution on
public health, and achieved significant results [18, 19]. Collected historical data of air
pollution and medical records and implementation of innovative statistical tools in
these research are still having a far-reaching influence on current air pollution-related

epidemiology studies.

1.2 Literature Review

One of the major topics in air pollution epidemiology research is to investigate the
impacts of short- or long-term exposure to air pollutants of interest on specific public
health outcome. Various statistical methods and epidemiological designs have been
explored for this problem since the mid-twentieth century. These research methods
generally fall into two categories: cross-sectional studies and longitudinal studies,
with the former investigating air pollutants exposure and health outcome at a single
point in time and the latter over a period of time [20, 21].

In earlier studies, as systematic monitoring and data collection were not available,
miscellaneous methods under the above-mentioned two categories were explored.
Most of the research were conducted for air pollution-caused health incidents or
based on observation of specifically designed experiments, where population groups,
types of pollutants, exposures, etc., were regulated. In 1961, Ciocco et al. [22]

investigated the impacts of air pollution on residents in Donora and Pittsburgh



using data from community surveys ten years after the Donora smog disaster in 1948
and showed higher morbidity and mortality were related to exposure to higher air
pollutant concentration. In 1970, multiple regression analysis method was introduced
to quantitatively estimate the long-term effects of air pollutants using data from
particular locations of England and showed a strong relationship between specific air
pollutants and several diseases [23]. Similar methods were also used later by Lipfert
[24], Gibbons and McDonald [25] and Ostro [26].

Later, with the need to investigate specific health outcome caused by exposure
to air pollutants of interest over a period of time, cohort studies were used with
prospective cohorts investigating future health outcomes and retrospective cohorts
for past relationship. In 1973, a prospective cohort study was conducted by Waller et
al. [27] to investigate the lasting impacts of exposure to London fog in the 1950s, and
higher prevalence of respiratory symptoms in the exposed residents was reported.
From 1978 to 1981, Kerigan et al. [28] conducted a three-year cohort study to
investigate the influence of ambient air pollution on children’s respiratory health
in Hamilton, Ontario. This method was also applied to a series of air pollution
epidemiology studies such as cancer [29, 30, 31], diabetes [32, 33], cardiovascular
disease [34, 35], mortality [30, 37, 38], etc. Panel studies are another longitudinal
research design similar to cohort studies used in air pollution epidemiology, with the
main difference that the former focuses on the same group of population while the
latter on population with shared characteristics. Air pollution panel studies were

also used in a variety of epidemiological problems, such as asthma [39, 40], cardiac



disease [11], pulmonary disease [12, 13], neurobehavioral disorder [44], inflammation
[15, 16], and so on.

In addition, case-crossover analysis is also an extensively used longitudinal method
in air pollution epidemiology when estimating their acute impacts on same or similar
population group through contrasting before and after some health outcomes [17].
Since the development of the case-crossover method in 1991 [15], it has been applied
to a variety of experimental designs for air pollutants-related epidemiological studies.
In 1999, case-crossover designs were made for assessing the effects of air pollution on
mortality in Philadelphia, Pennsylvania, USA [19] and Seoul, Korea [50]. The effects
of acute exposure to air pollution on sudden cardiac arrest and asthma attack were
investigated by Checkoway et al. [51] and Im et al. [52] in 2000. In the following
decades, case-crossover analysis was used in impacts assessment of air pollution on
myocardial infarction [53] (2003), coronary mortality [51] (2005), otitis media [55]
(2010), respiratory disease [56] (2014) and incident pneumonia [57] (2018).

With development of air pollutant monitoring systems and availability of contin-
uously collected data, longitudinal analysis using time series methods were applied
to investigate the cumulative impacts of air pollution exposure. Two extensively
discussed models are Generalized Linear Model (GLM)s and its extension General-
ized Additive Model (GAM)s, where the health outcome is modeled using Poisson
response variables as a function of air pollution exposure. In 1979, a logistic regres-
sion model was presented by Korn and Whittemore [39] to analyze the impacts of

exposure to varying concentrations of air pollution on asthma, with the motivation



to overcome the problems of independence requirement and missing response data in
linear regression. In the following years of time series study for air pollution epidemi-
ology, Poisson regression was proposed to analyze a series of air pollutants-related
epidemiological issues like morbidity [5%], respiratory disease [59, (0], lung cancer
[61] and mortality [62, 63].

Around 2000, GLMs and GAMs were extensively applied to air pollution epidemi-
ology by a number of researchers, where quite a few significant works were motivated
by the aforementioned three programs. In 2000, Dominici et al. [I8] presented a
general semiparametric log-linear regression model to estimate the PM;g-associated
mortality rate in 20 large US cities and a hierarchical regression model was also devel-
oped to investigate the spatial correlation of responding coefficients among different
cities. In the same year, Sheppard and Damian [61] proposed a Poisson regression
model for health effects assessment of short-term air pollutant exposure, which com-
bined exposure distribution and measurement error with the disease model. This
model was applied to particulate matter-associated asthma hospital admission in
Seattle and showed that the measurement error did not affect the results of the
time series regression model. Similar methods were also used in APHEA projects.
In 1998, Spix et al. [65] used Poisson regression models and standard confounder
models to investigate the air pollution-related hospital admissions of different age
groups in five West Europe cities and showed that ozone had a significant impact on
respiratory diseases. In 2001, researchers from APHEA2 project [66] applied Poisson

regression to particle matter-related mortality analysis in 29 European cities, taking



advantage of its non-parametric smoothing of seasonal patterns, and confirmed the
impacts of ambient particles on mortality while finding the characteristics-related
heterogeneity of effect parameters.

Besides these single-pollutant time series models, multi-pollutant models under
the GAM framework were also investigated. In 2004, Zeka and Schwartz [07] pre-
sented a two-pollutant Poisson regression model by linearly correlating two kinds
of air pollutants to investigate the effects of particulate matters and several other
air pollutants on daily mortality based on the NMMAPS datasets. They confirmed
the effects of PM;g on daily mortality and reported a carbon monoxide-related daily
mortality increase. In order to estimate the cumulative effects of exposure, Zanobetti
et al. [68] developed GAMs with distributed lags that related some health outcome
on a given day with air pollution exposure in prior days. Timescale effects of expo-
sure were also investigated by Dominici et al. [69] by using predictors from Fourier
decomposition of air pollution time series in GAM and later by Burr et al. [70)]
through combining the lagged predictors in GAM. Currently, GAMs are still one
of the most popular time series methods used in air pollution epidemiology, with
application in multi-site time series [71], bias correction [72], multi-pollutant effects
[73, 7], temporal trends [75, 76] and many more applications.

In summary, longitudinal study has become the mainstream method in air pol-
lution epidemiology at present, of which time series methods, especially GAMs, are
widely used. Moreover, complex epidemiological designs with combination of time

series and other longitudinal methods have been gradually developed for meticulous



investigation of the health effects from cumulative air pollution exposure.

1.3 Challenges of the Problem

As the most widely used time series model in air pollution epidemiology, GAMs
provide a perspicuous air pollution exposure-health response assessment framework
taking advantage of Poisson regression for various health events, non-parametric
splines for exposure effects estimation and confounding elements smoothing, while
the following issues and challenges still exist in its epidemiological applications.

1. Potentially biased estimates for multi-pollutant GAMs: different air pollu-
tants are correlated with each other. Air pollutants are usually mixed with each
other physically and chemically from their generating sources to spreading, espe-
cially for some strongly related ones like different oxides of nitrogen or particulate
matters with different diameters. As people are generally exposed to multiple air
pollutants simultaneously, finding the primary pollutant for some particular heath
outcome is usually not easy in the GAM-based modelling and analysing process.
Capturing and evaluating the mixed health impacts of correlated air pollutants by
smoothing the confounding effects may not be enough and keep an open question for
further investigation[77]. In addition, collinearity (also known as multicollinearity)
brought by the associations reduces the interpretability of response coefficients for
air pollutant of interest and weakens the power of GAMs. We try to address this
issue by introducing MIC to measure both the linear and non-linear associations

in chapter 2, as well as by proposing LSTM models in chapter 3 with multiple air



pollutants included and their non-linear associations considered.

2. Reduced sensitivity of health outcomes to air pollution: performance of the
GAMs is limited. GAMSs present a straightforward exposure-response relationship by
fitting the model using time-varying air pollution concentrations and health events
data, which facilitates analysis of the degree to which health outcomes respond to air
pollution variations. However, in most air pollution epidemiological applications, to
what extent the fitted model can reflect the true relationship between air pollutants of
interest and particular health outcome is generally not evaluated. Either underfitting
or overfitting may degrade its performance of generalization, and thus reliability
of the exposure-response coefficients obtained from the GAMs might need further
examination. In chapter 3, with the proposed LSTM models we analyzed the fitting
performance of both the new models and traditional GAMs.

3. Limited integration of lagged exposure-response relationships: public health
outcomes are affected by cumulative effects of exposure. There are plenty of air
pollution epidemiology studies assumed that an adverse health outcome at one time
period is associated with exposure at a previous period. This kind of formulation is
referred to as single lag model, while its alternative is distributed lag model, which
involves cumulative effects of exposures at multiple time periods before the health
event occurs and conforms better to more realistic situations. Parametric designs
are usually used to model the relationship between previous distributed exposures
and lagged responses. Most of these formulations focus on the cumulative effects of

a single air pollutant for parameters fitting and coefficients interpretation issues[70)].



Further studies are still needed to investigate the effects of exposure to multiple air

pollutants in distributed lag models. In the method we proposed with LSTM models,

we apply the LIME approach in chapter 5 for analyzing the lag effects on the health

outcomes.

1.4 Research Framework

Aiming at the above-mentioned issues, the following main research work related to

quantitative health risk analysis in air pollution epidemiology is made in this thesis.

1)

For issue 1, Mutual Information (MI)-based Criterions (MIC) are used to evaluate
the association between different air pollutants and find the most related factors
for health outcome of interest, taking advantage of information entropy to capture
both the linear and nonlinear relation.

For issues 1 and 2, an LSTM model is developed to assess the impacts of exposure
to multiple air pollutants on health outcomes of interest with weighted evaluation
of distributed lags. An LSTM neural network is first designed to extract health
outcome-related feature information from multipollutant exposure sequence with
temporal dependence. Then estimation layers with weighted evaluation of the
extracted features from the exposure that has distributed lags are constructed to
assess the health outcome of interest.

For issue 3, interpretability of the LSTM model using LIME is investigated to
analyze feature importance, examining predictors’ temporal significance and the

relationship between PM10 and temperature in mortality outcome estimation.

10



The other parts of this thesis are organized as follows. In Chapter 2, MIC-
based association analysis and air pollutants selection for health outcome of interest
are presented. In Chapter 3, the LSTM model with weighted evaluation of the air
pollution-related health outcome is developed. In Chapter 4, preliminary exploration
of the exposure-response relation based on the proposed LSTM model is performed
and potential of the LSTM model in air pollution-related public health assessment
using LIME is demonstrated. At last, a brief conclusion is made and potential future

research opportunities are discussed in Chapter 5.
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Chapter 2

Correlation of Air Pollutants

In this chapter, datasets used for analysis throughout this thesis are first introduced.
Then Mututal Information (MI) and Maximal Information Coefficient (MIC) are
applied to correlation analysis between different air pollutants for air pollution vari-
ables selection. Part of this chapter is published in the 6th International Conference

on Statistics: Theory and Applications (ICSTA 2024) [78].

