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Abstract

Energy is the most important factor driving the progress and development of modern society since
Industrial Revolution, and electricity is closely related with human activities. As the global greenhouse
gas content continues to increase, reducing carbon emissions has become an important theme in the
current global development. Based on this, The Intergovernmental Panel on Climate Change (IPCC)
has set different pathways that limit global warming to 1.5 °C and some specific emission standards in
different countries. Fossil fuels (coal, oil and gas) are by far the largest contributor to global climate
change, while traditional thermal power generation is an important part of fossil fuels, so reducing non-
essential electricity consumption can help to reduce fossil fuel emissions from the perspective of
demand-side management. To achieve this goal, it is necessary to analyze people's electricity
consumption patterns, the social-economical characteristics of electricity end users, and influencing
factors that affect electricity consumption. Therefore, this thesis focuses on three aspects of electricity
consumption. First, we focus on developing novel machine learning-based approaches for
characterizing residential electricity consumption patterns and predicting electricity consumption
pattern based on household characteristics. In addition, natural disasters are also important factors that
lead to changes in electricity usage, such as earthquake, tsunami and pandemic. COVID-19 has caused
a huge impact on people's lives and therefore lead to significant changes in electricity consumption.
Second, we study the effect of COVID-19 on electricity consumption, and predict daily consumption
over 1-6 weeks based on historical consumption data and population flow indicators in seven America
cities by establishing a set of Bayesian structured time series models. Third, we study personalized
electricity customer segmentation problem. Identifying different group of customers with both similar
electricity usage and social-economical background is key to implement demand-side management
programs. We proposed a two-stage constrained clustering framework based on mixed integer linear
programming and clustering algorithm, Lagrangian relaxation procedure are proposed to efficiently
solve large problem instances. A realistic case studies are analyzed to demonstrate how proposed

framework can be used to support personalized customer segmentation problem.
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1. Introduction

This chapter introduces the research background and research topic covered in this thesis, and discusses
the specific issues studied in this field, identifies the research questions that have been posed as well as

the academic contributions of this thesis, and finally, outlines the structure of this thesis.

1.1 Research background

According to the IPCC, global climate change is currently a major obstacle to human’s sustainable
development, especially in recent years when extreme weather due to has become increasingly
commonplace global climate change, such as heatwaves, heavy precipitation, droughts and tropical
cyclones, which pose a great danger to human society (IPCC, 2022). Global carbon emission overload
is a major factor contributing to extreme climate change on Earth, with fossil fuels being the most
significant source of carbon emissions. 2030 Agenda for Sustainable Development set up 17 Sustainable
Development Goals (SDGs) to call for action by all countries to promote prosperity and protecting the
planet (Figure 1.1) and three out of the seventeen SDGs are highly related with energy, such as, SDG 7
(affordable and clean energy); SDG 11 (sustainable cities and communities); and SDG 13 (climate

action).
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Figure 1.1. The Sustainable Development Goals (United Nations)

Since the 1970s, climate change has received more and more attention worldwide, many countries start

to take actions to combat climate change, such as the Global Climate Conference held in Geneva in
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1979, the establishment of IPCC in 1988 and the Kyoto Protocol in 1997, which set greenhouse gas
emission standards for each country. Many countries have also designated corresponding legal
regulations, which point the direction for further reducing carbon emissions and provide a policy basis

for achieving sustainable development of society.

Figure 1.2 and 1.3 give an overview of the type of primary energy source used for total energy supply
and electricity generation worldwide. From viewpoint of energy supply, more than 80% of the global
energy usage is based on fossil fuels (Coal with about 27% and oil with 32% come next with natural
gas (23%)). In terms of electricity production, Fossil fuel based thermal power station is used to produce
almost 64% of world electricity, although the proportion of Hydro and renewables energy is expanding
in recent years. Both Hydro and non-hydro renewables only account for about 25% of the global
electricity production. In particular, for developing countries, thermal power generation still accounts
for a relatively large proportion. Hence the greenhouse gas emissions caused by traditional power
generation is still very large, therefore reducing electricity consumption would help to reduce
greenhouse gas emissions, which plays a positive role in global sustainable development. Since
electricity is most closely related to people's daily lives in modern society, hence reducing electricity

consumption without cause inconvenience is a challenging task.
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Figure 1.2. World primary energy supply in 2018 (IEA, 2020)
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Figure 1.3. Electricity production by primary energy source in 2018 (IEA, 2020)

The electricity market plays a significant role in reducing carbon emissions by promoting the adoption
of renewable energy sources (e.g, hydroelectric power, wind power, and solar power), improving grid
efficiency, considering environmental externalities (carbon tax), and encouraging consumer behavior
change, etc, there are generally two main types of markets in electricity sector, such as wholesale market
and retail market. The wholesale market is where electricity is traded in large volumes between
producers and sellers (retailers), while the retail market is where retailers sell electricity to end
consumers (Hampton et al. 2022). These market structures can vary significantly by region and are
influenced by factors such as regulatory frameworks, technological advancements, and the integration

of renewable energy sources.

There has been extensive research on the relationship between wholesale electricity markets and carbon
emissions. This research generally focuses on how market structures, pricing mechanisms, and
regulatory frameworks influence the type of electricity generation, investing in renewable energy and
low-carbon technologies, which in turn affect carbon emissions. For instance, Wakiyama and Zusman
(2021) showed that wholesale reforms, which focus on the power generation and transmission sector,
have a more significant impact on reducing CO, emissions by increasing energy efficiency and
renewable energy use. Green (2008) focused on electricity wholesale markets in the United States and

Europe. They concluded that the U.S. standard market design is likely to give better results than the
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European models in many areas. Arcos-Vargas et al. (2020) studied the effect of the new photovoltaic
(PV) facilities on Iberian electricity market in 2017. The installation of new PV facilities could help to
decrease CO, emissions, and increase economic surpluses, which contribute to the Government’s
compliance with the commitments in the Paris Agreement. Maclver et al. (2021) analyzed the impact
of increasing interconnection levels between Great Britain and its European neighbors, their results
showed this could reduce emissions in the UK but increase total European emissions due to different
carbon pricing across different countries. Andrianesis ef al. (2021) surveyed the impact of Renewable
Energy Sources (RES) on the Italian electricity market based on based on hourly zonal micro-data for

2018, and RES could help to achieve annual savings of carbon emissions nationwide up to 22 Mt CO,.

However, retail market has often been overshadowed by the more prominent discussions surrounding
wholesale market design in the context of electricity supply industry restructuring, despite the
advancements in technology and changes in energy policy aimed at promoting competition and
efficiency in retail electricity markets. The main reason is that in the power sector, electricity had
traditionally been dominated by a monopoly integrated horizontally from production to supply to the
end users, and people are accustomed to electricity usage under the monopoly model and lack
interaction with electricity retailers. For example, under normal situation, retailers only tell consumers
the total amount of electricity usage, rather than the specific load profiles, and consumers cannot review
their own electricity consumption behaviors without their load profiles and related price. Hence, this

thesis mainly focuses on the research problems in retail market.

