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ABSTRACT

Sustainability challenges, such as solid waste management, are usually scientifically complex and
data scarce, which makes them not amenable to science-based analytical forms nor data-intensive
learning paradigms. Deep integration between data science and sustainability science in highly
complementary manners offers new opportunities to tackle these conundrums. This study develops
a novel hybrid neural network (HNN) model that imposes the holistic decision-making context of
solid waste management systems (SWMS) on a traditional neural network (NN) architecture.
Equipped with adaptable hybridization designs of hand-crafted model structure, constrained or
predetermined parameters, and customized loss function, the HNN model is capable of learning
various technical, economic, and social aspects of SWMS from a small and heterogeneous dataset.
In comparison, the versatile HNN model not only outperforms traditional NN models in
convergence rates, which leads to a 22% lower mean testing error of 0.20, but also offers superior
interpretability. The HNN model is capable of generating insights into the enabling factors, policy
interventions, and driving forces of SWMS, laying a solid foundation for data-driven decision-

making.

HIGHLIGHTS
« novel hybridization of sustainability science with data science
o system thinking of the decision-making context of SWMS
« versatile model for decision support and scientific discovery

e improved neural network performance on small datasets
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o increased interpretability of neural network decisions

KEYWORDS: waste management, decision support, machine learning, hybrid neural network,

physics-informed ML, interpretable ML

SYNOPSIS: A novel hybrid machine learning model was developed by “handcrafting” neural
networks based on the domain knowledge of solid waste management for improvements in

performance, interpretability, and decision support.
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1. INTRODUCTION

Fueled by growing global waste generation,! worsening impacts of climate change, and tightening
resource constraints, societies are beginning to pivot to a circular economy model, featuring loop-
closing opportunities of redesign, reduce, reuse, and recovery along the life cycles of products and
resources. Under this circular economy paradigm, solid waste management systems (SWMS),
responsible for handling municipal solid waste (MSW) streams, need to serve the dual purposes
of waste disposal and waste valorization in technologically feasible, economically beneficial,
environmentally responsible, and socially benign ways. To support the design and operations of
SWMS in this new era, decision support tools are instrumental to policy makers and waste
managers steering these multi-stakeholder, nonlinear, complex systems onto a circular economy

trajectory.>

Existing SWMS tools can be categorized into system engineering models that support the strategic
and operational decision-making of SWMS (e.g., optimization models, multi-criteria decision-
making, etc.) and system assessment tools that evaluate the performance of SWMS (such as life
cycle assessment and material flow analysis).® The state-of-the-art system engineering models,
such as Solid Waste Infrastructure Modelling System (SWIMS), can optimize regional SWMS
configurations including the deployment of treatment technologies and allocation of MSW to these
technologies based on both environmental and economic objectives and constraints.® The SWIMS
model can also dynamically schedule future waste treatment capacity building based on different
policy and waste generation scenarios. As a latest system assessment tool, Solid Waste
Optimization Life-cycle Framework in Python (SwolfPy) offers an open-source, Python-based
software with built-in Monte Carlo simulation and optimization features to dynamically assess the
environmental and economic impacts of SWMS handling heterogeneous waste inputs.’
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Powerful as SWMS decision support tools have become, challenges still persist when it comes to
application. The main challenge resides in the disconnections between the calculated theoretical
optimums and the status quo of existing SWMS. Many of these recommendations might never be
adopted or implemented because they fail to overcome the inertia of existing systems. Moreover,
system expansion is needed to integrate social, economic, institutional, and environmental aspects
to comprehend the holistic decision-making context of SWMS.3* Traditional decision support
tools with a “tunnel vision” of the technical aspects, focusing on waste generation, logistics, and
technologies, may lead to impractical or erroneous recommendations. For example, these tools
might recommend waste-to-energy (WtE) technologies without factoring in the negative
perception-induced public resistance,® or simply underestimate the future capacity demand by
losing sight of the international trade restrictions such as the China’s waste import bans.® Lastly,
the model complexity, parameter variability, and data intensity jeopardize the generalizability and

practicality of these models as decision support tools for policy makers.

Meanwhile, data-driven approaches such as machine learning (ML) models have gained
tremendous momentum in recent years, due to their superior capability of simulating complex
nonlinear system behaviors and the recent improvements in computational power.'° However, the
application of ML in SWMS decision support is still in the natal stage, restricted by the bottleneck
issues of data availability and quality.***® Recent studies resorting to graphical representations
such as Bayesian belief networks,** fuzzy cognitive maps,*® and system dynamics!®° aim to
navigate around this issue by combining domain knowledge with empirical evidence. These
models essentially either rely on existing scientific understandings to impose structures on data-
driven models or harness insights from empirical data to bridge knowledge gaps, forging a new

partnership between data science and sustainability science.?%%
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Inspired by this hybrid problem solving paradigm, deep integration is proposed between science-
based domain knowledge and data-driven ML models by leveraging the advantages of both in a
highly complementary manner. Science-based rules and domain knowledge can complement ML
models by confining their search spaces (i.e., reducing degrees of freedom), thus lowering data
requirements and computational intensity. On the other hand, ML models can shed light on
mechanisms that are too complex to unveil using traditional science-based methods but are
embedded in the hidden patterns of data. This synergistic relationship can be analogized to
“digging a tunnel from both sides” as depicted in Figure 1, where sustainability scientists and data
scientists work collaboratively through an iterative process of learning from each other to adjust

their efforts and directions.?

Science of the
problem is too
complex!

Not enough data
to learn froml

Sustainability Challenges
“wicked problems”

Data-driven
Approach

Science-based
Approach

N &2
, 7 ,

mare domain know ledge more data available

less data needed less knowledge needed

Figure 1 Concept of the hybrid modeling approach to tackle sustainability challenges

This study demonstrates that the domain knowledge of SWMS can be harnessed to constrain ML
models to improve prediction performance and model interpretability. Specifically, a novel hybrid
neural network model is developed as a first attempt to simulate various market, social, and
technical mechanisms of SWMS and to identify policy levers that can mobilize social and financial

capitals to expedite transitions to a circular economy. This model is intended to complement
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existing optimization tools, as it aims to offer roadmaps and action plans to reach the “ideal
destinations” suggested by optimization models. The following sections of this paper describe the
decision-making context of SWMS, the hybrid ML model development and results, and its

potential applications in policy decision support.

2. METHODOLOGY

2.1 System perspective of the SWMS decision-making context

System thinking is crucial to unravel the complexity of the interconnected social, economic,
governmental, and environmental dimensions of sustainability challenges.?®> This approach
requires an expanded system boundary that encompasses various behavioral, financial, and
institutional factors, in addition to technical considerations, as endogenous variables to reflect the
complex decision-making context of SWMS.?* To identify the key components of SWMS and
their interconnections, extensive literature review is conducted on waste management systems and
drivers,'>2>27 the social factors,?®% the environmental impacts, -3 the market mechanisms,*273*

and the technical treatment pathways of SWMS.6:35:38

Comprehensive lists of decision variables (policy and technical decisions that shape SWMS), state
variables (variables that describe the state of SWMS), and driver variables (state variables that
drive SWMS changes) are extracted during the literature review to build a comprehensive system
perspective of SWMS. This systemic representation is subsequently simplified and transfigured
into a graphical model by removing non-essential or unmeasured variables to improve
computational feasibility and model interpretability. The definitions of all the variables, extracted
and assumed relationships, and simplification rationales are detailed in Table S1 and S2 of the

Supporting Information.
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141

142 Figure 2 Simplified decision-making context of SWMS based on system thinking. Variables
143 (nodes) are presented in 5 layers of SVs, DRs, DVs, CEs, and MOs. Relationships (directed edges)
144  are constrained based on domain knowledge and assumptions to be deterministic (blue), positive