2.1 Datasets Description

The ambient air pollutants data used throughout this work are mainly from the
publicly available Canada-Wide Air Quality Database with pollution data from
the NAPS program and the database for NMMAPS. The background of these two
databases are briefly introduced in the following.

The NAPS database includes continuous and hourly measurements of nitric ox-

ide (NO), nitrogen oxide (NOsy), nitrogen oxides (NOy), carbon monoxide (CO),

12



sulphur dioxide (SOs), ground ozone (Oj3), particulate matter less than or equal to
2.5 micrometers (PMj 5) and particulate matter less than or equal to 10 micrometers
(PMjg). These data are available from the Government of Canada Open Data Portal
[79] and detailed description of the program and datasets is available at Open Gov-
ernment [30]. As the data availability is reduced due to the impact of the COVID-19
pandemic starting in 2021, 22 years of air pollution data from 2000 to 2021 are
collected. In addition, daily mean temperature (T) for the same periods are col-
lected from the Canadian Centre for Climate Services [31]. All categories of data
are preprocessed as follows to facilitate the numerical experimentation. The raw air
pollution time series data in the NAPS datasets are measured on an hourly basis
and their 24-hour means are first calculated since all the analyses throughout this
work are conducted on a daily basis. Then a second-order polynomial interpolation
is performed for the missing values. At last, the outliers including negative values of
the interpolated time series are replaced using the mean of values before and after
the interpolated day.

Daily mean temperature and seven air pollutants data from 2000-2021 for Toronto,
ON, Canada are shown as an example in Figure 2.1. It can be roughly seen that T
and O3 have obvious yearly periodicity. People are prone to be exposed to higher
O3 concentrations in higher temperature periods, as Ojs is closely related to solar
irradiance in its formation process. Another obvious point is that daily concentra-
tions of CO, NO, NOy, NO, and SO, all have downward trends in the given periods,

possibly due to various stricter air pollution emission standards. It can also be seen

13



that the PM, 5 series stays relatively stable over this time span. The PM;q data are

excluded for the reason that the vast majority of them are missing.
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Figure 2.1: Daily mean values of temperature and air pollutant concentration for

Toronto, ON, Canada from 2000 to 2021.

The NMMAPS database includes daily measurements of NOsy, CO, SO,, Os,

PM, 5 and PMyy. The air pollution data, weather condition and health outcomes

are assembled and organized by city in an R package NMMAPSdata [32, 83]. As

the updated data after 2000 were never made publicly accessible, the time periods

used for analysis throughout this work are from 1987 to 2000. Data from Chicago

14



was selected for our investigation, which includes the daily mean temperature (T),

CO, SO,, O3, NOg, PM;y and daily non-accidental mortality from several diseases.

The data used for investigation are visualized and shown in Figure 2.2 after being

processed as follows:

1)

as the original temperature data from Jan. 1, 1998 to Dec. 31, 2000 are miss-
ing, online weather data of Chicago [34] for the three years are collected and
supplemented (using the Fahrenheit scale).

the original air pollutants data series are detrended by subtracting a 365 day
moving average. They are restored to the true monitor values by adding the
trimmed mean and the corresponding trend item [32] to facilitate our following
analysis.

daily non-accidental mortality data for three age groups (under 65, 65 to 74, and
above 75) are aggregated as the daily morality observation.

other small portions of missing values are also interpolated and outliers are dealt
with as the above NAPS datasets.

It can also be seen in Figure 2.2 that T and O3 data series have obvious yearly

periodicity as in the NAPS datasets. The daily all-cause non-accidental mortality

data series show roughly regular fluctuations on a yearly basis as well. Compared

to the NAPS datasets, other air pollutants series present no evident periodicity or

downward trends. In addition, PMs 5 data are not included as most of them are

missing.
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Figure 2.2: Daily mean values of temperature and air pollutants concentration and
daily mortality for Chicago, IL, the U.S. from 1987 to 2000.

2.2 Mutual Information Based Association

In air pollution epidemiology studies, as different air pollutants are physically and
chemically mixed with each other in diffusion process and people are generally ex-
posed to different air pollutants at the same time, health impacts assessment models
with multiple air pollutants are more realistic. Thus, correlation analysis for different
air pollutants and weather conditions is usually done to identify the most significant

predictor(s) and facilitate the modelling process. However, associations between dif-
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ferent predictors are not always linear in various health assessment problems, and
hence the Pearson Correlation Coefficient (PCC) used for relationship analysis and

5] is not always appropriate. The relationship between sev-

predictors screening [3
eral air pollutants of Toronto is shown as an example in Figure 2.3. The relation
between NO and NO, is approximately linear, while the linear relation between Oj
and temperature, O3 and PM, 5 as well as NOy and CO is not obvious. Using PCC
to evaluate their relevance may not be able to capture their true association, espe-

cially when choosing the air pollutants of interest that contribute to specific health

problems.
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Figure 2.3: Relations of different air pollutants for Toronto, ON, Canada.
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In order to evaluate the strength of association between different health predictors
in a general form, Mututal Information (MI) is used to quantify both the linear
and nonlinear relation in this work. MI is a measure of strength in statistics that
evaluates the mutual dependence of two random variables, which quantifies how
much information for one random variable can be obtained after observing another,
using entropy [36]. For two different air pollution variables X; and X, their MI is

expressed as

MI(X1, X2) = H(X1) — H(X1|X>), (2.1)
where H(X7) is the information entropy for X;. H(X;|X5) is the conditional infor-
mation entropy of X after observing X5, which can be expressed as:

H(X:1[X2) = H(X1, X2) — H(Xa), (2:2)

where H(X3) is the information entropy for X, and H (X7, X5) is the joint entropy
of X; and X,. The information entropy formula [87] for a random variable X with

discrete distribution is

H(X) = px(z)logypx(x)~", (2.3)
where px(x) is the probability of taking value x for variable X.

With Eqn. (2.2), Eqn. (2.3) and conditional probability formula, MI in Eqn. (2.1)

can be further formulated using probabilities as

MI(X1,X2) = 3. 5" pyxa (a1, 22) log, {pZXE;?)(If; ZZ)} , (2.4)

1 T2

where px, x, (21, z2) is the joint probability distribution of X; and X, and py, (x;)

and py,(x2) are their marginal distributions. A larger MI value indicates a stronger
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association between X; and X,, while a lower one indicates that they are weakly

associated. Zero value means that they have no statistical association.

2.3 Maximal Information Coefficient for Air Pol-

lutants Selection

MI in Eqn. (2.4) can capture both linear and nonlinear associations between different
air pollutants, although there still exist some limitations when applied to our air
pollution datasets. The first issue is that the air pollutants data are measured using
different metrics with units on multiple scales. Therefore, MIs between different
variables may have various scales, with which comparison of MIls is not possible.
The second is that calculation of the joint probability distribution in Eqn. (2.1) is
time-consuming and difficult. Therefore, Maximal Information Coefficient (MIC) is
used for association evaluation instead, which is a quantity developed from MI to
measure the association between two random variables in a normalized form. Its
main idea is to use many possible binning methods to partition the scatter plot
of variables into different bins and calculate the MIs with estimation of the joint
probability distribution accordingly. Then the gridding method with the maximal

normalized MI is chosen as the MIC formulation shown in Eqn. (2.5),

MIC(Xy, X5) = max MI(Xy, X) (2.5)

. Y
nx, xnx, <N log, min(ny,, ny,)

where ny, and ny, are the numbers of partitions for pairwise air pollutants data of

X, and X,, and N is a parameter related to the sample size S and is set to S%¢ in
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the following experiments. The range of MIC(Xy, X5) falls into [0, 1], with which
the association between pairwise air pollutants measured using different metrics can
be evaluated for comparative analysis.

Note that for the formulation in Eqn. (2.5): 1) MI(X, X5) is the mutual infor-
mation calculated based on partition of pairwise air pollution samples to ny, X nx,,
with which their joint and marginal probability distributions are estimated accord-
ingly; 2) N = S%6 is an empirical parameter setting recommended by Reshef et
al [38]; 3) theoretically, the base of logarithm (also for the above equations with
logarithm operation) can be replaced with e, 10 or other values. Here, base 2 is
used to evaluate the amount of information with unit bit. 4) the maximal value of
MI(Xy, X5) with partitions ny, X nx, is log, min(ny,,ny,), and thus M1(X;, Xs)
is normalized to [0, 1] through the division operation; 5) in practice, calculating all
nx, X nx, combinations is time-consuming. A sub-optimal MIC(X;, X5) value is
usually calculated instead; 6) MI(X;, Xs) is a general association metric between
X, and X5, while it does not provide information concerning the direction of corre-
lation as PCC; 7) although the performance of MIC is arguable in comparison with
MI [39], it provides a general metric for association measurement and facilitates the
comparative analysis.

With the MIC of Eqn. (2.5), both the linear and nonlinear associations between
pairwise air pollution variables can be captured and quantified in a general form
based on information entropy. Moreover, this metric can also be used to identify the

most significant predictor(s) for the health consequence of interest through evaluation
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and sorting of their associations. In the following section, we will show the effect
of MIC metric in correlation analysis and health predictors identification through

experimental tests on the NAPS and NMMAPS datasets.

2.4 Experiments and Discussions

2.4.1 Tools for Experiments

With the above MIC formulation, quantitative experiments and analysis are made
based on the aforementioned datasets. Several statistical tools are utilized to process
the original data and facilitate the experimental process and the main tools are briefly
introduced as follows.

i) The experiments are mainly performed using the Python (version 3.7.13) lan-
guage in a virtual environment.

ii) SciPy (version 1.7.3) [90] is used for calculation of PCCs with Python. SciPy is a
scientific computation library designed for efficient numerical computation based
on NumPy, including various tools for applications in optimization, linear algebra,
signal and image processing, etc. Its scipy.stats submodule for statistics is
utilized for the following experiments.

iii) minepy (version 1.2.6) [91] is used for calculation of MICs with Python. minepy
is a library developed for efficient computation of maximal information-related
association. Its minepy.MINE submodule is utilized for computation of MICs in

the following experiments.
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2.4.2 Numerical Results

First, experiments on the NAPS datasets are performed to show the effect of PCC
and MIC in association evaluation. Then MIC is used to identify the most significant
predictor(s) in different health outcomes based on the NMMAPS datasets.