In the retail electricity market, there are mainly two types of entities: retailers and customers. Therefore,
current research mainly focuses on customer segmentation, pricing strategy, electricity consumption
forecasting, etc. Such as Ramos et al. (2015) applied several clustering algorithms to obtain the typical
load profiles customers’ characterization of medium voltage electric consumers, and four distinct typical
load profiles were identified. The electricity consumption patterns of microgrid customers were studied
by Williams ef al. (2018), k-means clustering algorithm was applied to cluster 821 customers into 5 five
typical load profiles based on daily electricity usage data. Their results could help Microgrid developers
optimize power system design given different load profiles. Motlagh et al. (2019) applied a feature-
based clustering algorithm to group residential electricity customers into 12 clusters, the proposed

algorithm deal with the challenge of high dimensionality of time series by feature extraction. Density-
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based spatial clustering of applications with noise (DBSCAN) is used to obtain typical load profiles.
On this basis, time-of-use (TOU) retail price was formulated as a mixed integer nonlinear programming
model (Yang et al. 2018). Other clustering algorithm such as self-organizing maps could be found in
(Chicco et al. 2004). The effect of Time-of-use (TOU) pricing on cost savings for industrial customers
in the U.S. by Wang and Li (2015). The result showed cost savings is inconsistent, ranging from —72.0%
to +82.6%, when industrial customers changed from flat rates to TOU pricing program. Nezamoddini
and Wang (2017) studied the effects of different pricing strategies such as Real-time pricing (RTP) and
time-of-use (TOU) pricing on customer’s cost savings in the U.S. However, they found the effect is

highly program dependent.

In addition, customers could choose preferred retailers based on user experience, and retailers could
also develop different electricity products and pricing strategies for their customers. For instance,
residential customers should select their preferred energy provider facing different electricity products,
4968 experimental choices from 414 German retail consumers were analyzed by Kaenzig ef al. (2013),

they found price and electricity mix were the most important energy product attributes.

Understanding users’ behavior patterns and values can help promote changes in energy-saving
behaviors. People may make more reasonable decisions about their energy related activities when
immediate information about energy usage data is available. Kopsakangas-Savolainen et al. (2017) have
indicated that such information can lead to behavioral changes, resulting in electric savings of up to
17%. Albani et al. (2017) found understanding customer preferences could help to promote energy-
saving behaviors and pay for smart meter services based on more than 1500 respondents in the retail

electricity market in Switzerland.

Forecasting is of great significance to electricity retailers, so retailers need to make purchasing plans
based on electricity demand forecasts and submit it to the power trading system one day in advance.
Therefore, accurate forecasts will increase retailers' profits, while adverse forecasts will lead to losses.
In terms of forecasting, many studies focus on predicting the total electricity consumption in a region,
such as aggregated electricity consumption from all customers. Such as Bianco et al. (2009) developed
a linear regression model to forecast a long-term trend in Italy from 1970 to 2007, and historical
electricity consumption, gross domestic product (GDP), gross domestic product per capita (GDP per
capita) and population were included as explanatory variables. The proposed model could get an error
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of +1% in the best situation and £11% for the worst situation. Some studies predict the electricity usage
of a building or a household. For instance, Chae et al. (2016) applied artificial neural network model to
forecast electricity usage in commercial buildings and achieved an accuracy of around 90%.
Gajowniczek and Zabkowski (2014) applied SVM and MLP neural network to forecast hourly

electricity usage for individual household.

There are also studies that predict different typical load profiles in a region, and then combine them to
get the electricity usage forecast for the region. For instance, Andersen et al. (2013) forecast aggregated
annual electricity consumption by combining projections of different categories of customers in
Denmark. Similarly, Imani and Ghassemian (2018) make predictions for each cluster, and then combine
them to get the get short-term load forecasting, their results showed the better performance of the

proposed method compared to forecasting aggregated load profiles.

The fast development of big data and cloud storage technology in recent years has made it possible to
store a large amount of electricity consumption data, which provides an opportunity to study electricity
consumption problem more deeply so that more reasonable policies can be specified to reduce
electricity consumption and then carbon emissions. The main strategies to adjust electricity
consumption in the power sector consist of supply-side management and demand-side management.
Supply-side management focuses on actions taken to ensure the generation, transmission and
distribution of electricity are conducted efficiently in liberalised energy markets through the reform of
the electricity market. It covers every aspect of supply-side management at each stage of the supply
chain of electricity, e.g., energy resources used (clean coal technologies, fuel substitution and renewable
energy use), generating plants (operational improvements in existing plants, upgrading units and
cogeneration), transmission and distribution of electricity (including lines, substations and on-site
generation). The main purpose is to stimulate the electricity market, enhance the supply of electricity

and stable operation of power system and so on.

Demand-side management, on the other hand, is to provide more flexible paradigm to reduce electricity
usage, and has been proved be one of the most successful electricity consumption adjustment strategies.
According to US Federal Energy Regulatory Commission, Demand Response (DR) can be defined as
“Changes in electric usage by end-use customers from their normal consumption patterns in response

to changes in the price of electricity over time, or to incentive payments designed to induce lower
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electricity use at times of high wholesale market prices or when system reliability is jeopardized” (Siano,
2014). DSM use a range of programs planned to encourage end-users to adjust their electricity usage,
and it can be classified into three groups according to the party that initiates the demand reduction action,
such as rate-based or price DR programs, incentive or event-based DR programs and demand reduction
bids. Price-based strategy mainly provides users with different prices at different times to adjust their
electricity consumption, examples of this kind of scheme are Time of Use rates (TOU), Critical Peak
Pricing (CPP) and Real Time Pricing (RTP). Incentive or event-based programs refer to the program
there is a certain contractual agreement between the electricity end users and program administrator
(e.g., an aggregator, service provider etc.,). In Incentive or event-based programs, the program
administrator will provide certain incentives if customer achieves the promised change in electricity
consumption. Example of this kind of schemes includes: Direct Load Control (DLC), emergency
demand response programs, capacity market programs, interruptible/curtailable program, ancillary
services market programs. Demand reduction bids refer to the scheme where electricity customers offer
bids to reduce electricity usage when wholesale market is profitable, examples of demand reduction

bids are demand bidding and buyback programs.

Both supply-side management and demand-side management play a positive important role in
promoting energy conservation and energy efficiency, hence reducing carbon emission. For example,
these methods can effectively shift the peak load, reduce the maximum load running time of the power
plant, thus reducing the operating cost, and on the other hand, can also guarantee the smooth operation

of the grid and reducing the number of corresponding accidents.

Whether it is supply-side management or demand-side management, an effective demand-side

management programs often relies on the following aspects:

The first aspect is electricity consumption patterns, whether it is the implementation of a price based or
incentive based strategy. Understanding residential electricity consumption pattern would help to
specify detailed price-based scheme. For example, typical load profiles provide much information about
how electricity usage change over time in each group, this would definitely help to make personalized
Time of Use rates and Critical Peak Pricing for different households. Besides, there is a close connection
between electricity consumption pattern and various socio-demographic and dwelling characteristics,
since electricity consumption patterns mainly depend on people’s electricity consumption behavior.
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Behaviors are in part governed by household size and socio-economic status. These characteristics and
past usage can be used to predict electricity usage patterns of potential new customers, which can enable

electricity providers and energy service company to make appropriate price recommendations.