145  (green), or negative (red). Relationships lacking domain knowledge are unconstrained (black).
146

147  As illustrated in Figure 2, the 18 state variables (SVs), describing socioeconomic, demographic,
148  environmental, and waste generation conditions of SWMS, determine the power of 5 identified
149  driver variables (DRs) of SWMS: Public Health, Public Awareness, Environmental Protection,
150  Climate Change, and Market Value. To factor in the possibility of incomplete knowledge, an
151  “unknown” driver of DR6 is added, which is fully connected to all the SVs and policy decisions.
152  These driving forces can actuate 11 institutional, social, economic, and technical decisions (DVs)
153  at the disposal of SWMS decision makers and managers. A layer of “change enablers” (CES) is
154  inserted between the DVs and the model outputs (MOs) to incorporate the feedback from policy
155 interventions on these change enabling factors, such as sustainable public behaviors (CE3), higher

156 economic value of MSW (CE4), increased technical feasibility (CE5-7), and expanded governance
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capacity (CE1-2). Finally, it is these CEs that facilitate different waste management practices of
recycling, composting, waste-to-energy (WtE), landfilling, and open dumping. Other waste
management options, such as reuse, anaerobic digestion, advanced WtE technologies are out of

the scope of this study due to poor data availability.

Relationships among the variables, displayed as directed edges in Figure 2, are either qualitatively
extracted from literature review or hypothesized based on discretion of the authors (detailed in
Table S1 of the Supporting Information). For example, it is believed that Public Health (DR1)
remains an important driver for developing countries and leads to legislation and higher
management capacity.?#?”3” Thus, it receives a negative input from GDP (SV13) and feeds
positively to Legislation (DV2) and Governance Development (DV3), which represents
governmental waste management capacity building. In addition, the Public Health driver is also

assumed to be positively correlated with higher levels of Pollution (SV12).

The system perspective in Figure 2 integrates both technical mechanisms and non-technical
aspects of MSW management into a holistic view of the SWMS decision-making context.
Technical mechanisms are embedded in the technical enabling factors (CE5-7) determined by
waste collection systems, waste processing technologies, and MSW compositions. Various nodes
and edges connected to the Economic Value (CE4), Public Behaviors (CE3), Goals (CE1), and
Governance (CE2) represent the market, behavioral, and institutional forces that shape SWMS. It
is worth clarifying that Figure 2 is not intended to be a complete and robust representation of
SWMS. Instead, it is more indicative of deliberately pooled initial understandings of SWMS
researchers as an inception of the hybrid modeling approach, which is designed to refine SWMS

knowledge through an iterative process.
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2.2 Hybrid machine learning model based on domain knowledge

The complex, nonlinear relationships in Figure 2, most of which are not amenable to explicit
analytical forms, can be empirically simulated with multilayer feedforward neural networks
(NNs).%8 As a universal function approximator,®® NN is a powerful computation tool that has been
successfully applied to predict MSW generation,*® properties,** and management.!® In a typical
feedforward NN model with multiple hidden layers, input data propagate through the entire
network after certain linear combination and nonlinear (sigmoid) activation at each node (or
neuron) in the subsequent layers. A novel hybrid neural network (HNN) model is proposed by
hand-building a NN based on the same structure as the directed acyclic graph of Figure 2. The

HNN model can be mathematically described as:

exp(x;)—exp(-x;)
exp(x;)+exp(-x;)

Node; = tanh (xj) = (for Node;j not in the output layer) eq. la

Node; = logistic (x;) = m (for Node; in the output layer) eq.1b

X: =

all the inputs of Node;j
=2 (Node;

X al-]-) + biasj €q. 2

Vi » I __ . _ . 1 N 5 AT 2
a',bias’ = argmin/ = argr_‘mnﬁzp=1 27=0(MOy; — MO, ))* €q. 3
a,bias a,bias

where: Node; is a node with input node(s). a;; and bias; are weight and bias parameters (unitless
coefficients). M0,; is the observed value of the j™ output node for the p™ observation. /0, is the
model simulated value of the j™ output node for the p" observation. N is the number of observations
in the dataset, and J is the quadratic loss function for evaluating prediction errors (mean squared

errors). a’, bias' are the learnt parameters which minimize the loss function J.
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198 By imposing the decision-making context of SWMS on an NN architecture, degrees of freedom
199  of the search space can be dramatically reduced as compared to a typical fully connected NN,
200 enabling this “handcrafted” HNN to achieve relatively satisfactory prediction performance with a
201 limited number of training cases. In addition to the “hand-crafted” neurons and edges, five other
202  hybridization treatments are devised and implemented to further constrain the HNN model with
203 domain knowledge, making it a so-called “informed machine learning model”.*? These treatments
204  are variations and integration of different physics-informed model designs reported in recent ML
205 literatures,*** with which the HNN approach should be applicable to any systems that can be
206  expressed as differentiable computation graphs (acyclic directed graphs expressing equational

207  data).®® These five hybridization treatments are listed below.

208 1. Weight of parameters (a;;) can be constrained to be positive, negative, or fixed based on
209 domain knowledge (e.g., all the red, green, and blue edges in Figure 2).

210 2. Neurons (the forms of eq. 1a, 1b, and 2) can be predetermined based on domain knowledge.
211 3. Neurons can feed to multiple layers, as long as the network is acyclic (e.g., SV13, SV14,
212 DR2, etc.)

213 4. Neurons with empirical observations in the middle layers can be added to the loss function
214 to be trained simultaneously with the model outputs (e.g., DV2 is constrained by training
215 on MO0, which equates DV2).

216 5. Feedback loops can be incorporated by inserting and connecting neurons on different layers
217 that share the same physical connotation (e.g., DR5 and CE4).

218  Interms of model outputs, the HNN model not only predicts the probability of each final treatment
219  option, but also indicates the influential policy decisions and socioeconomic drivers that lead to

220  these predictions. However, this superior interpretability is predicated upon the superimpositions
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of physical connotations on neurons, which should be treated as “pseudo-physical” before they
can be verified by science or supported by data. Because it is presumptuous to use simple sigmoid
transformation of linear combinations of variables to model the entire SWMS. Nonetheless, the
HNN model in its current configuration does provide a generic starting point for iterative future
improvements once more robust domain knowledge or data is acquired. More discussions on the
validity and implementation of these hybridization treatments are provided in the Supporting

Information.
2.3 Data collection and preparation

Most input variables (SV1-SV7, SV9, SV13-SV16) and all the output variables (MO0-MO5) of
the HNN model are extracted from an existing SWMS knowledge base.*® Additional inputs of GNI
per capita (SV8), CO. emissions (SV11), and PM2.5 pollution (SV12) are collected from the
World Bank Database.*” Technology innovation indexes (SV10) are taken from the “Global
Innovation Index 2021 report.*® Input variables of MSW Quantity, Population Density, Household
Size, Energy, GDP, Income, GHGs, and Pollution are logarithmically transformed for
conformation to near normality. A final dataset with a total of 1,376 observations (cases) is
compiled after removal of missing data (except for SV14-16, where missing data are replaced with
average values) and normalization (to rescale input variables into a range of 0 to 1). Finally, 278
observations (or roughly 20% of the entire dataset) are randomly selected and held out for model
testing purposes (the testing set). The rest of the data (or 80%) are used for 5-fold cross-validation
(CV), with training sets of 878 cases and validation sets of 220 cases for model evaluation,
hyperparameters selection, and subsequently, model training. Detailed information on input data

and data preparation is provided in Section 1.2 of the Supporting Information.
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With a mixture of country-level and city-level observations, biased sampling towards developed
countries (due to data availability), multiple data sources, and prevalence of missing data, this
small, heterogeneous dataset poses a challenging training scenario that sustainability researchers

typically face.
2.4 Model parameterization, training, and evaluation

Parameters of the HNN model (a;; and bias;) are determined by training with backpropagation
using various gradient descent algorithms (built in the Python package of PyTorch).*° All the
parameters are randomly initialized from a normal distribution with a mean of 0 and a standard
deviation of 0.5. To alleviate the problems of overfitting and overtrained parameters, an L2

regularization term is added to the loss function J.
1 _
]I = ﬁ2g=1 Z?=0(M0Pf - MOP])Z + VZﬁ:au a and bias BZ €q. 4
where: y is the weight of the L2 regularization term, S represents all the model parameters.