The association of different air pollutants (including temperature) evaluated using
PCCs (absolute values) and MICs for Toronto, ON, Canada are presented as in the
heat map of Figure 2.4. It can be seen from the figure that
a. The values of correlation measured using MICs are relatively milder than using

PCCs in general.

b. Compared to PCCs, the influence of T on concentrations of air pollutants is
smaller evaluated using MICs except for NO and NO,. Both PCCs and MICs
show that CO, NO, NO,, NO, and SO, are weakly associated with T, while
MICs show a relatively stronger relationship between NO or NO, and T. This
implies that PCCs are not able to capture all the association and cannot fully
reflect their relevance for predictors screening and variable selection.

c. CO and PM, 5 are correlated with the other six elements evaluated using both
PCCs and MICs, with MICs showing weaker relations. SO, and Os are also
shown to have some relevance with other five pollutants using both PCCs and
MICs. However, MIC shows a mild relationship between SO, and O3, where their
PCC shows they are almost independent. This is another case that PCC does
not fully capture the association between different pollutants.

d. Although the MIC values are relatively smaller, both PCCs and MICs show strong
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correlations of NO, NO,, and NO,, as these pollutants usually come from human
activity and have the same sources like industrial emission, fossil fuel electric
utilities and motor vehicles.

e. Compared to PCC, as MIC can capture multiple types of association instead
of only linearity, it provides a more effective approach for dependency analysis
and has the potential to facilitate predictor(s) selection for air pollution-related
health assessment models like GAMs as well as analysis of their risk contributions

therein.

Absolute PCC

- 1.0

SO, PMys O3 NOx NO, NO CO T

T

T CO NO NO; NOx O3 PMj5 SO, T CO NO NO; NOx O3 PMj5 SO,

Figure 2.4: Comparison of PCCs and MICs with data of all seasons for Toronto, ON,
Canada.

As the health risk in air pollutant-related risk assessment models like GAMs
are usually evaluated for different seasons, relations of different air pollutants using
data of both warm (from April to September) and cold (from October to March)
seasons are evaluated and presented in Figure 2.5 and Figure 2.6, respectively. It can

be seen from the figures that in both cold and warm seasons association evaluated
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Figure 2.5: Comparison of PCCs and MICs with data of cold seasons (from October
to March) for Toronto, ON, Canada.

using MICs are milder than using PCCs in general, following the patterns in Figure
2.4. However, MIC values for T and NO, T and NO,, and T and NO, in cold
seasons, as well as MIC values for T and NO,, CO and Oz, NO and PMy 5, NOy
and Oz in warm seasons are all larger than their PCC values. This means that

in these different season scenarios MIC still shows its capability to capture more
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Figure 2.6: Comparison of PCCs and MICs with data of warm seasons (from April
to September) for Toronto, ON, Canada.
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association between different air pollutants compared to PCC, and that PCC may

lead to incorrect association conclusions in nonlinear situations.

Note that in the above analysis: 1) values of PCC are mainly used for compar-
ison and they might be meaningless in situations where the association of different
elements is not linear; 2) values of MIC mean more for comparative analysis than for
correlation strength identification; 3) MIC measures the general correlation without
reporting correlation type or direction.

Experiments are further performed using datasets of Chicago, Illinois. MIC is
used to evaluate the correlation between different predictors and mortality from var-
ious causes, in order to identify the most significant air pollution (and temperature)
factors concerning the outcome. Test results are presented in Table 2.1 and it can
be seen that:

a. Generally, older people (Age-3 category) are more sensitive to T than the other
two categories for different health outcomes. SO, has relatively low association
with all health outcomes of three age categories compared to other predictors. CO
has relatively higher association with all health outcomes of three age categories
than NO,, O3 and PMy, .

b. For the differing health outcomes of age categories Age-1 and Age-2, the MIC of
PM; is greater than that of both NOy and O3. For the health outcomes PNEINF,
PNEU, and RESP of Age-3, PM;y has also higher association compared with
NO, and Ogz, while for all-cause mortality, CVD and COPD of Age-3, O3 has the

maximum MIC of the three air pollutants.
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Health Age MIC
Outcomes Category T CO NO, O; PM;o SO,

Age-1  0.0637 0.0722 0.0389 0.0478 0.054 0.0314
All-cause  Age-2  0.0777 0.0736  0.0393 0.0418 0.0478 0.0347
Mortality — Age-3  0.1217 0.0729 0.0413 0.0681 0.0553 0.0273
Total  0.1443 0.0748 0.0485 0.0624 0.0575 0.0321

Age-1  0.0634 0.0732 0.0431 0.0422 0.0503 0.0302
Age-2  0.0686 0.0719 0.0397 0.0409 0.0504 0.0372

CVD
Age-3  0.1161 0.0779 0.0416 0.0664 0.0524 0.0277
Total 0.1186 0.0767 0.0409 0.0597 0.0595 0.0358
Age-1  0.0503 0.0695 0.0451 0.0421 0.0532 0.0268
COPD Age-2  0.0468 0.0746 0.039 0.0443 0.0498 0.0243
Age-3  0.0579 0.0722 0.0415 0.0496 0.047 0.0267
Total 0.0595 0.0681 0.0389 0.0443 0.0491 0.0271
Age-1  0.0549 0.0761 0.0382 0.0441 0.0551 0.0295
PNEINF Age-2  0.0588 0.0739 0.0389 0.0381 0.0495 0.0248
Age-3  0.0861 0.0746 0.0406 0.0517 0.0565 0.0224
Total 0.0937 0.0735 0.0412 0.0551 0.0553 0.023
Age-1  0.0546 0.0763 0.0381 0.0432 0.055 0.0294
PNEU Age-2  0.0582 0.0732 0.0387 0.038 0.0494 0.0248
Age-3  0.0857 0.0746 0.0409 0.052 0.0562 0.0225
Total 0.0923 0.0737 0.0408 0.0553 0.0551 0.0227
Age-1  0.0581 0.0708 0.0418 0.0477 0.0562 0.0252
RESP Age-2 0.055 0.076 0.0386 0.0442 0.0491 0.0226

Age-3  0.0891 0.0767 0.0449 0.0561 0.057  0.027
Total 0.0954 0.0672 0.0432 0.0581 0.0504 0.0284

Table 2.1: MICs between air pollutants and daily mortality from different causes for
Chicago, IL, the U.S. All-cause Mortality is the all-cause non-accidental daily mor-
tality. CVD, COPD, PNEINF, PNEU are RESP are short for cardiovascular deaths,
chronic obstructive pulmonary disease, pneumonia and influenza, pneumonia and
respiratory deaths. They represent the daily mortality from corresponding causes.
Age-1 is for under 65 years of age, Age-2 is for 65 to 74, and Age-3 is for over 75.
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c. For age category Age-1, CO has the greatest MIC on all health outcomes. With
age increasing (from Age-2 to Age-3), T gradually becomes the most associated
predictor for different health outcomes except COPD, where CO keeps the most
associated one, although the influence of T increases and becomes the second
most related factor.

d. For age category Total, the association between each health outcome and differ-
ent air pollutants (temperature) is influenced by composition of the three age
categories. All the health outcomes of Total are most associated with T and CO
and least associated with SO5 using the measurement ofMIC. Both O3 and PM;,
have greater MIC than NO, for different health outcomes.

e. Besides the above trend, for a specific health outcome, the most associated pre-
dictor(s) can be selected by sorting the corresponding MIC values in descending
order.

For practical application in air pollution epidemiology, it is worth mentioning
that: 1) MIC is a normalized form of MI that can evaluate the association between
two different predictors (air pollutant exposure, temperature, etc.), or between a
predictor and the health outcome for comparative analysis and main predictors iden-
tification; 2) MIC is a measurement between two random variables, which cannot
decide if the impact of one predictor on health outcome of interest outweighs those of
several other factors; 3) from both visual analysis of Figure 2.2 and the MIC values
in Table 2.1, temperature (T) plays an important role in daily all-cause non-acciden-

tal mortality and mortality from several other diseases, especially for elder people,
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and it might be worth pursuing further investigation of its role and formulation in

GAM-based health outcome assessment models.
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Chapter 3

LSTM Model for Health Outcome

Assessment

In this chapter, an LSTM model is developed to evaluate the adverse impacts of air
pollutants on public health. The LSTM network is used to extract dependencies from
air pollution time series with distributed lags, and the dependent features are utilized
for health outcomes assessment. Part of this chapter is published in the proceedings
of the 6th International Conference on Statistics: Theory and Applications (ICSTA

2024) [92].

3.1 Introduction of LSTM Network

An LSTM network is a kind of artificial neural network proposed by Hochreiter and
Schmidhuber [93] in 1997. It is an improved version of Recurrent Neural Network

(RNN) [94, 95] that is developed to deal with sequential data and originates from

29



the recursive Hopfield network [96]. The elementary structure of RNN is shown in
Figure 3.1, where ®; 1, ; and x,,; are sequential vector inputs, h; 1, h; and h;
are sequential outputs, and the repeating module A is some neural network. Arrows

represent the direction of information flow.

D

A

Figure 3.1: Elementary structure of RNN

One unique feature of the RNN in Figure 3.1 is that information from the previous
processing module A can be utilized by its successor. The passage of “recurrent”
information makes RNN the natural choice to deal with sequential data like voice or
video sequences, as well as other kinds of time series data. However, the following
several main disadvantages [97, 98] limit its application in practice:

1) Basic RNNs suffer from the problem of exploding or vanishing gradients. As
the algorithm of backpropagation through time (BPTT) is usually applied for
model training, then the error gradients are propagated and calculated based on
the chain rule. Once the gradient of a processing module A becomes smaller or
larger, multiplications of these gradients from As of different timestamps tend to
explode or vanish, which makes RNNs difficult to train.

2) Basic RNNs can hardly process long-term sequential data. Influenced by the

gradient issues, it is difficult for RNNs to capture the long-term dependencies in
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longer sequences, where the training process becomes unstable.

3) Other important but more general issues met by most artificial neural networks
like complexity of training, overfitting and generalization, depth of the networks,
etc., also exist for traditional RNNs.

Aiming at the above issues of RNN, LSTM networks are specifically designed to
mitigate the gradient exploding or vanishing problem and the long-term dependency
problem. The key ideas of LSTM networks is to use a “cell state” to store information
and use “three gates” to regulate the information flow. More specifically, the “cell
state” stores information over time, where for each timestamp it interacts with the
“three gates” for state update. The first step is the interaction with the “forget
gate”, which decides how much old information from previous timestamp needs to
be removed from the “cell state”. Then the “input gate” regulates how much new
information from present timestamp is to be added to the “cell state”. At last,
through the “output gate”, the “cell state” is optionally passed to the next time step
after manipulation and update. A detailed mathematical description of the above
process used in the air pollution-related health assessment problem is presented in
Section 3.3 below.

With the gate mechanism regulating information flow and alleviating the gradi-
ent issues, LSTM network can store “short-term memory” in “long” time steps and
capture the long-term dependency. Thus, it has been successfully applied to a large
set of machine learning problems that need to handle the time-dependency issue

across long time gaps of sequential data, such as natural language processing [99],

31



speech recognition [100], machine translation [101], and time series forecasting [102].
As to the air pollution-related health impacts problem, people are generally exposed
to multiple air pollutants across long periods before some health events occur, where
the air pollutant concentration levels are typical time series. This inspires the ex-
ploration of applying LSTM networks to capture the dependent impacts of previous
air pollution exposure on future public health outcomes, i.e., distributed lags in this

research.