The second aspect is electricity consumption forecasting. Power station and energy management
company need to forecast short-term and long-term trend of future power load based on historical usage,
accurate forecasting not only has an important guiding role for power plants to dispatch electricity
production in energy market (day-ahead market and intraday markets), which is essential to maintain
the smooth operation of the power grid, but also has important significance for power service companies
to implement demand-side management services. For example, energy service companies can develop
different pricing strategies to decrease peak demand, or when the summer heat arrives, power station
could make appropriate preparations in advance to ensure peak demand and smooth operation of the
power grid if the power station could accurately forecast it in advance. In addition, peak demand and
off-peak demand are affected not only by the weather, the climate, the season, the day of the week and
other factors but also by disasters and pandemic (such as floods, earthquakes, wildfires and COVID-
19). Besides, the availability of renewable energy sources (rooftop solar PV units, wind turbines,
biomass generators, fuel cells, etc), smart metering technologies, and storage (battery storage, electric

vehicles (EV) chargers) also brings new challenges to forecasting electricity consumption.

The third aspect is electricity customer segmentation, customer segmentation is a classical topic that
has been studied for many years. In the energy filed, it has been utilized for different purposes, such as
understanding energy consumption pattern and defining tariff designs, since it is impossible to specify
a separate price strategy or energy-saving incentives for every electricity consumption customer, so the
electricity consumption pattern is very important for the formulation of price strategies, on contrary, we
could set the price strategy for a group of customers with the same electricity consumption patterns.
Clustering algorithm have been extensively used in different to analyze underlying energy consumption
patterns of collected data. For example, consumers could be grouped into high consumption groups,
medium consumption groups, and low consumption groups, or they can be divided into finer groups
based on energy demand. Energy service company could achieve profit maximization by adopting
personalized pricing strategies for different groups. User profile could be obtained by combining

corresponding socio-economic features with consumption patterns. However, most clustering
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algorithms fail to divide customers into similar groups not only with similar energy consumption but

also similar social-economic background.

Based on this, the research of this thesis has important implications for implementation of more accurate
demand-side management strategies and reducing carbon emissions. In addition, the findings of this
thesis provide useful suggestions for decision making on the impact of pandemic on electricity

consumption. A more detailed research topics is described in section 1.2.

1.2 Research topics

This section gives a more detailed description of research topics addressed in this thesis, namely,
prediction of residential consumption patterns, electricity demand forecasting in the context of COVID-

19 and electricity customer segmentation.

1.2.1 Prediction of residential consumption patterns

Electricity consumption pattern is mainly a typical load profile obtained by clustering on electricity
consumption data, In recent years, with the development of artificial intelligence and smart meter
technology, it has been possible to cluster and analyze electricity consumption data at different time
intervals (e.g., intra-day, day, week, month and year), and many machine learning algorithms could be
applied to this field, such as: k-means clustering (MacQueen 1967), hierarchical clustering (Johnson
1967), Gaussian Mixture Models (McLachlan and Basford 1988), spectral clustering (Ng et al. 2001),
Nonnegative Matrix Factorizations (Paatero and Tapper 1994), self-organizing maps (SOM) (Kohonen
1990), and ensemble clustering (Yu et al. 2012). Residential electricity consumption could be affected
by many factors, such as household size and socio-economic status (e.g., number of adults and children,
level of education, income, and employment status) but also seasonal and climatic factors (e.g., daylight,
temperature, and precipitation).

However, existing researches assume that people's electricity consumption patterns are fixed. Since
electricity consumption patterns reflect the lifestyle of residents, and people's life patterns change under
different seasons, in addition, every holiday season, people's and therefore residents' electricity
consumption patterns will change gradually over time. The effect of influencing factors on electricity

usage may be non-linear and dynamic, Therefore, these influencing factors can be used to predict the
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power consumption pattern, this thesis use different machine learning models to predict the power
consumption pattern based on these influencing factors. Energy consumption patterns may vary
dynamically through different time intervals (e.g., intra-day, day, week, month, year), so it is necessary
to verify the stability of different patterns before predicting consumption pattern. Using stable features
(socio-economic) to predict an unstable (intra-day electricity consumption pattern) feature is
unreasonable. Intra-day, week, and month patterns are relatively flexible and more likely affected by
temperature and daylight. Based on this, we understand short patterns mainly from perspective of,
temperature, intra-day, day, week, month, etc. On the contrary to predict long consumption pattern
(electricity usage over one year or more) according to household characteristics. These characteristics,
including number of occupants, employment status, education level, and social class are strongly linked
with different pattern. It is important to have a deep understanding of the role that household
characteristics enables better forecasting electricity demand and devise effective demand side

management programs.

1.2.2 Electricity demand forecasting in the context of COVID-19

The rapid economic growth has caused an increase in electricity demand, accurate forecast plays an
important role in the power station planning, operation, and energy trading, such as unit commitment,
economic dispatch, and unit maintenance. For example, for the electricity suppliers, they need to set up
production scheduling in advance based on the power demand forecasting results, which implies
economic losses if the produced electricity is higher than the actual demand. On the other hand, energy
service company also need to submit bids to purchase electricity from energy wholesale market for
further sale to end-users, and thus power service company needs to forecast power demand for its area
of responsibility.

Depending on the perspective of prediction, it can be broadly categorized into statistical based forecasts,
machine learning based forecasts and combination of these two. Statistical-based time series forecasting
is mainly to construct a generative model to restore the logic of time series generation as much as
possible, such as, Autoregressive Integrated Moving Average (ARIMA), Seasonal and Trend
decomposition using Loess (STL) and Exponential Smoothing (ETS), so kind of forecasting techniques
is more explanatory. The disadvantage of statistical-based time series forecasting is that it cannot fully

utilize the information outside the time series. On the contrary, machine learning beads time series
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forecasting technique, including deep learning, mainly converts the time series forecasting problem into
a supervised learning model, for example, given a time series Y1, Y2, V3, ***, V¢, t is length of time series.
If we want to implement a 2 step ahead forecast, the original time series could be turned into a training
set {1, ¥2,¥a), (¥2,¥3,¥5), (V3 Yar Y6)s -+ » (Ve-3, Ye-2, ¥e)}. The advantage is that its accuracy is
usually higher over that of traditional time series forecasting techniques. the disadvantage is that it is
not as explanatory as the generative model. In addition, based on the time horizon, forecasting is
categorized as short-term, medium-term, and long-term forecasting. In power system, the difficulty of
forecasting is mainly from the non-stationarity of the time series, this non-stationarity reflects the
uncertainty of power demand, and many factors could lead to the uncertainty. First of all, the
heterogeneity of the main body of energy consumption, in each energy sector (residential, commercial,
industrial and transportation), and every end-users within each sector also has different electricity
consumption pattern, which definitely leads to a certain degree of local fluctuations in the final power
load profile. In addition, the seasonal factors and climatic factors have also led to global fluctuations of
load profile by influencing people’s behaviors related to energy use. Finally, the disaster, such as
earthquakes, tsunami and pandemics will lead to a great change in the operation of society, and therefore
the electricity usage will naturally change compare to that of in normal situation.