Before the final model training and evaluation, an extensive grid search is performed with a 5-fold
CV on the remaining 80% of data, tuning various hyperparameters of the model, including:
activation functions, learning rates, regularization methods, gradient descent algorithms, and
training iterations (epochs). In addition, to leverage the knowledge discovery capability of ML,

the model structure depicted in Figure 2 is relaxed to explore similar HNNs with and without DR6.

Finally, the model is trained with the hyperparameters that minimize the prediction errors (MSES)
on validation sets of the 5-fold CV and evaluated of J on the unobserved testing set. If multiple
sets of weights minimize J on the testing set, the interpretability of these learnt weights is then

used as the main criteria for determining the final HNN model outcomes.
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To evaluate the performance of the HNN model, traditional fully connected NN models with
various degrees of freedom are built by varying the number of neurons in 2 hidden layers. Both
HNN and NN models are trained on the same training data (1,098 cases) and then evaluated on the
same testing set (278 cases). The NN models share the same hyperparameters as the HNN model

for fair comparisons.

Data processing is conducted in the Microsoft Excel software. The HNN model and the traditional
NN models are built, trained, and tested in the Python 3.8.16 environment. The Python code with

the input data files is provided in the Supporting Information.

3. RESULTS AND DISCUSSIONS

3.1 Results of model training and selection

Based on the hyperparameter tuning exercise, L2 regularization (y =0.000001), adagrad
optimization approach, a learning rate of 0.3, and a training time of 100 epochs were selected for
the HNN model training. While the “tanh” activation function (eq. 1a) performed the best, it
complicated the interpretability of the model outputs. Thus, it was replaced by the logistic
activation function (eg. 1b) only for the output layer (MOs), which helps constrain model outputs
within the range of 0 to 1. Details and results of this exercise can be found in the Supporting

Information.

Adagrad outperformed other gradient descent algorithms in its consistency in reaching the lowest
training and testing errors. Adagrad dynamically adjusted individual gradient for each parameter
based on the previous steps, which reduced the chance of landing at local minima of non-convex
search space. L2 regularization term penalized large (overtrained) weights and was instrumental

in generating more evenly distributed weights, which also helped with model interpretability. In
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addition, a relatively short training time of 100 epochs was chosen in conjunction with a moderate

learning rate of 0.3 to control overfitting and overtraining.

One unique design of the HNN is the constrained model weights, which complicates the non-
convex search space and may lead to sub-optimal training results. To ease this concern, an
explorative experiment was conducted by removing all the constraints on model parameters (i.e.,
treating all the red and green arrows as black arrows in Figure 2). The resulting model training
errors and testing errors are not statistically different from those achieved by the HNN with
constrained parameters. However, the resulting weights are mostly similar in magnitude but
different in +/- signs. This experiment verifies that the superior interpretability of HNN model

does not compromise the goodness-of-fit.

As Figure 2 was treated as preliminary understandings of SWMS, different variations of it were
built and evaluated to finalize the model structure. These variations mainly involve the addition of
DR6 (the “unknown” driver variable) and the connections between GDP and DV3, DV9, DV10,
and DV11. The results revealed that adding DR6 significantly improved the model performance,
while adding connections between GDP and DVs helped generate more interpretable model
weights. Thus, the final model structure incorporated DR6 and these connections as presented in

Figure 2.

3.2 The final HNN model and validation

After 100 epochs of training, the prediction error (J) on the training data consistently dropped from
above 0.300 to around 0.215. All the 143 model parameters (not including biases) are presented in
Figure 3 in the same fashion as Figure 2 with added thickness of arrows representing the value of
the learnt weights. The complete numerical results are provided in Table S4 of the Supporting

Information.
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Figure 3 The learnt weights of the HNN model. Red arrows represent negative weights and green arrows represent positive weights,
with the thickness of arrows and the numbers (above “1” or below “-1”) next to the arrows representing the numerical value of these

weights. DR6 in Figure 2 is interpreted and presented as “Development”.
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One way to verify the validity of the trained HNN model is to interpret the unconstrained model
parameters. For example, Public Attitude (SV17) turns out to be negatively associated with
Household Size (-1.8) and household Expense (-2.6), while positively associated with Population
Density (1.0) in addition to the constrained parameters of Age 65+ (0.90), Education (0.35), and
Income (0.87). Most of the unconstrained parameters are associated with DR6. By analyzing the
significant inputs of Household Size (-2.1), Education (-0.91), Expense (-1.3), Income (-0.89),
Technology (0.8), Pollution (1.4), GDP (0.80), and Public Attitude (-1.1), it can be inferred that a
high value of DR6 corresponds to a relatively low level of socioeconomic development (but good
growth momentum). Thus, the DR6 in Figure 2 can be interpreted as a new driver of
“Development”. Furthermore, its connections with DVs indicate that for countries at relatively low
socioeconomic development levels with good growth momentum, Governance Development
(capacity building), Public Engagement (education, decision involvement, etc.), and Processing
(upgrading waste processing technology) are among the most common policy interventions, while
pursuing market development, reinforcing laws, and providing private incentives are among the

least adopted.

Although most parameters are constrained, their absolute values can shed light on the relative
importance of their corresponding input variables. For example, Public Awareness is largely
shaped by Public Attitude (1.0) and MSW Quantity (1.4), as compared to Pollution (0.29) and GDP
(0.34). Responsible Public Behavior can be attributed to more direct Public Engagement (1.7) and
Public Incentives (0.83), or undermined by MSW Collection system upgrades (-1.6) since multi-
stream collection tends to compromise the convenience of use by the public.>® On the other hand,
less direct interventions such as environmental Legislation (0.09) and higher Public Awareness

(0.03) seem to be less influential. The Economic Value of MSW receives weighty boost from
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Market Development (0.72), Private Incentives (0.93), and waste Processing technology
investment (0.88). These weights signal the determining role of infrastructure investments and
financial incentives in creating favorable market conditions for MSW management. In terms of
technical feasibility, Recyclability, Biodigestibility, and WtE Potential are mainly empowered by
advanced collection systems and processing technologies, while being highly sensitive to the
composition of MSW. Overall, these weights suggest that the HNN model is able to make sense
of certain technical, social, and economic mechanisms of SWMS with the help of domain

knowledge constraints.

On the other hand, weights close to zero imply insignificant contributions, such as those for Public
Health and the influence of Market Value on Economic Value. However, these weights do not
necessarily nullify the assumed importance of these factors in SWMS decision-making, but rather
indicate an unsuccessful modeling attempt using the training dataset. This outcome is due to three
possible reasons. First, these factors may not have much influence on the model outputs indeed.
Second, it is possible that the small, noisy, heterogeneous dataset does not allow learning of these
factors. In other words, the influences of Public Health may be masked by the noise of data, or not
captured by the dataset in the first place given that the majority of observations are drawn from
developed countries. Third, it is possible that these factors are modeled with insufficient model

complexity or insufficient data inputs.
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Figure 4 Simulated values of DRs, DVs, CEs, and MOs of the U.S., China, and Vietnam during
historical period (circa 2015). All variables are constrained within the range of -1 to 1 except for
"Treatments”. “Technology” is the sum of DV9 and DV11, “Tech. Feasibility” is the average of
CE5-7. “Recovery” is the sum of Recycle and Compost, and “Disposal” is the sum of WtE and

Landfill.