3.2 Data Reorganization

In order to facilitate the following formulation and description of a LSTM network-
based health outcomes assessment model, the air pollution time series data and
health outcome data of Section 2.1 are reorganized as follows.

First, the original air pollutants data and health outcomes data are scaled through
standardization:

Ty — Uy

SL’SJ = y (31)

Oz

where z; is the i*® data point in the original time series datasets for each category,
itz and o, are the mean and standard deviation values, and x; is the corresponding
standardized value. After standardization, each variable of the original data is scaled
to have a mean value of 0 and a standard deviation of 1. The main purposes of the
above standardization operation are to:

1) reduce the influence of scales from different kinds of data, as ambient air pollu-
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tants are generally measured and recorded with different metrics and scales;
2) accelerate the process of searching for the optimal network parameters during the
training of the LSTM;
3) improve the generalization ability of the network by reducing overfitting.
Second, the datasets are further reorganized, with each element being a vector con-
sisting of a series of the standardized data. Assuming the length of vectors after

reorganization is m, the vectorized data sample can then be expressed as

Ls; = ['Ts,ifmqtly Tsi—m+2," " 7'1‘5,1']7 (32)

where x; is the i reorganized data sample. The new reorganized datasets are

[ms,b Ls2, ", ms,n—m—i—l]y (33)

where n is the length of original data series, becoming n — m + 1 after reorgani-
zation. The purpose of this operation is to facilitate the inputs during training of
the following LSTM model. It is worth mentioning that parameter m has the same
meaning as the time lag used in GAM-type health assessment models and the ex-
pression in Eqn. (3.2) includes distributed lags which means sequential exposures

from timestamp 7 — m + 1 to timestamp i.

3.3 LSTM Model for Health Outcome Assessment

3.3.1 LSTM Network for Feature Information Extraction

For some public health outcome of interest at the time period ¢, the LSTM network
used for sequential information extraction from multiple air pollution time series
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of length m, i.e., exposure from previous m time periods, is shown in Figure 3.2.
The LSTM network has r stacked layers to process the input sequence and each
layer has m repeating neural network modules A. The input to the LSTM model is
[Tst—m+1s Tst—m+2, - - > Ls¢|, 1.€., multiple air pollutant concentration (exposure) se-

quence of previous m periods, and its output is the extracted feature vector sequence

with temporal dependency [R,t—mi1, Brt—m2, -+, Ryl
air pollutants LSTM network LSTM output
ime series
(_Jh

Figure 3.2: LSTM network for sequential information extraction.

Note that in Figure 3.2: 1) each element xs; (j =t —m+1,--- ,t.) of the input
air pollution sequence is a vector consisting of multiple air pollutants, which is a
generalized expression of the scalar element in Eqn. (3.2) for single air pollutant; 2)

the dimension of the output of module A for each layer, hy; (k = 1,---,r, j =
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t—m+1,---,t.)is [, which can be different from the dimension of the input, @ ;;
and 3) m, r and [ are three parameters that determine the network structure.

The repeating module A uses three specifically designed “gates” and a “cell state”
to regulate and extract information from the input, where “gates” are essentially
sigmoid functions (between 0 and 1) that decide the information flow, with 0 for
“completely blocked” and 1 for “completely passed”, and “cell state” is used to store
the dependent information extracted from the input sequence. As operations for
different layers are alike, layer number k& is neglected in the following description.

For period j, how much information from “cell state” C;_y, i.e., stored information

from last period j — 1, should be blocked is decided by gr ; of the “forget gate” as
gr,; = O'(’LUF "X j T UF - h,j_l + bF), (34)

where wg, up and br are network weights and biases. o(-) is a sigmoid function.
The value of gr; is decided by both the air pollution concentration x; in the 5t
time period and extracted information h;_; from the (j — 1)** time period.

Then the “input gate”, Eqn. (3.5), is used to decide how much new information

from the candidate “cell state”, Eqn. (3.6), could be added to C;_;:

gi; = a(wI “ X+ Uy - hj_l + bl) (35)

C’ = tanh(wc - @5 +uc - hj_1 + be), (3.6)

where wr, ur, we, and uc are network weights, and by, b are network biases. Note

that tanh is the hyperbolic tangent activation function. Together with the “forget
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gate”, the “cell state” output from the ;™ module is updated as C; in Eqn. (3.7):
Cj =dgr,j ® ijl -+ gr; O) C]/, (37)

where © is the Hadamard product. The new “cell state” C; blocks part of old
information C;_; from last time period j — 1 and adds part of new information C;
from current time period. Finally, C; is passed to the next time period j 41 as well

as to the next network layer after being processed by the “output gate” as:

go,j = o(woxs; + uoh;-1 + bo) (3.8)

h; = go ; © tanh(C}), (3.9)

where wo, uo and bg are weights and biases. The output h; of a module A is
decided by both the updated “cell state” C; and the “output gate” go ;.

With the above regulation through m time steps of r layers, dependent informa-
tion h,; (j=t—m+1,t—m+2,---,t) is extracted from the input air pollution
sequence, which can be further used to assess the air pollution-related health out-
come of interest. Note that in the above description: 1) the inputs to each layer of
LSTM network are outputs of module As from the previous layer except for the first
one where its inputs are the air pollution sequences; 2) for the first time period of
each layer (j=1), its input h;_; and C;_; from last time step are zeros; and 3) the
meaning of extracted feature vector h,; (j =t—m+1,t—m+2,--- ,t) is determined

by the health outcome of interest and may be different for various health events.
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3.3.2 Health Outcome Assessment

With the sequential information [Ry t—m1, Rrt—mi2, -+ , hyy] extracted from the in-
put air pollution sequence through the LSTM network, health outcomes of interest
are assessed using combinations of these features. As these extracted features from
previous exposure of m time periods may have different contributions to the health
outcome at time period t, weighed evaluation of the lagged effects is used for health

outcome assessment as shown in Figure (3.3).

oy p—
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Figure 3.3: Health outcome assessment with weighted evaluation of lags

First, a linear transformation layer L; with m processing units is used to combine

the [ features in each h, ;,j =t —m+1,t —m+2,--- ¢,
!
Li(j) =Y wijh (i) +bjj=t—m+1t—m+2 t (3.10)
i=1

with w; ; and b; the weight and bias, respectively. Then, a softmax layer SF' is used

to generate weights for the output sequence of L; by mapping their values to (0, 1):

eL1(9)

wj=SF(j)=————,j=t—-m+1t—m+2, .t (3.11)

Z eLl (])
Jj=t—m+1

where w; is the weight for the influence of air pollution exposure in time period j on

some health outcome. After that, a sum layer S is used to combine each feature of
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h, ; from m time periods with weighted evaluation of their impacts as Eqn. (3.12):

t

Sy = > wihy(i)i=1,2-- 1 (3.12)

j=t—m+1

Finally, the impacts of [ features are combined to assess the health outcome of interest

through a linear transformation layer Ls:
!
output = Ly[S(i),i =1,2,-- 1] = Y _w|S(i) +b, (3.13)
i=1

where w, and b are weight and bias.

Note that in the above formulation: 1) exposure to air pollution from t —m+1 to
t is used to assess the health outcome at t, where other periods of interest can be used
instead; 2) w; in Eqns. (3.11) and (3.12) is the weight for the j™* feature vector h,
and is shared by all [ features therein to evaluate the impacts of distributed previous
exposures; 3) w, in Eqn. (3.13) is the weight evaluating combined impacts of the 4}
element in all the extracted feature vectors; 4) the LSTM network is used to process
and extract chronically dependent information from the input air pollutant series
through each layer, as well as to capture and fit the relation between input sequence
and health outcome through multiple layers together with the subsequent evaluation
layers; 5) the output from Ls is the health outcome of interest at time period t,
which can be mortality count, morbidity count, cardiovascular disease count, and

other metrics.
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3.4 Results and Discussions

Performance of the proposed model was tested through experiments on datasets

from Chicago and the NMMAPS database. Daily all-cause non-accidental mortality for

three age groups were used for assessment. Besides T, air pollutants of interest were

selected from NOy, CO, SOq, O3 and PM;,. All categories of data were preprocessed,

reorganized and split into two parts, with 70% for model training and the remaining

30% for performance evaluation. Note that due to the temporal structure of the data,

the split was enforced to give contiguous data; that is, the train was the first 70%

and the test was the final 30%. The following three experiments were performed.

i)

ii)

iii)

For different lengths of input air pollutants sequence m, experiments were per-
formed to demonstrate the performance in capturing the impacts of distributed
lags (previous exposure).

Single-pollutant and multipollutant models are constructed and tested to show
the performance in adapting to both single and multiple air pollutant (s).
Comparison was made with a standardized GAM model widely used in air pol-

lution epidemiology, Eqn. (3.14), to illustrate the advantage of proposed model,
log(pe) = Bo + Pixs + B2DOW, + NS(T', df = 3); + NS(Time,df = 6/yr); (3.14)

where ; is the daily mortality, y; is the daily mean concentration level of air
pollutant of interest, 5y, #1 and [y are linear coefficients, DOW, is a factor
variable for day of week, and NS is the natural cubic spline regression function
with degree of freedom df = 3 for daily mean temperature 7" and df = 6 per year

for Time. Note that to accomplish this, the data that was fed into the LSTM
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was pre-filtered to account for time, so allow for a more accurate comparison.

3.4.1 Performance Metrics

The performance metrics used to evaluate all experiments are Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE) and Explained Variation (R?). Their formulas are shown in Eqns. (3.15

- 3.18).

n

1
RMSE =, |~ ;(ym‘ — Y1) (3.15)
1 n
- ; lypi — yril (3.16)
I Yri — Ypi
MAPE = — e 3.17
n L . 2
R2 — 1 _ Ziil(yTﬂ yPﬂ) (318)

Yo (yri — ur)?

where yp; and yr; are the i*" predicted daily mortality and its actual value, yr is the
mean actual value, and n is the total number of samples used for evaluation. Both

performance metrics are calculated using the standardized data in all experiments.

3.4.2 Parameter Settings

PyTorch (version 1.8.1+cpu) was used to construct the LSTM model. The main hy-
perparameters of the LSTM network during training and test are listed in Table 3.1.

The optimizer used was the Adaptive Moment Estimation (ADAM) algorithm, where
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a variable learning rate with a decay rate of 0.95 per 100 epochs was used to accel-

erate the convergence of model training process.

Parameter Value Description
r 3 number of hidden layers
m 1-12 length of input sequence
[ 13 dimension of extracted feature
epochs 5000 training time periods
Ir 5e-2 initial learning rate

decay 0.95 decay of Ir every 100 epochs

seed 65 random seed

Table 3.1: Main parameters setting for the LSTM model.