This thesis focuses on electricity demand forecasting in the context of COVID-19. After outbreak of a
COVID-19, many countries adopted different lockdown policy to reduce the spread of the virus by
reducing population flow, electricity consumption in public places in cities would decrease significantly,
on the contrary, electricity consumption in residential sector would rise as most people work from home.
Compared with the pre-COVID-19 period, people's lifestyles have changed significantly, and this
change poses a greater challenge for electricity demand forecasting. This thesis proposed a Bayesian
structural time series (BSTS) based model to comprehensively explore relationships between electricity
consumption and interactions among key drivers, including population-related factors (e.g., number of
people stay at home, number of people go to work, number of people go to retails), weather-related
factors (e.g., temperature) and public health data (e.g., number of positive cases, number of death) in
the COVID-19 situation. The BSTS could capture the general trend, seasonal patterns (such as week
patterns, month patterns) and other influencing factor related patterns in a time series but also
decompose the original electricity time series into multiple personalized components, such as long-term
trends, seasonal components, and population flow related factors, which leads to an understanding of
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the effect of COVID-19 on electricity consumption. Based on proposed model, this thesis further
predicts daily consumption over 1-6 weeks based on historical consumption data and population flow
indicators in seven America cities and finally estimate counterfactual electricity usage according to pre-
COVID-19 trend, and then provide an analysis of the short-term effect of COVID-19 on electricity

usage.

1.2.3 Personalized electricity customer segmentation

Customer segmentation can be defined as the process of dividing customers into groups based on
different characteristics or behaviors. Some bases of segmentation that may be used include electricity
usage (e.g., hourly, daily, weekly, monthly), household characteristics (e.g., number of occupants,
employment status, education level, and social class, etc), psychographic (attitude towards smart meter,
renewable energy, and eco-friendly appliances, etc) and energy use behaviors (cooking, showering,
space heating, etc). Electric utilities use it to set different types of tariffs for each segment, many
clustering methods have been used to segment electricity customers, such as k-means, self-organizing
map and Density-based spatial clustering of applications with noise (DBSCAN), etc. Each sample
within cluster represents similar property defined by distance metric among them, and clustering
algorithms use different distance similarity for various data types including numerical, categorical or
mixed type, such as Euclidean distance, Gower distance and Manhattan distance etc. The dataset
typically used for electricity customer segmentation consists of two parts (i.e., the historical electricity
usage data and the household characteristics). In general, the length of historical usage time series is
much longer than the length of household characteristics, which causes an unavoidable problem for
clustering algorithm. Machine learning models treat all features equally and therefore it is very
challenging to insert the importance or weight of socio-economic factors into traditional clustering
algorithm. Because neither machine learning algorithms nor statistically relevant models can distinguish
between these two types of features, so when using clustering algorithms for clustering, the clustering
results are always inclined to the historical electricity consumption data, and therefore the clustering
tends to reflect a similar electricity consumption pattern without similar socio-economics background.
Such results make it difficult to implement certain pricing strategies and promotion of new energy

devices for this heterogeneous group from the perspective of energy service company.

The purpose of this thesis is to cluster those households that are both similar in electricity consumption
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patterns and similar in socio-economics background into same group. This thesis focuses on using
mathematical programming approach to overcome aforementioned limits, we proposed a p-median
based constrained clustering framework. P-median problem is a very classical facilities location
problem and one of the first applications is for data clustering. In the proposed framework, the socio-
economic background labels Sy, S,, S3, -+, Sy are converted into must-link constraints to be added into
original p-median problem model, in which the these households from a socio-economic S; can be set
artificially and subjectively not to appear in the same group as the households from label S; appear in a
group. In addition, p-median problem is known to be NP-hard, hence solving large instances of the p-
median problem is a difficult task in terms of running time, this thesis proposes a two-stage scheme, in
the first stage of solving, k-means is firstly used for the selection of the initial clustering centroids, and
in the second stage, the final clustering centroids is determined by the decomposition algorithms, such

as lagrangian relaxation.

Based on above research topics, a series of research questions are provided in Sections 1.3

1.3 Research questions

This section summarizes main research questions in different research topics.
Research questions emerging in the prediction of residential consumption patterns are as follows:

(1) How to understand non-linear effect of temperature, day of week and month on electricity usage

based on proposed methods, and its advantage over traditional linear regression?

(2) How to understand how people’s intra-day electricity consumption patterns (load profile shape)

change over time, such as from Monday to Sunday, from summer to winter, and on important holidays?

(3) How to predict household daily consumption pattern over a year based on historical consumption

data and household data, and understand user-profile behind each pattern?

Research questions emerging in the electricity demand forecasting in the context of COVID-19 context

are as follows:
(1) How to forecast electricity consumption in the context of COVID-19?

(2) How does population mobility cause changes in electricity consumption, and what is the mechanism?
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(3) How can the time series of electricity consumption be decomposed in a more personalized way, such
as long-term trends, seasonal trend (e.g., week patterns, month patterns and quarterly patterns) and other

influencing factor related trend?

(4) How to effectively assess the impact of the COVID-19 on electricity consumption, especially in the

context of declining electricity consumption trend in recent years?

Research questions emerging in the personalized electricity customer segmentation context are as

follows:

(1) How to cluster the electricity customers so that users in the same group not only have similar power

consumption patterns but also have similar socioeconomic backgrounds?

(2) How to build a constrained clustering model based on optimization techniques and be relatively free

to add cannot-link and must-link constraints?

(3) How to solve the model in reasonable time given large datasets?

1.4 Research contributions

The aim of this dissertation is to contribute to research on prediction of electricity consumption pattern,
electricity demand forecasting, and customer segmentation for Demand-side management (DSM). In
particular, novel statistic and optimization models are developed to shed light on aspects that have not

been fully considered or neglected in the existing literature.

Research contributions related to the prediction of residential consumption patterns, aimed at answering

the research questions that have been detailed in the previous section (Section 1.3), are as follows:

This study attempts to fill these identified gaps. In particularly, using smart meter data from the Republic
of Ireland, we try to understand effect of temperature, day of week, and month on electricity usage with
the help of a generalized additive model and its advantage over traditional linear regression. Second,
after using a novel clustering method to generate load profiles, we examine how intra-day household
electricity consumption patterns vary both annually and weekly. Third, using an elastic net model, we
predict annual consumption patterns at daily intervals based on household level data and recent prior

electricity consumption in an attempt to better understand the user-profile underlying each pattern.
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Research contributions related to the electricity demand forecasting in the context of COVID-19, aimed
at answering the research questions that have been detailed in the previous section (Section 1.3), are as

follows:

This study attempts to fill these identified gaps. In particularly using multiple source datasets, we
explore changes in power consumption pattern in both 2019 and 2020 from different time intervals (e.g.,
day, week, month, year). Second, a Bayesian structural time series model is used provide short and long-
term forecasting and to decompose the original power consumption data into multiple personalized
components, such as long-term trends, seasonal components, and population flow related factors.
Bayesian structural time series (BSTS) has obvious advantages over other classical time series models,
such as Autoregressive Integrated Moving Average (ARIMA), Seasonal and Trend decomposition using
Loess (STL) and Exponential Smoothing (ETS). First of all, BSTS can perform the decomposition of
the time series in an additive way, so it is more interpretable than ARIMA, and it is easier to explain
why the time series shows such a change pattern. BSTS could handle any type of seasonality, such as
weekly data, not only monthly and quarterly data compared to ETS with STL. In addition. When we
decompose a time series into components, such as trend, seasonality and cycles. BSTS could take
advantage of external features instead of internal features that rely on differencing, lags and moving
averages of a time series, which help to provide feature based decomposition of the model. This
personalized decomposition is conducive to understanding the impact of the epidemic on electricity
consumption. Third, a causal analysis of electricity consumption and COVID-19-related influencing
factors were carried out. We conducted a scenario analysis of the outbreak of COVID-19 and predicted
the likely trend of electricity consumption if there were no outbreak based on pre-COVID-19 data, and

estimated the true effect of the COVID-19 on electricity consumption.