To further demonstrate model interpretability and validity, model simulations of DRs, DVs, CEs,
and MOs were made for the U.S., China, and Vietnam as testing cases, respectively. As shown in
Figure 4, the HNN model not only captures the differences in waste treatment practices among
these countries, but also uncovers the driving forces and enabling factors leading to these outcomes.
It is worth noting that all the variables are unitless and constrained between -1 and 1 or 0 and 1
due to the form of activation functions (eq. 1a and 1b). Values are comparable across different

countries, but not across variables.

It is suggested that Market Value of MSW, Public Awareness, and Climate Change are more
prominent drivers of SWMS improvements in the U.S., while Environmental Protection, Public
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Health, and socioeconomic Development agendas fuel the MSW management in Vietnam. China
is propelled by all 6 drivers, especially high public awareness, given its complex socioeconomic
and environmental conditions, as well as a strong booming economy. These different drivers shape
U.S. SWMS that feature more aggressive private sector engagement, technology investments, and
market development. In less developed economies, such as Vietnam, SWMS decision makers tend
to resort to financially incentivizing the public sector, educating the general public, and engaging
informal waste pickers in MSW collection. In the U.S., MSW treatment features value recovery
practices enabled by technological proficiency, high economic value, and high governance
capacity. On the other hand, with limited access to technologies and waste management capacity,
SWMS in Vietnam are mainly reliant on public behaviors, which leads to a higher percentage of

open dumping.
3.3 Evaluation of the hybrid modeling approach

Oftentimes, researchers of sustainability systems find themselves stranded by the barriers of
overwhelmingly complex science and underwhelmingly scarce data. The hybrid problem-solving
paradigm combining sustainability science with data science offers new opportunities to break
through such conundrums. The HNN model combines the interpretability of a parametric model
by parameterizing implicit relationships with sigmoid functions and the flexibility of a non-
parametric model by being free from distribution assumptions. To demonstrate the advantages of
the HNN model, traditional fully connected NN models were trained and tested in the same way
as the HNN model. Their prediction errors (J) on the training data (1,098 cases) and the testing set

(278 cases) are contrasted in Figure 5.
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Figure 5 Performance comparisons between the HNN and NN models after 100 epochs of training.
The two curves represent the mean squared errors (MSEs) of model outputs (J) evaluated on the
training (blue) and testing (red) data of the traditional NN models, while the two dots represent

these errors of the HNN model.

As illustrated in Figure 5, the “handcrafted” HNN model outperforms traditional NN models in
the training stage with a significantly lower training error of 0.215, thanks to a much faster
convergence rate. On the testing data, the HNN model yields a significantly lower error (0.234)
than all the NN models receiving 100 iterations of training. The traditional NN models with more
parameters yield higher prediction errors mainly because of the short training time. Given
sufficient model complexity (over 1,500 parameters) and training time (30,000 epochs), the
traditional NN models reach around a minimum testing error of 0.164, which can be deemed as

the theoretical limits of learning for the datasets in this study. This suggests that the HNN model

with merely 100 training iterations yields an average testing error (y/J/6 or RMSE) of 0.197,

which is 22% lower than that of the NN models, and only 0.032 higher than the theoretical limit.
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Furthermore, erratic learning behaviors were observed during the training of NN models, implying
challenges of NN models in learning from small datasets with high noise levels. In sum, the HNN
model excels in convergence rate and outperforms the traditional NN models with similar amounts

of training in prediction accuracy.

Adopting this science-ML hybrid approach offers flexibility to cope with three common research
challenges. First, in cases of missing data, additional layers can be appended to approximate
complete input data by applying feature learning techniques that are commonly adopted in ML.%
Second, with large numbers of input variables which are likely correlated with each other,
“handcrafted” neurons and connections based on domain knowledge can help mitigate the issue of
multi-collinearity in purely data-driven models. Third, in the likely scenarios of imperfect domain
knowledge, the model structure can be relaxed to include other similar networks to take advantage
of knowledge exploration capabilities of ML models. In this study, the HNN model performance
improved significantly after adding DR6. Weights of the edges connected to DR6 were used to
infer its physical connotation, thus enabling knowledge discovery. On the flip side, if certain
weights are consistently insignificant under various model configurations and data inputs, the

corresponding domain knowledge then becomes dubious or ungrounded.
3.4 Potential applications in policy decision support

For municipalities and countries with limited amounts of financial and organizational resources, it
is pivotal to identify leverage points to expedite sustainable transitions to a circular economy.?
This involves the identification and prioritization of feasible, actionable policy levers and technical
designs that mobilize social, technical, and financial capital. Such policy levers and decisions can
be qualitatively identified from Figure 2 and quantitatively assessed with the HNN model.

Specifically, the values of decision variables (DVs) can be manually adjusted to simulate policy

Page | 22



431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

decisions, and responses of the HNN model can be treated as quantitative effects of these

interventions.

As a quick demonstration, the 11 decision variables (DV1-11) were manually adjusted to increase
by 0.5 (constrained to be lower than 1) sequentially, with one at a time, for the U.S., China, and
Vietnam to evaluate the corresponding changes in recycling rate. The most effective policy levers
turn out to be Governance Development and Processing as summarized in Table 1, affirming the
effectiveness of capacity building in boosting MSW recovery. For the U.S. and China, setting
ambitious goals and targets can also help boost recycling rate by 7.7% and 10.1%, respectively.
For Vietnam, capacity building and private sector engagement (e.g., extended producer
responsibility and public-private partnership) are the most effective decisions, possibly due to a

lack of existing infrastructure.®
Table 1 The simulated top 3 effective decisions in boosting recycling rates

Country Decision 1 Decision 2 Decision 3

U.S. | Goals & Targets (7.7%)  Governance Dev. (5.2%) Processing (1.9%)
China Processing (12.2%) Governance Dev. (10.9%) Goals & Targets (10.1%)

Vietnam | Pvt. Engagement (49.4%) Governance Dev. (47.0%) Pub. Engagement (20.0%)

Note: predicted recycling rate increases are presented in parentheses.

More policy insights can be generated by manually adjusting multiple policy decisions at the same
time to evaluate their joint effects, such as market development with recycling targets, regulation
reinforcement with collection system upgrades, public engagement with economic incentives, etc.

These combinations can be easily experimented with in the HNN model.
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Another potential application of the HNN model is the analysis of system tipping points, which
are certain thresholds of key variables in a system that can lead to directional changes of system
behaviors when exceeded. A well-known example in the waste management field is the Kuznets
Curve assumption, which assumes a bell-shaped curve of MSW generation as wealth
accumulates.>* To explore similar trends in SWMS, sensitivity analysis can be conducted on key
socioeconomic variables by assuming sets of future scenarios and policy trajectories. Once tipping
points are identified, their driving forces and propagation throughout the system can be

strengthened to accelerate desirable changes or curbed to prevent undesirable system behaviors.
3.5 Limitations and future works

There are a few limitations of the HNN model in its current form. First, the domain knowledge
portrayed in Figure 2 needs to be validated and it is naive to use simple sigmoid functions to model
the complex nonlinear relationships across diverse SWMS. Second, the dataset is small in size and
high in noise level, mainly due to the inherent data availability and quality limitations. As a result,
the model training process and model outcomes are relatively sensitive to random data splits (i.e.,
the training, validation, and testing set splits). Although data limitations lead to imperfect model
results, the dataset was purposefully constructed to demonstrate the advantages of the HNN
modeling approach. Finally, the model results and policy insights discussed above should be
treated as global level observations, rather than regional policy recommendations suited to specific

SWMS.