3.4.3 Numerical Results

Tests with different m

For T, PM;y and Og, the losses during the training process, performance metrics
on both training and test sets, and comparisons between predicted mortality and
actual count for different lengths of input air pollution sequence m are shown in
Fig. 3.4, Table 3.2 and Fig. 3.5. The variation in the losses in Fig. 3.4 demonstrates
that for different lengths of input air pollution sequence the proposed LSTM model
has good convergence properties, and lagged impacts of distributed exposure can
be accommodated for daily mortality assessment. Performance metrics in Table 3.2
show that both the Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE) values have general downward trends on the training set with the length
of input exposure sequence, i.e., m increasing. With a longer term of exposure
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sequence, more useful features and information can be extracted through the LSTM
network for mortality assessment. For issues of data noises, distribution differences
and possible overfitting, downward trends of the performance metrics are not obvious
on the test set.

Another two experiments were performed to further demonstrate the perfor-
mance of the proposed model with different lengths of air pollution sequence m.
Besides T, the air pollutants were selected based on the MIC between each pollu-
tant and the mortality, and the most associated three and four air pollutants, i.e.,
PM;y + O3 + CO and PM;g + O3 + CO 4+ NOy were used for tests. Experimental
results are shown in Table 3.3 and Fig. 3.6 through Fig. 3.9. Similar to Fig. (3.4),
the training losses in Figs. 3.6 and 3.8 further demonstrate the good convergence
properties of the model, and comparisons in Figs. 3.7 and 3.9 roughly show that the

LSTM model can capture short-term variations and long-term trends in both tests.

RMSE MAE RMSE MAE

TrS TeS TrS TeS TrS TeS TrS TeS

0.614 1.357 0.441 1.040 0.080 1.459 0.047 1.156
0.192 1.909 0.098 1.455 0.048 1.387 0.030 1.114
0.095 1.679 0.042 1.323 m=9 0.055 1.460 0.032 1.157
0.094 1574 0.047 1.219 m=10 0.066 1.394 0.034 1.108
0.092 1.561 0.050 1.223 m=11 0.059 1.398 0.031 1.127
0.042 1472 0.026 1.145 m=12 0.049 1.372 0.028 1.101

S 5 3333

Table 3.2: Performance comparison for different m on the training and test sets (TrS:
training set, TeS: test set).

Downward trends are not obvious for both performance metrics in Table 3.3 with
m increasing.
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Figure 3.4: Training losses for different lengths of air pollution exposure sequence
(m=1-12).

43



== Actual Mortality =— Prediction_train - Prediction_test
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Figure 3.5: Comparison between prediction and actual daily mortality (m=1-12).
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Figure 3.6: Training losses with air pollutants PM;o 4+ O3 + CO.
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== Actual Mortality = Prediction_train --* Prediction_test

Daily Mortality
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Figure 3.7: Comparison between prediction and actual daily mortality with air pol-
lutants PM;q + O3z + CO.
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Figure 3.8: Training losses with air pollutants PM;q + O3 + CO + NOs.
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== Actual Mortality = Prediction_train --* Prediction_test

Daily Mortality
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Figure 3.9: Comparison between prediction and actual daily mortality with air pol-
lutants PMlO + 03 + CcO + N02
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PM;y + O3 + CO PM;y + O3 + CO 4+ NO,
RMSE MAE RMSE MAE

TrS TeS TrS TeS TrS TeS TrS TeS

0.493 1.480 0.360 1.146
0.067 1.887 0.038 1.439
0.084 1.551 0.039 1.230
0.060 1.539 0.026 1.240
0.081 1.493 0.041 1.190
0.073 1.428 0.029 1.125
0.035 1.396 0.022 1.112
0.049 1.404 0.029 1.107 0.034 1.368 0.022 1.099
0.082 1.433 0.035 1.144 0.048 1.386 0.026 1.114
m=10 0.138 1.500 0.053 1.179 m=10 0.056 1.470 0.028 1.169
m=11 0.074 1471 0.037 1.154 m=11 0.037 1.320 0.020 1.053
m=12 0.067 1.389 0.039 1.120 m=12 0.027 1.397 0.016 1.117

0.505 1.475 0.347 1.123
0.066 1.665 0.038 1.318
0.051 1.725 0.028 1.358
0.046 1.559 0.028 1.225
0.030 1.490 0.019 1.192
0.029 1.455 0.021 1.156
0.023 1.487 0.014 1.202

S 3333383383
@OO\]@C”Y‘%C«O[\DH

S 553333383
@OO\]CDALTH;C«O[\:))—‘

Table 3.3: Performance comparison with different air pollutants (TrS: training set,
TeS: test set).

Tests for multiple air pollutants

Test results for different combinations of air pollutants and T are shown in Table 3.4
and Fig. 3.10. As shown in Fig. 3.10, the proposed model can accommodate multiple
air pollutants and have good convergence properties for different combinations. As
shown in Table 3.4, both RMSE and MAE have roughly downward trends on the
training set with the kinds of air pollutants increasing, where more types of air
pollutants can provide more mortality-related information to the LSTM network for
feature extraction and outcome assessment. Both metrics on the test set are not
as perfect as their counterparts on the training set. The first reason is that data

distribution of the test set may not be exactly the same as that of the training
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set, which lowers the model’s generalization ability. The second one is that noise
from air pollutant series of the training set may lead to overfitting that lowers the
models’ performance on the training set. Nonetheless, the proposed model shows
great potential in multipollutant-related health outcome assessments as shown by
comparison between prediction and actual mortality on the right-side subfigures in

Fig. 3.10.

RMSE MAE
single /multiple air pollutant (s)

TrS TeS TrS TeS

PMg 0.079 1.494 0.044 1.87
PM; + O3 0.081 1.460 0.047 1.157
PM;y + O3 4+ CO 0.063 1.383 0.027 1.096

PM;y + O3 + CO 4+ NO, 0.042 1.393 0.021 1.113
PM;p + O3+ CO +NOy + 50O, 0.028 1.482 0.011 1.174

Table 3.4: Comparison of performance metrics with different air pollutant (s) (TrS:
training set, TeS: test set, m=7).

Comparison with GAM

Performance of the LSTM-based model is compared with a standard GAM used
in air pollution epidemiology as Eqn. (3.14) and the results are shown in Table 3.5
and Fig. 3.11. R (version 4.3.1) was used for the experiments of the GAM with
the packages mgcv (version 1.8.42) and splines (version 4.3.1). The selected air
pollutant of interest is PM;y, which has attracted lots of attention from researchers
in this field. Distributed exposure sequence from period t —m—+1 to t is input to the
LSTM model for daily mortality assessment at period ¢ and single exposure at t —lag

is used by the GAM for assessment. These two formulations are a distributed-lag
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Figure 3.10: Training losses (left side) and comparison between prediction and actual
mortality (right side) for single and multiple air pollutant (s) (m=7).

model and a single-lag model. In addition, as GAMs used in air pollution-related
health risk assessment are generally for retrospective studies, all data are used to

calculate the model parameters. As shown in Table 3.5, for all four experiments
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both the RMSE and MAE of the LSTM model on the training set outperform their
counterparts of the GAM. This demonstrates that the proposed LSTM model can
better fit the health outcome, i.e., daily mortality using distributed lags, than the
GAM using only a single lag. It also shows that in a retrospective study, the LSTM
model can better assess the health outcome taking advantage of the impacts from
distributed lags. Due to problems of data noise, data distribution differences and
model overfitting as mentioned in previous experiments, performance of the LSTM
model on the test set is not as good as on the training set and are exceeded by their
counterparts of the GAM as showed in Table 3.5. However, both the RMSE and
MAE of the GAM are calculated based on the training set, i.e., the whole dataset,
and their counterparts of LSTM are calculated on the test set only, making direct
comparisons more difficult.

In addition, there are several points worth mentioning for this comparative ex-

periment:

1. GAMs applied in air pollution epidemiology are generally used to fit historical
data and lack the capability of predicting future health outcome with new air
pollution exposure data, i.e., they are used for retrospective studies, not for

predicting;

2. limited by their generalized linear formulation, GAMs are more suitable for
evaluating the impacts of single lag and single pollutant instead of distributed
lags and multiple pollutants, which are the desired modeling outcomes (that

is, they are not entirely fit for purpose);
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3. the LSTM model has better adaptability in accommodating distributed lags
and multiple air pollutants and can synthetically evaluate the impacts from

historical air pollution exposure.

LSTM GAM

RMSE MAE RMSE MAE
TrS TeS TrS TeS TrS TrS

2 0.2360 1.9299 0.1354 1.4055 lag=1 0.8818 0.6992
=4 0.0961 1.6528 0.0519 1.2745 lag=3 0.8823 0.6994
6 0.1495 1.4961 0.0587 1.1822 lag=5 0.8819 0.6992
8 0.0744 1.4096 0.0363 1.1193 lag=7 0.8824 0.6994

Table 3.5: Comparison performance metrics between the LSTM model and the GAM
(TrS: training set, TeS: test set).

Note that in the above numerical experimentation: 1) parameters of the LSTM
model can be further tuned for performance improvement; 2) the downward trends
for both metrics may not remain with m or types of air pollutants continue increasing
due to redundant information brought by associated elements; 3) either the exposure
periods of interest or combinations of air pollutants of interest can be adjusted for
specific applications; 4) other health outcomes like morbidity or mortality from air

pollutants of interest can also be evaluated instead.

3.4.4 Conclusion

At their most simplistic, we can think of the LSTM models as being nonlinear au-
toregressive models: similar to time series regressions, but with the relaxation of the

linearity of the predictors, and similarly the relaxation of the explicit causal autoco-
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Figure 3.11: Comparison between the LSTM model and the GAM for daily mortality
assessment.

variance structure. In this chapter, we have demonstrated that it is possible to fit
and tune LSTM models on time-lagged air pollution and health outcome data and
to obtain high precision predictive models.

The challenge which remains is how to take these predictive models and practi-
cally use them! In practice, the use of GAMs comes down to extracting one or more

coefficients to particular predictors, treating these as “risks”, and assuming that
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they correspond to directly interpretable measurements of the potential impact (on
human health) of rises in air pollution. This interpretation is lacking almost entirely
from these LSTM models — they are predictive, but without the direct coefficients
that we are used to. Typical LSTM models may have tens or hundreds of thousands
of “coefficients”, and we can’t do much with those.

How to deal with this while retaining the incredible predictive power of LSTMs
remains an open question, and in the next chapter we will begin exploring what we
can, and cannot, say about these models, and the implications for the explanation

of health outcomes that can be associated with air pollution exposure.
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Chapter 4

Interpretability of

Mortality-Estimate LSTM Model

To explore the reliability and utility of the LSTM model for the evaluation of health
outcomes developed in Chapter Chapter 3, this chapter addresses the interpretabil-
ity of the proposed model. Following a review of recent literature on interpretabil-
ity techniques applied to LSTM models, we employ the LIME method to analyze
the importance of characteristics within the proposed LSTM framework to assess
pollution-health associations. Using LIME, we examine the temporal significance
of predictors in estimating mortality outcomes based on climate and environmental
data. Furthermore, this chapter explores the relationship between the importance
of features, specifically, O3 and PM;,, and temperature within the context of the

LSTM model.
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4.1 Explainable LSTM models

Although deep learning methods have demonstrated remarkable success in regression
tasks, consistently excelling in performance metrics such as RMSE, MAE, Mean Ab-
solute Percentage Error (MAPE), and Explained Variation (R?), skepticism about
their broader applicability and reliability persists. A key concern lies in their lim-
ited capacity to incorporate domain-specific knowledge, which is essential to ensure
interpretability and trustworthiness, particularly in critical fields such as healthcare,
environmental science, and finance. These models are often criticized as “black-box”
approaches due to their inherent opacity, making it challenging to discern how input
variables influence outputs. Also, LSTMs require careful tuning of parameters like
learning rate and dropout rate, which can be time-consuming. To address these
limitations, recent efforts have focused on advancing explainable Al techniques and
developing methods to interpret neural network models [103, , , , ].