Research contributions related to the personalized electricity customer segmentation, aimed at
answering the research questions that have been detailed in the previous section (Section 1.3), are as

follows:

This study attempts to fill these identified gaps, a two-stage constrained clustering algorithm is proposed
that combines k-means algorithm and mixed integer programming technique. To be more specific, in
the first stage of proposed algorithm, we use the k-means algorithm to select the initial clustering

centroids, and then the closest points to these centroids are selected as potential clustering centroids. In

25



the second stage, the constrained p-median problem built on potential clustering centroids is used for
determining final clustering centroids. In order to speeding up solving the problem, a Lagrangian

relaxation procedure is proposed to efficiently solve large problem.

1.5 Outline

The remainder of this thesis is organized as follows.

Chapter 2 provides various machine learning algorithms to analyze and understand different aspects of
residential electricity consumption, including temporal and climate influences on electricity
consumption, daily consumption pattern shifting over time, and prediction of annual load profiles, using

smart meter data and household level characteristics from the Republic of Ireland.

Chapter 3 introduces a Bayesian structural time series based forecasting model to forecast normal
consumption and usage since the outbreak of COVID-19 in late 2019. It reveals the dynamic
relationship between electricity usage and population flow features by providing a personalized
decomposition of time series. It also explored the impact of COVID-19 on various electricity
consumption patterns, such week patterns and intra-day patterns and estimate counterfactual electricity
usage according to pre-COVID-19 trend, and then provide an analysis of the short-term effect of

COVID-19 on electricity usage.

Chapter 4 presents a two-stage constrained clustering framework for electricity customer segmentation,
which consist of k-means for choosing potential clustering centroids in the first stage, and determined
final clusters based on a p-median problem with cannot-link and must-link constraints in the second
stage. the model formulation as well as the solution methodologies that have been developed to solve
it, a Lagrangian relaxation algorithm are applied to solve proposed model, and provides computational

results on real residential electricity dataset in the UK.

Chapter 5 offers some conclusive remarks.
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2. Predicting residential electricity consumption patterns based on smart

meter and household data: A case study from the Republic of Ireland

2.1 Abstract

We use machine learning algorithms to investigate various aspects of residential electricity consumption
for households in the Republic of Ireland. Temperature, day of week, and month of year have an
apparent causal effect on consumption. The prevalence of six distinct intra-day load profiles, identified
by clustering, changes dramatically between weekdays and weekends as well as seasonally. Key socio-
demographic and dwelling characteristics associated with annual load profiles include household
makeup and size and occupation of the primary income earner. We further discuss policy and

management implications of our findings and propose avenues for future research.

2.2 Introduction

Reducing nonessential energy consumption, including residential electricity, is widely considered one
of the most effective and low-cost means of mitigating global climate change and enhancing sustainable
development, particularly in developed economies. The residential sector accounts for a significant
portion of overall electricity demand — 26.9% worldwide in 2018 (IEA 2020) — with consumption
patterns largely reflective of household characteristics (Urge-Vorsatz et al. 2015; Wang et al. 2018).
With increased population growth and rising living standards, residential electricity consumption has
continued to grow over the decades. Gaining a better understanding of household electricity
consumption patterns, behaviors, and household characteristics that influence consumption should
prove enormously useful to policymakers and electricity generation firms in developing effective

strategies to reduce residential electricity consumption.

Recent advances in big data and machine learning algorithms come at an ideal time to help address this
challenge. It is now possible to digitally store massive amounts of electricity usage data. Advanced
machine learning methods, in turn, provide ideal tools for analyzing these large datasets, opening up
new avenues to explore electricity consumption patterns in greater depth. For example, variations in

electricity consumption over time can be analyzed at almost any level of granularity, from yearly to
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monthly, daily, hourly, or even minute-by-minute (Crone and Kourentzes 2009). As such, it becomes
possible to identify how peaks and troughs in demand evolve and begin to delineate typical household
energy consumption patterns or load profiles. Here, advanced machine learning techniques are ideally
suited for categorizing and predicting household load profiles by identifying key variables driving
energy consumption (i.e., feature selection), which can subsequently form the basis for more accurate

electricity demand forecasting and support demand side management (Koprinska et al. 2015).

Uncovering behavior patterns hidden in typical load profiles is challenging due to the lack of a full
mapping between behavior and electricity consumption data. In earlier studies, researchers often
investigated behavior through questionnaires and then applied traditional statistical models to try to find
any relationships. In the internet era, it is possible to gain fresh insights into different aspects of
residential electricity consumption behaviors. In particular, it is now feasible to combine social media
network data with energy usage data and then analyze the data using flexible neural network structures

to reveal relationships between behavior and residential power demand.

Although there is considerable research on household electricity consumption, there are some apparent
deficiencies. For one, most studies fail to comprehensively explore relationships between residential
electricity patterns and interactions among key drivers simultaneously, including time-related factors
(e.g., season, month, day, hour) (McLoughlin et al. 2015) and weather-related factors (e.g., rainfall,
temperature, humidity) (Li et al. 2019). Another limitation is that researchers often investigate energy
consumption patterns and behaviors from a static point of view. Energy consumption patterns may vary
dynamically through different time intervals. For example, in temperate regions, daytime during winter
is much shorter than it is in summer, which directly impacts heating needs and people’s daily activities.
A third critique of the existing literature is a general failure to associate electricity usage with household
data and historical usage. Both household characteristics and historical electricity usage are likely to
influence future usage strongly. Most studies focus solely on characterizing consumption patterns
according to dwelling and socio-economic data, while ignoring recent historical usage (e.g., over the

past few months).

This study attempts to fill these identified gaps. In particular, using smart meter data from the Republic
of Ireland, we examine the effect of temperature, day of week, and month on electricity usage with the

help of a generalized additive model. Second, using k-means clustering to extract different intra-day
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load profiles, we examine how household electricity consumption patterns vary annually and weekly.
Third, after employing k-medoids clustering to generate annual load profiles, we apply an elastic net
model to predict annual household consumption patterns based on household-level data and recent past

electricity consumption to generate useful user-profile information.

The remainder of this chapter is structured as follows. In the next section, we describe the data used in
this study and our methodology for analyzing residential electricity consumption patterns. We then
present main results and findings. We conclude with a critical discussion of the implications of our

findings and propose avenues for future research.