The potential of HNN models in policy support hinges on future improvements that can be made
in an iterative manner in both data-driven modeling techniques and science-based domain
knowledge. From the data science perspective, additional high-quality observations sourced from

diverse socioeconomic backgrounds, especially from developing countries, are indispensable to
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the generalizability of the model. And feature learning techniques should be implemented to cope
with the issue of missing data. Region-specific datasets and costs of policy interventions are also
needed to enhance the reliability and practicality of the HNN model recommendations.>® On the
sustainability science side, more rigorous scientific investigations into each node and each edge of
Figure 2 are required to specify a robust data generating process and more realistic relationships
among the variables, which may require sophisticated probabilistic network models.>> Moreover,
the knowledge discovery capabilities of ML should be leveraged to test different scientific

hypotheses to bridge remaining knowledge gaps.

Although the “tunnel” of sustainable waste management is far from being “dug through”, this
study embarks on a new journey by demonstrating that machine learning with human knowledge
is better than machine learning alone at modeling sustainability systems. With an innovative hybrid
modeling approach, a collaborative roadmap, and a solid head start on both sides of the “tunnel”,

we hope this work will inspire many researchers to join this venture.
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Supporting Information: decision making context of SWMS, input data and data preparation
process, calculation equations of the HNN model, discussions on the algorithm and hybridization
treatments, cross-validation for hyperparameter tuning, trained model parameters and training

errors, python code with input data files.
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1. Methodologies and data

1.1 SWMS decision-making context

Table S1 Variables to model the decision-making context of SWMS

Variable(s) Code  Description Assumptions and Notes References
Household size, percentage of
Demographic variables that set the  population over 65, population
. SV1- . . . -3
Demographics demographic background of density, education level, and
SV5 o
SWMS urbanization rate are used to
describe the demographics
Expense (as % GDP used for
. . households/NPISHs
Culture SV6-  The lifestyles, moral norms, social consumption) and ener 245
Sv7 influence, and habits of a society P . gy
consumption rate are assumed as
proxies to reflect culture
The purchasing power of Household income sets the
Income Sv8 households (with GNI per capitaas socioeconomic background of 1-36
proxy) SWMS
. uantity of MSW generation in a MSW generation sets the
MSW Quantity SV9 Q y - g . . d 2,1.8
country or municipality technical background of SWMS
Technology research and Technology innovation with
development that improve the lobal innovation index as prox
Technology SV10 .. P P g . . ProXy 9,10
efficiency and reduce the cost of sets the sociotechnical
technologies background of SWMS
GHGs SV11 Greenhouse gas erms_smns (with GHFBs emission sets the 6,11,12
countries” CO emission as proxy)  environmental background
Toxic and non-toxic impacts to the Pollution sets the environmental
Pollution SV12  ecosystems (with PM2.5 air 6,12-14
y. ( background of SWMS
pollution as proxy)
GDP SV13 Economic development (affluence)  GDP sets the economic 2315

measured in per capita GDP

background of SWMS
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MSW
Composition

Public Attitude

Demand

Public Health

Public
Awareness

Environmental
Protection

Climate Change

Market Value

Goals and
Targets

SV14-
SV16

Sv17

SVv18

DR1

DR2

DR3

DR4

DR5

DV1

Fractions of different components
in MSW (e.g., recyclables,
compostable, and trash)

Public attitude towards waste
management and trust in SWMS

Demand for waste management (to
recover materials and energy)

Public health risk remains a key
driver of waste management for
developing countries

Public awareness of MSW
management issues and knowledge
that move up the hierarchy of
people’s priorities as living
standards improve

Phasing out of uncontrolled
disposal (in developing countries)
and higher environmental
standards (in developed countries)

Leading to carbon reduction
policies (e.g., diversion of
biodegradable wastes from landfill,
energy recovery, and market-based
solutions)

Value of different collected MSW
streams generates business
interests and profit motives,
providing a livelihood for the
urban poor in developing countries

Paradigm shifts to a circular
economy with non-binding goals
and targets aiming at higher and
better uses of MSW

MSW composition sets the
technical background of SWMS

Assumed to be correlated with
demographics, income, and
culture (SV1-SV8)

Higher MSW quantity (due to
economies of scale), technology
innovation (lower costs), and
income are assumed to boost
demand

A main driver for those with
high pollution and low GDP

Mainly correlated with pollution,
MSW generation, affluence, and
public attitude

Mainly driven by pollution
levels and economic
development

Assumed to be correlated with
GDP, public awareness, and
GHGs emissions

Mainly determined by demand,
supply, MSW composition,
affluence, and MSW quality
(assumed to be correlated with
demographic variables)

Assumed to be triggered by
climate change, public
awareness, and environmental
protection drivers

2,16

17-19

20,21

22-24

17,18,22

22,24

22-24

22,24-26

22,27
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Legislation

Governance
Development

Market
Development

Private
Engagement

Public
Engagement

Private
Incentives

Public
Incentives

Collection

Collector

Dv2

DV3

DV4

DV5

DV6

DvV7

DvVv8

DV9

DV10

Legal requirements and binding
targets of how MSW streams
should be managed and technical
standards of treatment technologies

Financial (budget) and institutional
capacity building for MSW
management

Business opportunities and market
development for secondary
materials (e.g., public purchase
guidelines favoring recycled
materials)

Engagement of the private sector,
such as extended producer
responsibility (EPR) and public-
private partnership (PPP)

Engagement of the public sector,
such as public education, decision-
making engagement, information
disclosure, etc.

Economic incentives to the private
sector, including taxes and
subsidies (landfill tax, recycling
subsidy, carbon credits, etc.)

Economic incentives to the SWMS
users, such as pay-as-you-throw
and save-as-you-throw

More advanced MSW collection
system setup (e.g., multi-stream
collection systems)

The inclusion of private sector and
informal sector (waste pickers) in
waste collection and transportation

Assumed to be triggered by
public health and environmental
protection

Assumed to be triggered by
public health, economic
development, public awareness,
and environmental protection

Assumed to be triggered by
market value and climate change

Assumed to be triggered by
market value, climate change,
and environmental protection

Assumed to be triggered by
public awareness, climate
change, and environmental
protection

Assumed to be driven by climate
change, but less likely to happen
when the market value is high

Assumed to be driven by market
value and climate change, but
less prominent with high public
awareness

Assumed to be triggered by
market value, climate change,
and public awareness, and
enabled by affluence

Assumed to be driven by value

22,23

22

20,26

22,26

22,26,27

22,27,28

22,27-29

8,17,30

31,32
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Processing

Goals

Governance

Public Behavior

Economic
Value

Technical
Properties

Laws

Final
Treatments

DV11

CE1l

CE2

CE3

CE4

CE5-
CE7

MO0

MO1-
MO5

Processing and storage of MSW as

preparation for final treatments
(e.g., material recovery facilities,
mechanical biological treatments,
drop-off, and sorting centers)

Existence of non-binding goals and

targets aiming at higher and better
uses of MSW

Financial (budget) and institutional

capacity of MSW management

Waste generation, separation, and
reduction behaviors of the public

Value of different processed MSW

streams generates business
interests and profit motives

Waste properties that make MSW
streams valuable for recovery,
including material recoverability
(recyclability), nutrients
recoverability (biodigestibility),
and energy recoverability (WtE
potential)

Existence of legal requirements
and binding targets of how MSW
streams should be managed and
technical standards of treatment
technologies

Major MSW disposal and
valorization options (recycle,
compost, WtE, landfill, and open
dump) as final outcomes of the
model

Assumed to be driven by market
value and climate change, and
enabled by affluence