When the focus is narrowed to LSTM models, interpretability becomes even more
crucial, given their widespread use in time series forecasting and sequence modeling.
Methods aimed at improving the transparency of LSTM models can be broadly
categorized into two main approaches. The first involves intrinsically explainable
models that integrate interpretability directly within the network architecture. The
second relies on post hoc explanation techniques, which extract insights from pre-
trained models using methods such as structure-based propagation or surrogate local
models (e.g., linear approximations).

In the first category, the temporal nature of LSTM algorithms has inspired the
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adoption of self-attention mechanisms to improve interpretability. For example, [108]
proposed a LSTM model augmented with an attention mechanism to derive infor-
mation in variables for explanatory purposes. Similarly, [109] incorporated a self-
attention module into a framework LSTM to improve interpretability in mixed input
time series forecasting. Furthermore, [110] introduced an interpretable memristive!
LSTM model, demonstrating that the insights extracted from this approach align
closely with domain expert knowledge in the built environment.

In the second category, post hoc techniques have been utilized to make LSTM
models more transparent. For example, [112] calculated the impact value of fea-
tures by integrating gradients from a LSTM model in a hydrological application.
Similarly, [I13] and [I11] used layer-wise propagation methods to improve inter-
pretability. For an LSTM model designed for the classification of DDoS attacks,
[115] utilized LIME, SHAP, Anchor, and LORE to extract the importance of fea-
tures, using input perturbations to analyze the model predictions. Additionally, in a
multi-step ARIMA-LSTM model for tuberculosis incidence forecasting [1 16], demon-
strated that SHAP-based feature importance? aligns with conclusions drawn from
domain studies. Together, these approaches represent significant advancements in
making LSTM models more transparent and interpretable, thereby addressing the
broader challenge of enhancing trust and usability in deep learning applications.

GAMs for environmental health risk assessment provide association coefficients

LA mempristive model is a mathematical representation of a memristor, which is a theoretical
electrical component where the resistance depends on the history of the electric charge that has
flowed through it, essentially acting like a “memory resistor” - meaning its resistance changes based
on past current flow, allowing it to store information [111, ]

2SHAP being the implementation of Shapley values, an idea from economics and game theory
[117] that has made its way into machine learning as a tool for interpretability.
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between log mortality and air pollutant levels, offering valuable insights for policy-
making — such as determining thresholds for pollutant concentrations to ensure pub-
lic safety. By contrast, the proposed LSTM model from Chapter 3, while effective,
lacks interpretability for credibility verification and does not produce comparable
coefficients for reference. To bridge this gap, this study applies the LIME method
to the existing LSTM model, utilizing surrogate local models to interpret feature

importance and assess their impact on mortality.

4.2 LIME method for tabular LSTM regression

Regression models establish quantitative relationships between predictors (indepen-
dent variables) and responses (dependent variables). Statistical regression models,
such as linear regression, logistic regression and the general structure of Generalized
Linear Models (GLMs) and Generalized Additive Models (GAMs), rely on clear as-
sumptions about these relationships. The coefficients then derived from such models
offer interpretable insights for further investigation.

For example, one of the important tasks for GAM models in general air pollution
epidemiology studies is to analyze the relationship between air pollution exposure
and health outcomes. Quantitative evaluation of the adverse impacts from air pol-
lution on public health can facilitate future regulation of air pollutant emission,
environmental policymaking, development of social healthcare, etc. In a standard
GAM used for short-term air pollution-related health risk assessment (Eqn. (3.14)

in Chapter 3), its main component is the air pollutant predictor. Natural cubic
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regression spline functions are used as smoothers for temperature and time to ac-
commodate the measured covariate and unmeasured confounders such as seasonal
variation and other time-dependent predictors that may influence the health out-
come of interest. This health risk assessment model is rewritten in Eqn. (4.1) to

highlight the different components and the exposure-response relation.

log(p;) = fo + Bixe + B2DOW, + NS(T' df ), + NS(Time, df ), (4.1)

Smoothers

In Eqn. (4.1), £y is the parameter of interest, reflecting the air pollution exposure
and health response association under the assumption of generalized linearity. If the
assumptions are met, it should measure the rate at which the logarithm of health
outcome g (such as daily mortality) changes per unit increase of concentration level
of air pollutant y;.

By contrast, deep learning models like the LSTM model proposed in the previous
chapter function as black boxes, producing outputs for any given input once trained,
without inherently providing explanations for the associations between inputs and
outputs. When a deeper understanding of these relationships is required — partic-
ularly for a specific localized input — a surrogate locally interpretable model, such
as linear or logistic regression, can be constructed. This approach involves using
the localized input, along with perturbations in its vicinity, and their corresponding
responses predicted by the black-box model. The surrogate model is then fitted to
this data, offering local explanations for the black-box model’s behavior.

This concept forms the basis of the LIME method. The term “vicinity” typically

refers to a defined measure of distance. For tabular input data, as in the case of
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our environmental health risk assessment LSTM model, this distance can be easily
defined, often using the Euclidean distance.

In addition, the LIME method has the potential to handle temporal dependencies,
as each date in the dataset can be seen as an instance.

The steps involved in LIME are:

e Select an Instance: Choose the specific data point you want to explain. For
example, in our LSTM model with air pollutant PM;,, O3 and CO to predict
daily mortality, we select a specific date, Jan 1st, 2000, and the inputs of that

date as an instance.

e Create Perturbations: Generate a set of new instances by slightly altering
the features of the selected instance. This step creates a neighbourhood of
similar data points. For example, if the selected instance includes features like
age, income, and tenure, you might create perturbed instances by adding or

subtracting small random values to these features.

e Make Predictions: Use the original complex model to make predictions on
these perturbed instances. This step helps to understand how the model be-

haves in the neighbourhood of the selected instance.

e Weight the Perturbed Instances: Assign weights to these perturbed in-
stances based on their similarity to the original instance. Typically, a proximity
measure (e.g., Euclidean distance) is used, where closer instances receive higher

weights. This step ensures that the explanation is focused on the local area
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around the selected instance.

e Train an Interpretable Model: Fit a simple, interpretable model (like a
linear regression or decision tree) to the weighted perturbed instances. This
model approximates the behavior of the complex model locally. The simplicity

of this model allows it to be easily interpreted by humans.

4.3 Data Preparation

Similarly to the Chicago dataset that has been used in previous chapters, data of 10

populous cities are selected from the 108 U.S. cities in the NMMAPS database, and

9 Census divisions (CDS) in Canada are also prepared for the following experiments

and demonstration of the utility of LIME.

The 10 cities in the NMMAPS database are Los Angeles, New York, Dallas/Fort
Worth, Houston, San Diego, Miami, San Bernardino, San José, Riverside, and
Philadelphia. The reasons for selecting these cities and details in the preparation of
the data are as follows.

1) The population of each selected city was more than 1.3 million by the year 2000,
which can facilitate the interpretable LSTM model analysis of the air pollution-
related health risk.

2) Considering that not all cities in the NMMAPS database have complete mea-
surement of the air pollutants of interest, these cities with relatively less missing
data are selected for analysis.

3) All-cause non-accidental daily mortality is evaluated with PM;q and O3 as the
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air pollutants of interest. For each city, the daily non-accidental mortality data

for three age categories (under 65, 65 to 74, and above 75) are aggregated as the

daily mortality observation, similar to the preparation of Chicago dataset.

4) Missing values of the air pollutants and the health outcome for each city are
interpolated using a second-order polynomial function, and the outliers are dealt
with as in experiments of previous chapters.

5) Most PM;, concentration levels in the NMMAPS database were recorded every
six days while the O3 data were collected on a daily basis. Taking into account
the formulations of the LSTM model, all these data are reorganized on a 6-day
interval, such that the original 14 years data are regrouped into a time series of
about 852 periods.

Data from nine Census Divisions (CD) in Canada were collected from public
climate and air pollutant datasets, as well as daily mortality data from Health
Canada. The CDs are Ottawa (CD3506), Toronto (CD3520), Halton (CD3524),
Hamilton (CD3525), Simcoe (CD3543), Alberta No.6 (CD4806; Calgary), Alberta
No.11 (CD4811; Edmonton), Greater Vancouver (CD5915), and Capital, BC (CD5917).
These CDs were selected on the basis of the availability of consecutive daily measure-
ments for a reasonable period of time. Ottawa (CD code 3506) has data spanning
from November 9th, 2006 to December 31st, 2015, with a total of 3340 entries.
Toronto (CD code 3520) has data spanning from August 17th, 2003 to December
31st, 2015, with a total of 4520 entries. Halton (CD code 3524) has data spanning

from June 24th, 2007 to December 31st, 2015, with a total of 3113 entries. Hamil-
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ton (CD code 3525) has data spanning from October 1st, 2005 to December 31st,
2015, with a total of 3744 entries. Simcoe (CD code 3543) has data spanning from
December 2nd, 2001 to November 27th, 2013, with a total of 4379 entries. Alberta
No.6 (CD code 4806) has data spanning from January 2nd, 1996 to December 31th,
2015, with a total of 7304 entries. Alberta No.11 (CD code 4811) has data span-
ning from January 2nd, 1996 to December 31th, 2006, with a total of 4016 entries.
Greater Vancouver (CD code 5915) has data spanning from January 2nd, 1996 to
December 31th, 2015, with a total of 7304 entries. Capital, BC (CD code 5917) has
data spanning from August 27th, 2004 to December 31th, 2015, with a total of 4144
entries. All these datasets contain consecutive daily mortality data for the specified
time periods. Additionally, 24-hour mean temperatures and air pollutants (include

PM;jy and O3) are also available (See Table 4.1).

Census Division CD Code Date Range Entries
Ottawa 3506 2006-11-09 to 2015-12-31 3340
Toronto 3520 2003-08-17 to 2015-12-31 4520
Halton 3524 2007-06-24 to 2015-12-31 3113

Hamilton 3525 2005-10-01 to 2015-12-31 3744
Simcoe 3543 2001-12-02 to 2013-11-27 4379
Calgary 4806 1996-01-02 to 2015-12-31 7304

Edmonton 4811 1996-01-02 to 2006-12-31 4016

Greater Vancouver 5915 1996-01-02 to 2015-12-31 7304

Capital, BC 5917 2004-08-27 to 2015-12-31 4144

Table 4.1: Data Summary for 9 Census Divisions (CDs) in Canada
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4.4 Interpretable LSTM model analysis with LIME

The LIME method is applied to the LSTM model proposed in Section 3.3.2. Each
input of the training data is treated as an instance for calculating LIME values.
Therefore, for any LSTM model with m inputs, such as the lag 1 to m — 1 days and
the current day, the LIME values can be calculated for each instance.

air pollutants
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Figure 4.1: The LIME explanation at two local instances in the LSTM model with
the Chicago dataset.