2.3 Literature Review

Existing studies on this general topic of residential electricity demand profiling can be grouped into
several different research themes. The first focuses on obtaining typical load profiles using different
levels of granularity for electricity consumption data (i.e., daily, hourly, and minute) and different types
of clustering algorithms, such as k-means (Hartigan and Wong 1979), self-organizing maps (SOM)
(Kohonen 1990), and ensemble clustering (Yu et al. 2012). For example, Risdnen et al. (2010) propose
using SOM combined with k-means and hierarchical clustering for handling large time-series datasets.
Their methodology is applied to year-long hourly electricity consumption data from North Savo,
Finland. Experimental results indicate their proposed methodology produced more accurate household

load profiles than existing ones used by an electric power company to estimate load.

Meanwhile, Khan et al. (2016) present an incremental density-based ensemble clustering method for
segmenting factories according to electricity consumption data. Using data from manufacturing
factories in Guangdong Province, China, the authors find that their algorithm outperforms several state-
of-the-art data stream clustering algorithms. Other relevant studies include those by Benitez ez al. (2016)
and Chévez et al. (2017). Benitez et al. (2016) present a Hausdorff distance-based dynamic clustering
algorithm for identifying and visualizing temporal load profiles. Compared to traditional clustering
methods, such as k-means and Fuzzy c-means, the proposed method produces more well-defined and
balanced clusters. Chévez et al. (2017) use k-means to detect homogeneous areas of residential

electricity consumption and associated socio-demographic characteristics.

Three above-mentioned methods are used in the field of data clustering, but they differ in their
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algorithms and purposes, k-means is a centroid-based clustering algorithm that partitions the data into
k clusters, where each data point belongs to the cluster with the nearest centroids. while SOM is a type
of artificial neural network used for clustering and it reduces dimensionality while maintaining
topological properties, allowing for the visualization of high-dimensional data, ensemble clustering
combines the results of multiple base clustering algorithms that is more robust and reliable than

individual clustering algorithm.

A second line of research examines the importance of feature selection prior to carrying out data
clustering. Feature selection is critical in the big data era as high-dimensional electricity consumption
data become more widely available with the introduction of smart meters. With high-dimensional data,
some traditional clustering algorithms are no longer helpful. Hence, feature selection becomes key to
tackling challenges associated with analysis of high-dimensional data. An illustrative example is a study
by Risdnen and Kolehmainen (2009), who present a feature selection approach for clustering time series
based on extracting statistical features within time series. Advantages of their approach include
dimensionality reduction of the original time series, increased robustness to missing observations, and
the ability to handle time series of different lengths. Motlagh ef al. (2019) proposed a baseline feature-
based clustering algorithm to alleviate the limitations of extreme dimensionality of load time series by
converting load time series into map models that can be readily clustered. Choksi et al. (2020) proposed
a feature-based clustering algorithm aimed at dimensionality reduction, load profile characterization,
and probabilistic load variation assessment by combining classical k-means with empirical feature

selection.

A third area of research on household load profiles concerns the relationship between household-level
data and electricity consumption patterns. For example, McLoughlin et al. (2012) use a multiple linear
regression model to estimate total electricity consumption, maximum demand, load factor, and time of
use of maximum electricity demand based on different dwelling types and occupant socio-economic
variables. Conversely, Beckel et al. (2014) examine the feasibility of inferring household characteristics,
like employment status and number of occupants, from smart meter data. They were able to achieve 70%
or more accuracy for each household characteristic using supervised machine learning techniques. More
relevant to our work, Singh et al. (2019) apply k-means clusters to segment customers based on

electricity consumption metrics, socio-demographic/economic and dwelling characteristics, and
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georeferenced weather data to improve peak and off-peak load predictions and support targeted demand

management programs.

2.4 Methodology

2.4.1 Data

The data used in this study come from 4232 Irish households randomly selected across the country
between 14 July 2009 and 31 December 2010. The dataset consists of smart meter electricity
consumption data logged at 30 min intervals, along with household surveys carried out in December
2009. The data were collected as part of an electricity customer behavior trial carried out by the Irish
Commission for Energy Regulation (CER 2012) and were obtained from the Irish Social Science Data
Archive (https://www.ucd.ie/issda). The types of household data collected, along with summary
information about dwelling, space heating, water heating, and cooker types, are provided in a series of
tables in an appendix (see Table 2.10-2.11 and Table A.1-A.4). Key things to point out are that most
surveyed homes (72%) are heated by oil or gas (only 6% are heated by electricity), electricity represents
the single largest category for water heating (35%) and cooking (70%), and properties tend to be rather
large (less than 2% are apartments and only 14% are terraced houses). After data cleaning, a sample of
3639 households remained to analyze and pattern shifting over time (see §2.4.3), and aggregated
electricity consumption from these households are used to analyze time and climate effects on electricity
consumption (see §2.4.2). A subset of 2874 households could be matched with household survey data
to carry out a household segmentation analysis and prediction of electricity consumption patterns (see

§2.4.4).

Daily temperature data from 47 weather stations across Ireland (see Figure A.1) for the same time
interval as the electricity monitoring data were sourced from the Irish Meteorological Service
(https://www.met.ie). Due to a lack of knowledge about the location of households, hourly temperatures
were averaged across all stations and used as a common temperature time series for all households.
Though not ideal, average heating degree days at each station showed low variability (see Figure A.1),

suggesting that most households in Ireland experience similar temperatures regardless of location.

2.4.2 Time and climate effects on electricity usage
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It is hypothesized that Irish residential electricity consumption behavior is mainly affected by seasonally
varying factors like temperature and month (a proxy for daylight). In addition, electricity consumption
often has clear day-of-week patterns. The effect of such influencing factors on electricity usage may be
non-linear; hence we applied a generalized additive model (GAM) (Hastie and Tibshirani 1990) to study

the relationship between average electricity consumption and influencing factors.

GAM is a non-parametric extension of a generalized linear model (GLM) in which non-linear smooth
functions express relationships between the response and predictor variables to capture non-linearities
within the data. For our analysis, we considered three predictor variables for household electricity usage

(temperature, day of week, and month), which resulted in the following GAM:
Elect; = By + g1(Temp,) + g,(Day,) + gs;(Month,) + & t=1,2,..,T (2.1)

where Elect, is daily usage on the tt"

day, Temp . is average the daily temperature on day t, Day; is
the day of week on day t (values 1 to 7), Month; is the month of year on day t (values 1 to 12), each
gs(*) is a smooth function of the corresponding covariate with thin plate regression splines as a

smoothing basis, and &, is an error item with normal distribution. We used the penalized iteratively re-

weighted least squares (PIRLS) algorithm to solve model (2.1).

We also consider the following linear regression model as a benchmark for model (2.2).

Elect, = g + p1 * Temp; + [, * Day, + 3 * Month; +¢& t=1,2,..,T (2.2)

where Elect;, Temp;, Day;, Month; and &; are the same as defined previously and 8y, 81, B, and S5

are linear regression coefficients. Model (2.2) was solved via least squares (Fahrmeir et al., 2007).