Results of DV1

Assumed to be built by
legislation, governance capacity
building, private sector
engagement, and affluence

Assumed to be based on public
awareness with feedback from
various public interfacing policy
decisions (DV2, DV6, DV8, and
DV9)

Assumed to be market value
(DR5) with feedback from
policy decisions of DV4, DV5,
DV7, DV9, DV10, and DV11

Assumed to be mainly
determined by technical
decisions (DV9-11) and MSW
compositions (SV14-16)

Results of legislation (DV2)

The final treatments are
determined based on the CEs

8,32

22,27

22

1,29

22,24-26

8,33,34

2,22,23

2,8,32
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Table S2 Excluded variables of SWMS

Variable Name  Description Reasons of Exclusion References
Temperature and precipitation patterns Slow in change, and non-essential
Climate Pattern p precip . P in MSW management decision- :
that influence waste generation .
making
. . Purely a logistical decision,
Collection The frequency at which MSW streams . y. J . 8
which is out of the scope of this
Frequency get collected
study
Contaminant levels in different collected -
Contaminants streams that affect the value of MSW Poor data availability, assumed to. g
be related to SV2-SV5
streams
Operation costs, maintenance costs, and —
Costs P L Poor data availability 28,35
capital investment of SWMS
Existin SWMS infrastructure that determines
g the existing practices of MSW Poor data availability
Infrastructure
management
Geography of a region that can influence s -
Geography g py. g ) Mainly impacts logistics
waste collection and transportation
Resource Conservation and consumptions of S
. . P Poor data availability 1,12
Conservation resources as a driver of MSW recovery
Cost savings and income from waste -
Revenue g Poor data availability 15,35
management
Assumed to be the same as MSW 59 21
Suppl Supply of MSW . '
PRl PPl Quantity (SV9)
International and domestic trades of -
Trade Poor data availability 36
MSW
Transportation  Transportation and storage of MSW Mainly impacts logistics 8
Waste MSW generators, including residential,  Indifferentiable due to data 3
Generator commercial, and institutional sources availability
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712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

Types of waste according to the EU List
of Waste classification

37

Waste Type This study only focuses on MSW

1.2 Data collection and processing

Data collection and processing were conducted on the foundation of prior research of the authors.?
Input data, including 16 state variables (SV1-16) and 6 model output variables (MOO0-MO5) were
collected from the data sources listed in Table S3. As illustrated in the flow chart (Figure S1), 1720
data records were collected from various sources listed in Table S3. Initial data screening was
conducted to remove outliers (per capita MSW generation higher than 7 kg/day or lower than 0.01
kg/day) and records that are not MSW generation or MSW disposal. After removal of records with
missing data (except for SV14-16, where missing data were replaced with average values),
logarithmic transformation was applied to MSW Quantity, Population Density, Household Size,
Energy, GDP, Income, GHGs, and Pollution. Finally, all variables beyond the range of 0to 1 (SV1,

SV3-4, SV7-13) were normalized to the range of 0 to 1 with the equation below.

, _ SVij —minSV;
A maxSVj — minSVj

where: SV;; is the i observation of variable SV;, minSV; and maxSV; denote the minimum and

maximum values of variable SV;.

278 records were randomly selected and held out as the testing set. The other records were
randomly assigned into training sets (878 records) and the validation sets (220 records) during the

5-fold cross validation (CV) process.
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Eurostat Waste
Database

OECD Stat
Database

UN Stat

1995<year <2020

filter

Not in Eurostat

filter: year=1990

World Bank (What UN Habitat
a Waste) Database Report Other variables in
|
filter: city-level and country-level datasets ‘ Table S3
v v
> 700 records 546 records 20 records append
filter:
Data collected: MSW Quantity MSW Initial dataset
t» 142 records (SV9), composition (SV14-16), and e
treatment (MQO1-5) §:1:jei;;(;2:1 (1709 records)

filter: latest records

Database

» 166 records 134 records
r'y

12 records
A

filter: ycar22010|0r the latest records |

removal of outliers
(per capita MSW <0.01 kg/day|

U.S. state andtcity Jogrrllal Or 7 ke/day < per capita MSW)
Data source governments articles
Data normalization re.mova-l o_f records
processing Processed dataset with missing data Dataset
Dataset for (1376 records) logarithmic transformation of (1702 records)
modeling // \\ variables
Training data \
(109§ reff)rds) Testing Set
— — (278 records)
Training Set Validation Set
(878 records) (220 records)
730
731 Figure S1 Flow chart of data collection and preparation
732 Table S3 Collected data for the training of the HNN model
Variable Description Unit Type Source
Household Size  Number of people per people/ . ] .
(SV1) household household Numerical UN Data: household size
Age 65+ Percentage of % Numerical WB Data: Population ages 65+
(Sv2) population above 65 (% of total population)®
Popula_tlon Number of inhabitants million/k . Same as SV9, World Bank
Density K 2 Numerical 6 |
(SV3) per square km m (WB) Data,® and Google
ucation ) uman Developmen
Educat Education mc{ex of | UNDP H Devel t
(SV4) Human Development Numerica Index®
Index (HDI)
P : po—e
L 0 umerica .
Urbanization  Percentage of people o N ical WB Data: Urban pc;pulatlon (%
(SV5) living in urban areas of total population)
Percentage of GDP WB Data: Households and
E(Xsp\igie used for household and % Numerical  NPISHs final consumption
NPISHs consumption expenditure (% of GDP)®
Energy Per capita energy kWh/pers Numerical UN Data: gross energy demand
(SV7) demand of a country on in million kwh?°
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733

Income

Gross National Income

2015 USD

WB Data: GNI (constant 2015

(SV8) (GNI) per capita /person Numerical US$)°
Eurostat Waste Database,*
OECD Database,*> UN Stat
MSW Quantity ~ Annual MSW tonnes Numerical Database,**** World Bank
(SV9) generation lyear Database,” UN Habitat,” U.S.
EPA,* journal articles,*”~*° and
Google search
Technology  Technology innovation Numerical ~ Global Innovation Index 2021
(SV10) indexes
(2\H/fls) CO; emissions Kt Numerical ~WB Data: CO2 emissions (kt)®
P(OSI\I%';)n PM2.5 air pollution mg/m? Numerical \rgvean:;?\:u:Il\g )Z(sozlurrgf lution,
GDP Per capita GDP of a 2015 USD Numerical WB Data: GDP per capita
(SV13) country /person (constant 2015 US$)®
Recyclables% Perceln tslge of . o N ical Vv
(SV14) Ir\SICS)(x/ able waste in (] umerical Same as SV9
Percentage of
0,
Conzgt\a/sigk;le % compostable waste in % Numerical Same as SV9
MSW
Trash% Other wastes in MSW 0 :
(SV16) (1-SV14-SV15) % Numerical Same as SV9
Laws Whether a country has . -
(MOO0) waste regulation or not YN Binary UNEP
Recycle Percentage of MSW 0 .
(MO1) that is recycled % Numerical ~Same as SV9
Compost Percentage of MSW 0 .
(MO2) that is composted % Numerical Same as SV9
WIE Percentage of MSW
that is incinerated or % Numerical Same as SV9
(MG3) combusted
Landfill Percentage of MSW 0 :
(MO4) that is landfilled % Numerical Same as SV9
Open Dum Percentage of MSW
p(M 05) P thatis disposed without % Numerical Same as SV9

any control measures
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734 1.3 Hybrid neural network (HNN) calculation equations