For the Chicago LSTM model with m = 5 and air pollutants CO, NO,y, O3
and PM; as features, the LIME values for two instances are showcased in Fig. 4.1.
Instance A represents the input data in January 5th, 1987. Instance B represents the
input data in December 1st, 1996. In Instance A, PM;q has a significantly positive
LIME value for Lag 1. In Instance B, PM;, also shows large importances for Lag 0

and Lag 4 (illustrated by the purple bars). O3 displays a large importance for Lag 3
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in both Instance A and Instance B (depicted by the green-blue bars). LIME values
and feature importances are also calculated for other training data. Figures 4.2, 4.3,
4.4, 4.5, and 4.6 present the LIME values for all instances in the Chicago LSTM
model. The LIME values for each feature or air pollutant are plotted as lines over
time.

In Figure 4.7, we present the monthly LIME values of the Chicago LSTM model
for Lag 0. The LIME values for air pollutants are illustrated in box plots, with their
monthly averages represented by yellow lines. Figure 4.8 shows the yearly average
LIME values for O3 from Lag 0 to Lag 4. The gray bands represent the smoothed

range of the LIME values.
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Figure 4.2: The LIME values for 4 air pollutions with Lag 0 in the LSTM model
with the Chicago dataset.
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Figure 4.3: The LIME values for 4 air pollutions with Lag 1 in the LSTM model
with the Chicago dataset.
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Figure 4.4: The LIME values for 4 air pollutions with Lag 2 in the LSTM model
with the Chicago dataset.
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Figure 4.5: The LIME values for 4 air pollutions with Lag 3 in the LSTM model
with the Chicago dataset.
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Figure 4.7: The monthly LIME values for 4 air pollutions with Lag 0 in the LSTM
model with the Chicago dataset.

Based on the LIME values for the Chicago LSTM model, the relative importance

of lag values was analyzed. For the feature CO, lag 0 and lag 3 were found to be

more important compared to lag 1, lag 2, and lag 4. Similarly, for features NO,, Og,

69



) v
e 0‘0
o
N
@]
|-
O
y_
Q
=2
© >
> o
= =
= ’l’\ -~ _~|-\ ————|'\
Q
o
Po—— Q'. . *
........... PN 'S
g e ) ot
Q'\
Q° 1990 1995 2000
Time

Lag0 -+ Lag2 —+ Lag4

Lagl Lag3
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Chicago dataset.

Air Pollutant Lag0 Lagl Lag?2 Lag3 Lag4
CcO 0.0204672 -0.0004625 0.0043803 0.0078123 0.0099915
NO2 -0.0255944  -0.0038639 -0.0013523 0.0105443 -0.0014620
03 0.0289017 -0.0034358 -0.0062252 0.0127930 0.0048987
PM10 0.0269475  0.0236706  0.0183971 0.0188985 0.0203165

Table 4.2: Average LIME values in the Chicago LSTM model with lag 0 to lag 4

and PMyg, lag 0 and lag 3 demonstrated greater significance than lag 1, lag 2, and
lag 4 (refer to Table 4.2). Consequently, the LSTM model was refitted using only

lag 0 and lag 3 as input variables. The average LIME values for the new model were
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Air Pollutant Lag0 Lag3

CcO 0.0384596 -0.0526886
NO2 -0.0226117 -0.0204034
03 0.0243523 -0.0122284
PM10 0.0363861  0.0451869

Table 4.3: Average LIME values in Chicago LSTM model with lag 0 and lag 3
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Figure 4.9: The Yearly Average LIME values for the LSTM model with only Lag 0
and Lag 3.

consistent with those of the original model in terms of scale (see Table 4.3). Figures
4.9 illustrate the yearly average LIME values of the new model.
To further streamline the analysis, LIME values for lag 0 and lag 3 were com-

bined, producing a single yearly average LIME value to represent the air pollutant’s
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Figure 4.10: The Yearly Absolute Average LIME values Across Lag 0 and Lag 3.

importance in the model. Given that LIME values include both positive and negative
numbers, using a simple average could result in positive and negative contributions
offsetting each other. Therefore, the absolute LIME values from lag 0 and lag 3 were
averaged to create a synthetic importance metric. The results of this approach are

displayed in Figure 4.10.

4.4.1 Sensitivity on Lag for LSTM models

To evaluate the sensitivity of the model training process to the inherently stochastic

nature of the solvers used, we aggregated the results from multiple independent

72



training iterations. This method allows us to account for the stochastic nature of
the training process, including variations introduced by random initialization, data
shuffling, and optimization dynamics. The analysis focused on the LSTM model
introduced in Chapter 3, applied to the Chicago dataset derived from NMMAPS.

We computed the density distributions of key performance metrics to provide a
robust depiction of model behavior. Specifically: RMSE, MSE, MAE, MAPE, and
R? were examined, and their distributions are presented in Figures 4.11, 4.12, 4.13,
4.14, and 4.15, respectively.

The results reveal a consistent shift toward zero for the modes of the density
distributions of these metrics as the input lags included increase (that is, as m in-
creases). This trend indicates a reduction in error and an improvement in predictive
accuracy, affirming the hypothesis that incorporating more lagged information into
the LSTM models enhances their ability to capture temporal dependencies in the
data. The findings corroborate the theoretical advantages of increasing input length
in sequence-based models: doing so reduces the error in the predictive fit of the mod-
els. Which, on some level, matches our general understanding of time series models
where including more lags almost always gives a better “prediction”, regardless of
whether there are true covariances present.

Figures 4.11, 4.12, 4.13 and 4.14 all show variations of the measurement of error,
and consistently show decreases of the mode with increasing m. However, Figure 4.15
shows the R?, i.e., the explained variation, and it shows increasing modes. These

results match nicely, and indicate that for increasing predictive power, more lags con-
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Figure 4.11: The RMSE density on test set for 50 times of training on a LSTM
model.
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Figure 4.12: The MSE density on test set for 50 times of training on a LSTM model.

tribute to success. There is some evidence in Figures 4.11-4.13 that the increasing

lags begin to have less and less influence after m = 6, which also matches our pre-
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Figure 4.13: The MAE density on test set for 50 times of training on a LSTM model.

0.200

3

0.175

0.150

ONOU A WNRK

0.125

0.100

Density

0.075
0.050

0.025 \

MAPET

Figure 4.14: The MAPE density on test set for 50 times of training on a LSTM
model.

0.000

viously understood knowledge about time series-based models and the explanatory

power of covariance structures.
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Figure 4.15: The R2 density on test set for 50 times of training on a LSTM model.
4.4.2 Analysis for Lag Significance

One of the key advantages of LSTM modeling in explaining health-environment asso-
ciation issues is its ability to account for distributed lags within the model structure.
Unlike the widely used GAM models, which typically require explicit specification
of lag terms, LSTM models inherently capture temporal dependencies across various
time steps, enabling them to model complex, non-linear relationships between envi-
ronmental exposures and health outcomes over time. This ability to automatically
incorporate distributed lags allows LSTM models to more effectively capture delayed
effects, which are often observed in health-environment studies. That is, at least,
more effectively in the sense of having higher explanatory power for the response
— explained variation being quite high. The challenge, as discussed at the end of

Section 3, is in how to interpret these complex nonlinear models and their good

76



predictive power.
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Figure 4.16: The LIME values in LSTM model with m=5 for the Toronto datasets.
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Predictor Lag Mean Median Lower 95% CI Upper 95% CI
Lag0 -0.036  -0.038 -0.037 -0.036
Lagl 0.019 0.019 0.018 0.020
NO2 Lag2 -0.022  -0.022 -0.023 -0.021
Lag3 -0.048  -0.048 -0.049 -0.048
Lagd 0.102 0.103 0.102 0.103
Lag0 -0.026  -0.025 -0.026 -0.025
Lagl 0.005 0.005 0.005 0.006
03 Lag2  0.009 0.009 0.009 0.010
Lag3 -0.014 -0.014 -0.014 -0.013
Lagd -0.021 -0.021 -0.021 -0.020
Lag0 -0.081  -0.081 -0.082 -0.080
Lagl -0.058  -0.058 -0.059 -0.057
Temp Lag2 0.018 0.018 0.018 0.019
Lag3 0.008 0.007 0.007 0.008
Lagd -0.089  -0.090 -0.090 -0.089
Table 4.4: Summary of Statistics for LIME values across Different Lags in Toronto
datasets
Predictor Lag Mean Median Lower 95% CI Upper 95% CI
Lag0 0.039 0.038 0.038 0.040
Lagl 0.024 0.021 0.024 0.025
NO2 Lag2 0.026 0.023 0.025 0.026
Lag3 0.049 0.048 0.048 0.049
Lagd 0.102 0.103 0.102 0.103
Lag0 0.028 0.026 0.028 0.029
Lagl 0.018 0.016 0.018 0.019
03 Lag2 0.019 0.016 0.019 0.019
Lag3 0.021 0.018 0.020 0.021
Lagd 0.025 0.022 0.025 0.026
Lag0 0.081 0.081 0.080 0.082
Lagl 0.058 0.057 0.057 0.059
Temp Lag2 0.024 0.021 0.023 0.024
Lag3 0.019 0.016 0.018 0.019
Lagd 0.089 0.090 0.089 0.090

Table 4.5: Summary of Statistics for absolute LIME values across Different Lags in
Toronto datasets

To address the explanatory challenges inherent in multi-lag models, we continue

to rely on LIME values, with particular emphasis on those associated with different
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lag periods.

In the case of the Toronto dataset, which includes lag values ranging from 0 to
4 and air pollutants NOy and O3, we examined the distribution of LIME values
across air pollutants and temperature. As illustrated in Figure 4.16 and Table 4.4,
the average LIME values for Lag 0 tend to deviate further from the zero baseline
compared to those of Lags 1, 2, and 3 in most instances. Additionally, LIME values
for Lag 4 exhibit notable prominence in relation to NO, and temperature, whether
in a positive or negative direction.

Furthermore, if absolute LIME values are considered as an alternative measure
of significance within LSTM models—disregarding whether they indicate positive or
negative influence — the results (see Figure 4.17 and Table 4.5) indicate that, overall,
Lag 0 holds greater importance than Lags 1 through 3. However, Lag 4 emerges as
the most significant for NOy and temperature.

Similarly, we run the experiments on other CDs from the Canadian datasets.
Figures 4.18 to 4.21 present the aggregated absolute LIME values for each lag in the
LSTM models, utilizing air pollutants O3 and PM;g, along with temperatures as in-
put features. The lag importance for a single feature in a model can be distinguished
using LIME values. It should be noted that the lag differences are not consistent
with the increment of m in the LSTM models. As more lagged data is included in
the model, the lag importance changes.