2.4.3 Electricity consumption pattern shifting

Residential daily electricity consumption patterns mainly depend on people’s electricity consumption
behavior. Behaviors are in part governed by household size and socio-economic status (e.g., number of
adults and children, level of education, income, and employment status), but also seasonal and climatic
factors (e.g., daylight, temperature, and precipitation). Accordingly, daily electricity consumption
patterns do not remain fixed over time. To better understand this, we combine data re-aggregation with
the k-means algorithm (Hartigan and Wong, 1979) to analyze changes in household intra-day electricity

consumption, referred to as electricity consumption pattern shifting.
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We first extracted total intra-day electricity consumption patterns for all households by taking intra-day
usage time series data, re-aggregating it to a daily basis, and then applying the k-means algorithm on
the re-aggregated data. The result is an assignment of each household £ on day d to pattern p. The
number of each pattern on a particular day can then be tallied to determine the distribution of patterns
and analyze how the distribution varies gradually (or not) through time to help identify underlying

drivers. The proposed method is explained in more detail below.

Data re-aggregation: Before applying the k-means algorithm to extract intra-day electricity
consumption patterns, it was necessary to reformat the original dataset from wide to long format, as
shown in Table 2.1. Here, each row indicates a whole day’s record of electricity usage for household ¢

(¢ = 1,2, ...,n). The first column is household index ¢ or ID, the second column denotes the day i (i =

1,2, ..., T) electricity usage was recorded, and the remaining columns indicate electricity usage Ceit;
for household ¢ on day i during a 30-minute time interval ¢; (j = 1,2, ...,48).

Table 2.1. Aggregated intra-day electricity usage.

ID Day ty t, t4s
1 1 Ciaey | Gty | o | Clitgg
1 2 Ci2t | €12t | = | C12tug
1 T Cirty | Come, | - | CiTotag
2 1 Coat; | Co1t, | = | Cotag
2 2 C22t1 | 22t | - | C2,2t4g
2 T Corey | Comity, | = | CoTitag
n 1 Cnaty | Cnaty | | Cnityg
n 2 Cn2t; | Cn2t, | =+ | Cn2tyg
n T 1 Camey | Cnrty | - | CnTitag

Pattern extraction and assignment: In the pattern extraction phase, k-means is applied on columns t;
to t4g in Table 2.1. The outputs consist of intra-daily patterns, namely the mean value of each cluster
and the household-date-pattern assignment matrix (Table 2.2). From this, we derive the pattern-date-
proportion matrix (Table 2.3). In Table 2.3, value f,, ; represents the proportion of each pattern p,, on

day d as calculated from Table 2.2.

Table 2.2. Example household-date-pattern assignment matrix.

y 1 2 3 T

ID
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1 P P Pa Ps
2 P3 P1 | % P2
n Ps Pk Pk Pe

Table 2.3. Pattern-date-proportion matrix.

ay
Pattern 1 2 T
P1 fia fiz2 fur
D2 f21 fa2 for
Pk fra fr2 fer

Table 2.3 lets us easily track how each pattern changes over time. To more easily visualize this, we
further define a pattern shifting matrix (Table 2.4) and utilize it to analyze electricity consumption

pattern shifting between any two days d and d .

Table 2.4. Pattern shifting matrix.

d PLo| P | | R
P1 511 512 Slk
Pz 521 522 52
Pk Skl Sk2 Skk

In Table 2.4, value S, € [0,1] represents the shifting proportion, defined as:

P, N Ryl
——, |B|>0
Sow =3 |B,] 1P| (2.3)

0, |B,| =0
where P, represents the set of pattern v households on day d and P,, represents the set of pattern w

households on day d .

Our proposed method has two main advantages over a more traditional approach of directly clustering
on household electricity usage wide formatted time series data. First, it avoids clustering on high-
dimensional data. Second, it is more effective at revealing changes in daily electricity consumption
patterns over time. Without data re-aggregation, it is more difficult to detect meaningful intra-day
patterns in long time series possessing a distinct daily cycle. Typically, only long-term cycles within the
data can be extracted without re-aggregation. An alternative is to cluster on a day-by-day basis, but this
presents issues regarding the large number of times clustering needs to be performed. Moreover, the
patterns obtained by clustering on each day separately are unlikely to be universal. Our proposed way

of clustering avoids both of these problems.
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2.4.4 Household segmentation

We further investigated how household characteristics and past usage can be used to forecast annual
electricity usage patterns on a daily interval. An important application of this analysis is the
segmentation of potential new customers, enabling electricity providers and energy comparison

websites to make appropriate price plan recommendations.

Data Merge

Smart Metering Data

Household Characteristics

!

Usage Patterns Extraction (k-medoids)

Set hyperparameter k

'

Extract k patterns

A

\J

Pattern Prediction (elastic net)

A

Adjust regularization parameters L1 and L2 to
avoid overfitting

Tuning
Parameter

\

Evaluation J
t N

Accuracy

[

<

¥

Electricity Consumption User-profiles

1. Select typical social-economical factors

2. Display distribuction of above factors within each
group

Figure 2.1. Overview of how to predict annual household electricity consumption patterns.
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As mentioned previously, daily electricity consumption patterns often vary over time. On the contrary,
household socio-economic descriptors tend to be relatively stable. This creates an inherent challenge
whereby stable (socio-economic) features are used to predict an unstable (electricity consumption
pattern) feature. To overcome this, we applied k-mediods (Reynolds et al., 2006) on household
characteristics and past electricity consumption information to first cluster households around different
typical yearly load profiles. Unlike k-means, k-medoids chooses actual data points as centers, which
has the advantage of providing greater interpretability of the links between underlying household
characteristics and consumption patterns. Having extracted a set of typical load profile patterns, we
subsequently applied an elastic net model (Zou and Hastie 2005) to predict the likelihood of a household
having any given load profile. Finally, we generated user-profile information for each load profile.
Figure 2.1 shows an overview of our methodology. The methodology consists of four distinct steps:
data merging, load profile pattern extraction, load profile prediction, and generation of user-profile

information. Each of these steps is discussed in more detail below.

Data merge

Household characteristics are detailed in two tables provided in an appendix (see Tables A.9-A.10).
This includes type of residence, number of occupants, employment status, level of education, and social
class. As part data processing, we first removed any households with missing data. Next, we split the
smart meter data into time intervals: 2009-07-14 to 2009-12-31 and 2010-01-01 and 2010-12-31. Data
from 2009 were treated as “historical” usage; from this, average daily usage is computed. The three
categories of data — household information, 2009 historical usage, and 2010 contemporary usage — were
then used in the next step for load profile pattern extraction. The first two data types were later used for

load profile prediction.

Load profile pattern extraction

In the second step, household characteristics and historical and contemporary electricity usage data
were used to segment consumers using the Partitioning Around Medoids (PAM) algorithm. Importantly,
PAM can accept mixed-type distance similarity. Indeed, several household characteristics are
categorical, like residence type and education level. For hyperparameter k (i.e., number of clusters),

values between 3 and 6 were considered. The silhouette coefficient can be used to assess the quality of
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clusters based on the degree of similarity and dissimilarity among them. However, the cluster validity
index tends to result in choosing a smaller number of clusters, which is not ideal for customer
segmentation. The output from this step was a set of load profiles with similar household information,

historical electricity usage, and contemporary electricity consumption patterns.