735  The calculation equations of the HNN model:

736 SV17 =tanh(SV1Xa;1 +SV2Xaf, + SV3X a3+ SVA X af, +SV5 X a5 +SV6 X ay 6+

737  SV8x af, + bias;)

738 SV18 = tanh(SV8 x a3, + SVI X ay, + SV10 X a3 3 + bias,)

739  DR1 = tanh(SV12 x a3, + SV13 X a3, + biass)

740  DR2 = tanh(SV9 x aj; + SV12 X ag, + SV13 X aj; + SV17 X af, + bias,)
741  DR3 = tanh(SV12 X ag; + SV13 X as, + biass)

742 DR4 = tanh(SV11 x ad, + SV13 x af, + SV17 X a¢; + biase)

743 DRS5 = tanh(SV2 X iy + SV3 X a, + SVA X afy + SVI X @y 4 + SV13 X a7 5+SV14 X aiy +

744 SV15 X ay; +SV16 X azg + SV18 X a7 ¢ + bias;)

745  DR6 = tanh(X{2,(SVi X ag;) + biasg)

746 DV1 = tanh(DR2 X ad, + DR3 X ag, + DR4 X aj; + DR6 X ag4 + biasy)

747  DV2 = tanh(DR1 X afy; + DR3 X ajy, + DR6 X a3 + bias;g)

748 DV3 = tanh(DR1 X aj;; + DR2 X af;, + DR3 X af; 3 + DR6 X @114 + SV13 X af; 5 + bias;;)
749  DV4 = tanh(DR4 X af;, + DR5 X af, , + DR6 X a;, 3 + bias;;)

750  DV5 = tanh(DR3 X af3, + DR4 X af;, + DR5 X af3 3 + DR6 X ay3 4 + bias;3)

751  DV6 = tanh(DR2 X a{y, + DR3 X afy, + DR4 X afy 3 + DR6 X @114 4 + bias;,)

752 DV7 = tanh(DR4 X afs, + DR5 X ais, + DR6 X @53 + bias;s)

753  DV8 = tanh(DR2 X ajs; + DR4 X afy, + DR5 X afs 3 + DR6 X @14 4 + biasys)
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763

764

765

766

767

768

769

770

771

772

DV9 = tanh(DR2 X af;; + DR4 X af, , + DR5 X af; 3 + DR6 X a7 4 + SV13 X af;, 5 + bias;7)
DV10 = tanh(DR5 X ajg1 + DR6 X a1g, + SV13 X aig3 + bias;g)

DV11 = tanh(DR4 x afy; + DR5 X afy,; + DR6 X ay93 + SV13 X afy, + bias;q)

CE1 = tanh(DV1 X a3y, + bias,g)

CE2 = tanh(DV2 X a3y 1 + DV3 X ajy , + DV5 X a3, 34+SV13 X a3, 4 + bias,;)

CE3 = tanh(DV2 X a5, 1 + DR2 X a3, , + DV6 X a3, 3+DV8 X a3, 4 + DVI X a3, 5 + bias,,)

CE4 = tanh(DV4 X af31 + DR5 X @33, + DV5 X af33+DV7 X aj3 4, + DVI X aj3 5 +

DV10 X afy ¢ + DV11 X afs; + biasys)

CE5 = tanh(DV5 X a3, + SV14 X a3, ,+DV9 X aj, 3 + DV10 X a3, 4 + DV11 X a3, s + bias,,)
CE6 = tanh(DV9 X ajs1 + SV15 X a35,+DV10 X a35 5 + DV11 X aj5 4 + bias,s)

CE7 = tanh(DV9 X azgq + DV11 X ajg ,+SV14 X ap63 + SV15 X a4 + biasye)

MO0 =DV?2

MO1 = logistic(CE1 X az;; + CE2 X a3; ,+CE3 X a3, 3 + CE4 X a3, 4 + CE5 X a3, 5 + bias,;)

MO2 = logistic(CE1 X azg; + CE2 X ajg,+CE3 X at3g3 + CE4 X ayg 4 + CE6 X a3 5 + bias,g)

MO3 = logistic(CE1 X ajg; + CE2 X a39,4+CE3 X @93 + CE4 X @039 4 + CE7 X a34 5 + bias,)

MO04 = logistic(CE1 X azy1 + CE2 X a3y ,+CE3 X azg3 + CE4 X a3y 4 + biassg)

MO5 = logistic(CE1 X a3y, + CE2 X a3y ,+CE3 X azy 3 + CE4 X azy 4 + biass,)

where: a; ; denotes a constrained negative parameter, a{f ; denotes a constrained positive parameter, a; ;

denotes an unconstrained parameter, and bias; denotes a bias term.
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1.4 HNN model training algorithm

Training of the HNN model is implemented with the backpropagation algorithm, which is widely
used to train all kinds of neural network models including deep learning models.® This algorithm
is based on the repeated use of the “chain rule” to calculate derivatives and consists of forward

computation and backward computation. This algorithm is briefly described below:

1. Forward computation
a. Write out a model for evaluating the function y = f(x), where x is the input
(vector), and y is the output (vector)
b. Define a directed acyclic graph where each variable is a node as the computation
graph of the model®!
c. Visit each node of the graph in topological order. For each variable u; with inputs
V1, Vg, V3, ..., Uy
i. (Optional) normalization of inputs
ii. Compute u; = g;(vq, vy, V3, ..., Uy)
iii. Store the results at the node
2. Backward computation
a. Initialize dy/dy = 1
b. Visit each node of the graph v; in reverse topological order. Let uy, uy, us, ..., uy
denote all the nodes with v; as an input, Assuming that y = h(u) =
h(uq, uy, us, ..., uy), and u; = g;(vq, vy, vs, ..., vy) forall i
i. We already know dy/du; for all i

M 4y du;
=1 dul- dvj

ii. Compute dy/dv; =¥,
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3. Return partial derivatives dy/du; for all variables

With the backbone of backpropagation algorithm above, the HNN model training can be expressed

with the pseudo code below:

Initialize model parameters a (including all the a; ; and bias terms)

For each epoch e € {1, 2,3, ...,E}, do
For each training data sample {x,y} € D, do
Compute all the nodes and loss function (J) with forward computation
Compute gradients via backward computation:
Ja = VoJ, Where V] is the partial derivative dJ /da
Update parameters: @« = a — 1, g,, Where 1, is the adaptive learning rate for

parameter a
Evaluate loss function J

Return learnt parameters a

Page |S14



809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

1.5 Discussion of the hybridization treatments

In this section, we will discuss the assumptions of the 6 hybridization treatments to the HNN

model and why the aforementioned training algorithm is still applicable.
1. “Hand-crafted” NN structures

The backpropagation algorithm for calculating gradients is based on repeated use of the “chain
rule”, which applies to arbitrary computation graphs (as long as they are differentiable). The “hand-
crafted” neurons (nodes) and connections (directed edges) do not violate the definition of a

computation graph. Thus, the backpropagation algorithm still applies.

However, in a traditional NN model, activation functions imposed on the hidden layers are used
to enable simulation of arbitrary nonlinear relationships.> When the neurons and connections are
“hand-crafted” to convey physical meanings, assumptions have to be made that all the linear
relationships and nonlinear transformations approximate the real relationships among the variables
(nodes). These assumptions are difficult to make in the absence of domain knowledge for these
nodes and connections. Thus, a general nonlinearity assumption is made in this study as a generic
starting point. In cases of strong evidence that sigmoid nonlinearity does not hold, other types of

equations can be adopted, such as splines or linear relationships.
2. The weight of parameters can be constrained or fixed based on domain knowledge.

Directly constraining a weight parameter a; ; to be positive or negative might cause the search
space to be non-continuous and cause the model training to be nonconvergent. A better solution is
to transform these parameters: a{fj = | a; ;% (for positive relationships) and a;; = —/«; ;? (for

negative relationships) to impose science-based restrictions on the model. Exponential
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transformation is also a viable option, but more attention should be paid to the scale of its gradients

since it may dominate the gradients of other (linear) terms.