Previous studies investigating the lag importance in air pollutant-health assess-

ment research based on traditional models have shown a decreasing importance trend
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in the Chicago dataset [70]. Our application of LIME explanations on the LSTM
model, using the same data inputs, also reveals a similar decreasing importance trend
(demonstrated in Figure 4.22). This indicates that LIME is similarly assigning “im-
portance” to the higher-order lags in line with what previous studies found, i.e.,
higher lags are less important for explaining the variation in the log health effect re-
sponse. This is not surprising, but is reassuring that LIME finds the same structures

as have been painstakingly extracted from numerous previous studies.
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Figure 4.22: The LIME values for PM10 with Lags from 0 to 4 in a LSTM model

with the Chicago dataset.

The LSTM+LIME method offers an alternative approach to lag analysis, with
results that are consistent with previous studies. Moreover, this novel methodology
enables the incorporation of multiple air pollutants within a single model, allowing

for lag analysis of each individual input feature. In contrast, prior methods were
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limited to considering only one air pollutant at a time.

4.4.3 Analysis for Feature Importance in LSTM model

The LIME values derived from the proposed LSTM model may offer valuable insights
into the lagged influence of environmental variables on mortality assessments, as well
as the temporal dynamics of feature importance within the model.

For this analysis and demonstration, data from the city of Houston, obtained from
the NMMAPS dataset, was utilized. The LSTM model incorporated daily measure-
ments of temperature, PM;y, and O3 as input variables. It should be noted that this
dataset contains PM;, measurements taken every six days, instead of daily observa-
tions. To incorporate this into the tabular regression model, other variables including
O3, temperature, and mortality, are also sampled at six-day intervals. Lagged inputs
were considered for the current day and up to four preceding observation days (which
are lag 0, lag 6, lag 12, lag 18 and lag 24). The model was trained for 8,000 epochs,
after which the LIME values were calculated.

Figure 4.23 illustrates the LIME values corresponding to PM;, across various
lags, spanning the period from 1987-01-26 to 2000-12-26. The LIME values in warm
seasons are in red and the LIME values in cold seasons are represented by blue.
The LIME values reveal a clear seasonal pattern: the feature importance of PM; in
the LSTM model, as reflected by the LIME values, is generally lower during warm
seasons compared to cold seasons. A focused view can be found in Figure 4.24,

which depicts PM;y LIME values for Lag 0 during the years 1987 and 1988, and

85



LIME Value for PM10
z1be gbe obe

g1beT

yzbeT

Jan 1988 Jan 1990 Jan 1992 Jan 1994 Jan 1996 Jjan 1998 Jan 2000
Date

Season - - Cold — Warm

Figure 4.23: The LIME values for PM10 with Lags from 0 to 24 in a LSTM model
with Houston dataset.

further highlights this pattern. In warm seasons (red triangles), most LIME values
fall within the range of 0 to 0.06, while in cold seasons (blue dots), the majority are
in the range of 0.02 to 0.08. The distinction between warm and cold seasons is clearly
observed, suggesting a potential relationship between PM;, feature importance and

daily temperature. When the temperature is warmer, the model considers the PM;,
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Figure 4.24: The LIME values for PM10 with Lags 0 in a LSTM model applied to
the Houston dataset.

to be less important for explaining the variability in daily all-cause mortality; when
the temperature is colder, the PM;q is more important. This is an interesting finding.

To further explore this relationship, Figure 4.25 presents scatter plots of LIME
values for PM10 against daily temperatures in the dataset. Distinct decreasing trends
are observed across different lags. The LIME values for Lag 0 are depicted as orange
dots, while those for Lag 1 (recall: this is 1 ‘unit’, which means 6 days, so labeled
as Lag6 in the plot) are represented by turquoise triangles. Linear models fitted
to these two groups of paired data reveal negative slopes (-0.00050 for Lag 0 and
-0.00057 for Lag 6), indicating that as temperature increases, the feature importance
of PMy in predicting daily mortality using the LSTM model decreases. This finding

suggests that on colder days, PM, plays a more significant role in assessing adverse
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Figure 4.25: The LIME values for PM10 VS. daily temperatures.

health risks. These results align with a meta-analysis of 29 studies employing GAM
or GLM models [118].

A similar trend is observed in the city of San Diego. Figure 4.26 illustrates a
comparable association between PM;y and temperature in assessing mortality using
the LSTM model.

The interaction between air pollutants and temperature in relation to daily mor-
tality has been extensively studied using datasets from various regions worldwide
[119, 120, 121, 122]. All of these studies stratified temperature and applied Gener-
alized Additive Models (GAMSs) separately. In contrast, the LSTM-LIME method

introduced in our research provides new insights into this field by enabling the in-
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Figure 4.26: The LIME values for PM10 VS. daily temperatures with San Diego
dataset.

corporation of continuous temperature variables in the analysis.
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Chapter 5

Conclusions and Future Work

In this chapter, conclusions for the research in this thesis are briefly made and then
future work of further improving the proposed model to facilitate its application in

air pollution epidemiology is discussed.

5.1 Conclusions

In this thesis, an LSTM neural network model is developed to assess the public health
outcomes of exposure to air pollution, which aims to accommodate the impacts of
both distributed lags of exposure and multiple air pollutants. MIC is first used
to evaluate the association between different air pollutants and between a specific
air pollutant and health outcome of interest by means of standardizing information
entropy-based MI. It is shown through experiments on the Toronto and Chicago
datasets that the MIC can capture both the linear and nonlinear relation between

different elements, and can be further used to select the most related air pollutant
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(s) for a specific health outcome.

In Chapter 3, an LSTM neural network model for air pollution impacts assessment
is formulated. In this formulation, an LSTM network is constructed to extract health
outcome-related feature information from distributed exposure to a single or multiple
air pollutant(s), and neural network layers with adaptive weights for the extracted
features are developed to assess the health outcome. Experiments on the Chicago

dataset from NMMAPS demonstrate that:

1. the LSTM model is adaptable to single and multiple air pollutant(s);

2. the LSTM model performs well in accommodating the impacts of exposure
with distributed lags for both fitting and predicting the health outcome, as

measured by the loss function;

3. performance of the LSTM model roughly improves with the increase of the
length of exposure series, where more outcome-related temporal information is

utilized (that is, higher lag);

4. compared to single pollutant, performance of the model with multiple air pol-

lutants is better, again, as measured by the loss; and

5. the proposed model outperforms GAM in health outcome fitting accuracy, with

less errors and larger R

However, as mentioned in that Section, the primary issue is that we mostly use

GAMs for inference, not just prediction! And black-box neural network models are
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quite inappropriate choices for trying to understand constrained associations. This
led us to Chapter 4.

The proposed LSTM model, though effective at prediction as measured by the
minimization of loss, lacks interpretability for credibility verification and does not
generate comparable reference coefficients. Thus, in Chapter 4 we explored the ap-
plication of the LIME method to the LSTM model, using surrogate local models to
interpret feature importance and evaluate their impact for the prediction of mortal-
ity. The informative LIME values for all instances across time enabled lag analysis
and interaction effect analysis between air pollutants and temperature in the epi-
demiology models in a new sense. Analysis of portions of the NMMAPS and AHI

datasets revealed that:

1. In the Chicago LSTM model, where PM;y, O3, CO, NO,, and temperature
serve as input features, lag analysis reveals that Lag 0 and Lag 3 are the most
dominant in LIME importance among all lags (0 to 4). Aggregated LIME
values across these dominant lags indicate that CO has the highest influence,
whereas Oj has the lowest. In the single air pollutant model (PM,g), the
ranking of lag importance aligns with findings from another study that utilized

the traditional GAM model.

2. For the Toronto LSTM model, which incorporates NO,, O3, and temperature
as input features, Lag 0 and Lag 4 exhibit the highest absolute LIME values
among all lags (0 to 4). Across other Canadian CDs, Lag 0 consistently emerges

as the most dominant in absolute LIME values, regardless of the total number
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of lags considered in the input.

3. The interaction effect between temperature and air pollutants in mortality
assessment models is also evident in LSTM models. Notably, cold weather
is associated with increased LIME values for PM;, in both Houston and San

Diego.

5.2 Future Work

Although the association between different elements can be evaluated comprehen-

sively with the MIC and the proposed LSTM model shows good performance in air

pollution-related health outcome prediction, there also exist limitations in their ap-
plications. These problems and several promising research opportunities that deserve
attention are further discussed as follows.

1) Redundant information. For pairwise elements, the MIC can effectively cap-
ture their dependencies. However, for multiple air pollutants selected for some
health outcome using the MIC, they may actually not be the most related fac-
tors as a whole due to the redundant health outcome-related information among
them. This redundancy may weaken the strength of the selected air pollutants
for outcome assessing and further raises the question of how to select the most
related multi-pollutant. A promising research direction would be to select the
most related candidate air pollutants for the health outcome first, and then select
the least associated candidates therein.

2) Model refinement. Main structure parameters including number of hidden
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layers and output features of the LSTM network as well as the batch size and
type of the optimizer keep unchanged in previous experimentation. These hy-
perparameters can be further tuned for each experiment to improve the model
performance. Possible parameter tuning methods include but not limited to grid
search [123], randomized search [121] and Bayesian optimization [125].

3) Distributed lags. Historical air pollution exposure has important lagged im-
pacts on the health outcome. Longer-term exposure sequence can provide more
outcome-related features. However, if the input sequence length keeps increas-
ing, more data noise is also brought into the LSTM model, with which the model
performance may be weakened. In addition, incorporating more distributed lags
increases the computational complexity and challenges the model’s capability
in capturing long-term dependencies. Thus, optimizing the length of input air
pollution exposure sequence is a promising research direction to facilitate the ap-
plication of the model to air pollution epidemiology and the methods mentioned
for hyperparameter tuning may be referred to.

4) Pooled and (or) meta analysis. Based on the application of the LSTM model
in individual studies, data or results from multiple areas can be further combined
for collaborative and synthetic analyses. Either retrospective or prospective anal-
yses can be made to provide overall assessments and more reliable results.

The innovative LSTM neural network model enhances the assessment of ambient
pollutants’ impact on daily mortality, demonstrating superior predictive accuracy

compared to GAM models. To validate the reliability of this approach, the LIME
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method is applied to LSTM models, bridging the gap between the LSTM technique
and traditional GAM models in explaining the association between air pollution and
mortality. LIME values are used for lag analysis, feature importance evaluation, and
interaction effect analysis between temperature and air pollutants. The results from
the LSTM models align with those of GAM models when tested on the same dataset,
reinforcing the credibility of our proposed method. Furthermore, the LSTM-LIME
approach enables quantitative analysis for integrated models with multi-pollutant

and multi-lag inputs — an analysis that GAM models cannot achieve.
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APPENDICES

Functions Used in LSTM network

The sigmoid, softmax and tanh functions used in the LSTM model is as Eqns. (5.1-

5.3).
olr) = - ﬁex (5.1)

SF(i) = 5@]’ (5.2)

tanh(x) = Zz 1 Z:i (5.3)
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