If a weight parameter a; ; is fixed based on domain knowledge, it is a constant. Then the gradient

Ja = VJ for this parameter is zero. Based on the HNN training algorithm, there will be no update

to this parameter.
3. Neurons can be predetermined and fixed based on domain knowledge.

The neurons in the HNN are calculated based on eq. 1 and 2 in the manuscript. However, the form
of eq.1 and 2 can be adjusted based on domain knowledge to be any differentiable equations
(nonlinear, linear, splines, etc.) as long as the HNN does not violate the definition of a computation
graph.

For proven non-monotonic relationships between a node u; and its input node v;, transformations
of v; (e.g., polynomial terms) can be added because it is equivalent to inserting new nodes to the
computation graph, e.g., Ve, = v;%. However, if the input node (v;) is not independent from

other inputs (say vy), interaction terms need to be incorporated as well, e.g., v; - vk, v;% - vy, etc.

In case there is a fixed relationship between a node u; and its sole input node v;, the node u; can

be removed from the computation graph to create a simpler model structure of skip-connection

neural networks.%3

As the name suggests, skip-connection NNs allow the outputs of a layer to skip one or more layers
in a neural network and feed into the subsequent layers.>® Existing skip-connection NNs typically
feed the entire layer to a subsequent layer (or layers) in deep neural networks such as the ResNet>*

and the DenseNet.>> However, in this study, the skip-connections are manually added between
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851  specific nodes, which is a special case of the skip-connection architecture (equivalent to setting all

852  the other connections at a fixed weight of “0”).
853 4. Neurons can feed to multiple layers.

854  This treatment is exemplified in Figure 2 with the nodes such as MSW Quantity, GDP, Recyclables%
855  feeding to multiple layers. This hybridization treatment can be directly implemented with the skip-
856  connection architecture mentioned above. This treatment can be extended to feeding outputs to the

857  same layer or even previous layers as long as the graph is acyclic.

858 5. The neurons with empirical observations in the hidden layers can be added to the loss
859 function, so that the prediction errors on the final outputs and the intermediate
860 neurons can be minimized simultaneously.

861  This treatment is exemplified in Figure 2 with the node of Legislation (DV2). To include DV2 in
862  the loss function, the computation graph is transformed by adding a skip-connection from DV2 to
863  the output layer. In this case, DV2 can be treated as a calculated variable with a fixed relationship
864  (1-to-1) to the output node Law (MOO), which is included in the loss function and trained in the

865  same way as the other output nodes.

866 6. Feedback loops of systems can be incorporated by connecting neurons on different

867 layers that share the same physical connotation.

868  This feedback loop scenario is exemplified in Figure 2 with the node of Economic Value (CE4)
869 and Market Value (DR5), which essentially share the same connotation. DR5 triggers certain
870  policy and management decisions, which in return influence the CE4, forming a feedback loop.
871  These loops are prevalent in various systems and can be implemented in HNN models by adding

872  skip-connections.
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874

875 2. Hyperparameter tuning exercise

876 In this section we provide further details and results on the hyperparameter tuning exercise of the
877 HNN model. We implement 5-fold CV on the training data (1,098 cases) to tune model
878  hyperparameters of optimizer (Figure S2), activation function (Figure S3), and regularization
879  (Figure S4). All these parameters are trained on the training sets (878 cases) and tested on the
880  validation sets (220 cases) in conjunction with different combinations of learning rates (Ir) and
881  epochs. A course grid search approach is applied across the ranges of Ir (0.1, 0.4, 0.7, 1.0) and
882  results were recorded every 10 epochs up to 250. For each parameter set, the average validation
883  mean squared error (MSE) is reported. The figures below help to identify the best combinations

884  of parameters, which are found at the minimum average validation MSEs.
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886  Figure S2 Minimum (across multiple Ir) average validation MSEs across 5-fold CV for different

887  combinations of optimizers and epochs, tested against multiple learning rates (0.1, 0.4, 0.7, 1.0)
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Figure S3 Minimum (across multiple Ir) average validation MSEs across 5-fold CV for different

combinations of activation functions and epochs, tested against multiple learning rates (0.1, 0.4,

0.7, 1.0)
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Figure S4 Minimum (across multiple Ir) average validation MSEs across 5-fold CV for different

combinations of a) regularizers and epochs and b) y and epochs, tested against multiple learning

rates (0.1, 0.4, 0.7, 1.0)
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898  After identifying the best parameters based on average validation MSEs, we perform a more fine-
899  tuned grid search across Ir (0.1, 0.2, .... 0.8, 1.0) and epochs (10, 20, ...., 190, 200) with results

900  presented in Figure S5.
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902  Figure S5 Average validation MSEs across 5-fold CV for different combinations of learning rates

903 and epochs

904  Overall, the hyperparameter tuning exercise suggests that adagrad, tanh or logistic activation, L2
905 regularizer (with y of 0.00001 or 0.000001), learning rate of 0.3, and training time of over 100
906 epochs could lead to the best HNN model training outcomes. The evolution of training and

907  validation errors is plotted in Figure S6.

908
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Figure S6 Average training and validation MSEs across 5-fold CV for final parameters
3. Additional results

During the HNN model training stage, there were two sets of parameter weights that led to the
minimum testing errors of 0.235 (or below). One set has more insignificant weights (close to “0”),
mostly for technical feasibility variables (CE5-7). The other one has fewer insignificant weights
(mainly for the Public Health driver). The latter one is preferred due to its better interpretability

and is presented in Table S4 below.

Table S4 Weights of the trained HNN model parameters

Dependent . ) . .
P . Weights of input variables and biases
variable

Household Size Age 65+ Pop. Density Education Urbanization
. -1.823 0.898 0.950 0.347 -0.076
Pub. Attitude .
Expense Income Bias
-2.608 0.867 -0.525
Income MSW Quantit Technolo Bias
Demand Q y e
0.475 -0.726 1.354 -0.127
Pollution GDP Bias
Pub. Health
0.002 -0.028 0.016
MSW Quantity Pollution GDP Pub. Attitude Bias
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Env. Protection

Climate
Change

Market Value

Development

Goals&Target

Legislation

Governance
Dev.

Market Dev.

Pvt. Engage.

Pub. Engage.

Pvt. Incentives

Pub. Incentives

Collection

Collector

Processing

Goals

Governance

Pub. Behavior

1.415
Pollution
2.256
GHGs
0.857
GDP
-0.577
Compostable%
-1.726
Household Size
-2.082
Expense
-1.345
GHGs
-1.389
Trash%
1.122
Pub. Awareness
1.465
Public Health
0.001
Public Health
0.003
Climate Change
0.433
Env. Protection
0.011
Pub. Awareness
1.392
Climate Change
0.231
Pub. Awareness
-2.753
Pub. Awareness
1.186
Market Value
0.408
Climate Change
2.990
Goals&Targets
1.875
Legislation
0.012
Legislation

0.291
GDP
-1.912
GDP
1.111
MSW Quantity
0.806
Trash%
-1.772
Age 65+
0.049
Energy
-0.600
Pollution
1.346
Pub. Attitude
-1.149
Env. Protection
0.010
Env. Protection
0.854
Pub. Awareness
0.413
Market Value
0.005
Climate Change
1.471
Env. Protection
4.654
Market Value
-1.784
Climate Change
0.011
Climate Change
1.114
Development
-0.472
Market Value
0.381
Bias
0.249
Governance Dev.
0.956
Pub. Awareness

0.335
Bias
-0.385
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1.171
Demand
0.015
Age 65+
2.191
Pop. Density
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Env. Protection
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0.023
Market Value
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Pop. Density
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Figure S7 The HNN model training and testing errors (MSESs) over 100 epochs
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