Load profile prediction

The load profile prediction step aims to classify households according to load profile patterns based on
household and historical electricity usage data. For this, we used an elastic net model (Zou and Hastie
2005), which combines lasso (Tibshirani, 1996) and ridge regression (Hoerl and Kennard, 1970). Elastic
net overcomes some of the limitations of the lasso model. For example, in the “large p, small n”” case
(i.e., high-dimensional data with few samples), lasso selects at most n variables before it saturates. If
there is a group of highly correlated variables, then the lasso model tends to select one variable from
the group and ignore the others. In order to overcome this, the elastic net adds a quadratic part to the

penalty, also known as Tikhonov regularization, which comes from ridge regression.

We used coordinate descent to solve for the regression parameters and parameter grid search to optimize
the model’s hyperparameters, namely, the number of clusters, elastic net penalty, and regularization
parameter. With parameter grid search, parameter values can be determined to optimize the model’s
accuracy. We also implemented a deep neural network (LeCun ef al. 1998), random forest (Breiman
2001), gradient boosting machine (Friedman 2001), and support vector machine (Cortes and Vapnik

1995) as benchmarking models.

User-profiles

In the final step of our analysis, socio-demographic and dwelling information were analyzed for each
load profile pattern. Household characteristics, including number of occupants, employment status,
education level, and social class, were anticipated to be strongly linked with different load profiles. A
better understanding of the linkages between household characteristics and consumption behaviors will

likely help in devising more effective demand-side management programs in the electricity sector.

2.5 Results

Model implementation and computational experiments were carried out using Python and R on a PC
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with an Intel Core 15-8250U CPU running at 1.60GHz with 8.0GB RAM.

2.5.1 Influence of time and climate on electricity usage

We implemented the GAM model (2) in the R package mgcv (Wood 2017), where each smooth function
gs(*) is estimated by a penalized regression spline. Results of the GAM and benchmark linear
regression models are displayed in Tables 2.5 and 2.6. Estimated temperature, day of week, and month

curves are plotted in Figure 2.2, with the shaded area representing twice the standard error bands.

Table 2.5. Linear regression model results.

Parameter Est. Std. t value p-value

Intercept™” 26.938 0.265 101.466 <2x10°7°
Temperature™” -0.610 0.014 -43.828 <2x10°7°
Day™ 0.221 0.036 6.016 3.32x107°
Month™" 0.263 0.022 11.916 <2x10716

*** significant at the 0.1% level.

Table 2.6. GAM model results.

Parameter Est. Std. t value Eff. DF F value p-value

Intercept™™ 23.935 0.051 469.3 <2x10'6
s(Temperature)™™* 4.667 62.78 <2x1016
s(Day)™™* 4.483 23.76 <2x1016
s(Month)™* 9.299 69.34 <2x10°16

" significant at the 0.1% level.

For both models, we observe that all predictor variables are statistically significant at the 0.1% level.
As one would expect, there is an inverse relationship between electricity demand and temperature, as
indicated by the negative sign for the corresponding regression coefficient estimate. For the GAM
model, the near zero p values for s(Temperature), s(Day), and s(Month) suggests that these smoothing

terms each have a powerful influence on electricity usage.

Table 2.7. Comparison of GAM and linear regression model accuracy.

Model Adj. R? AIC RMSE  MAPE
Regression 0.79 2095.48 1.69 5.14%
GAM 0.90 1720.30 1.16 3.04%

The performance of each model is reported in Table 2.7. We observe that GAM produces a superior fit
compared to a multiple linear regression, which is evident by the higher adjusted R? value (90% of
variation explained by the three predictors) and lower Akaike information criterion (AIC), root mean

square error (RMSE), mean absolute percentage error (MAPE) values.
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Figure 2.2. Effect of temperature (a), day of week (b), and month of year (c¢) on residential electricity

demand.

Figure 2.2 shows nonlinear effect of temperature (a), day of week (b), and month of year (c) on
residential electricity usage, s(Temperature), s(Day), and s(Month) are regression splines estimated
from GAM. Black dashed lines indicate the 95% confidence intervals for the regression spline, and red

dash line across at zero. Inspection of Figure 2.2 reveals a clear monthly pattern to electricity usage,
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with above average usage in the late autumn and winter (November to February) and below average
usage in the spring, summer, and early autumn (March to October). Intuitively, this would appear to be
driven by behavioral responses to seasonal variation, namely reduced time at home and use of
appliances in warmer months with more daylight (March to October) and greater use of appliances and
increased secondary electric heating and water heating in colder months with less daylight (November
to February). There is also a clear weekly pattern for residential electricity usage. Demand is noticeably
higher at the weekend (Saturday and Sunday) when people are typically at home than during weekdays
when they are typically at work. One interesting observation is that demand steadily declines from

Monday to Friday. Why this should be the case is not clear.

Compared to a basic regression model, the GAM model is able to capture non-linearities in the
temperature response function. Moreover, while month of year will partly capture temperature-driven
electricity usage patterns, the use of temperature as a separate variable better accounts for daily variation
in the need for water heating, secondary electric heating, and other activities. Indeed, household
electricity consumption shows a near linear increase as temperature drops from 20 to 5°C and then

rapidly increases as temperatures drop below 5°C (see Figure 2.2a).
2.5.2 Shifting electricity consumption patterns

We identified six typical intra-day load profiles (see Table 2.8 and Figure 2.3). Patterns 1-3 are all
similar in that they show a bump in electricity usage in the morning starting around 06:00, increased
electricity usage beginning at 16:00 that eventually peaks in the evening at around 19:00, presumably
when dinner is being prepared, followed by a noticeable decline starting at 22:00 when people go to
bed. Pattern 1 stands out from these and the rest in terms of the very low amount of electricity used in
a 24-hour period and low temporal variability. Pattern 6 is similar to patterns 1-3, but peaks much earlier
in the late afternoon/very early evening around 16:30, presumably corresponding to an early dinner
time. Patterns 4 and 5 differ considerably from the others. Pattern 4 has a prominent peak in the middle
of the day at noon that then drops off but remains high in the evening before declining at 22:00. Pattern
5, meanwhile, has the highest electricity usage overall, which begins steadily rising at 05:00 in the

morning until 17:30 in the early evening and then rapidly decreases.

Table 2.8. Summary statistics for patterns 1-6 (n = 3639).
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Pattern 1 2 3 4 5 6

Proportion 34.4% 9.9% 32.6% 9.8% 3.4% 9.9%
Avg. daily usage (kWh) 9.88 38.19 22.21 36.49 71.32 35.33
Peak avg. usage (kWh/30 min) 0.42 2.35 1.12 2.25 5.36 1.87
Max avg. ramp rate (kWh/min) 0.08 0.59 0.24 0.56 1.80 0.33
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Figure 2.3. Typical intra-day consumption patterns (kWh per 'sh).

It is worth noting that mean annual electricity consumption for the different load patterns is relatively
high (8730.3 kWh), nearly double what one might expect (~4500 kWh). We suspect that this is mainly
because few small dwellings (apartments and terraced houses) are included in the household survey

dataset, which is probably not fully representative of Irish households more generally.
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Figure 2.4. Frequency of each intra-day consumption pattern over time.

A graphical representation of the pattern-date-proportion matrix showing the number of households
exhibiting each daily load profile pattern for one and a half years is displayed in Figure 2.4. As can be
seen, pattern 1 and pattern 3 represent the dominant load profiles among Irish households, accounting
on average for 34% and 33%, respectively, over the study period. Pattern 1 shows apparent seasonal
variation characterized by a summer peak in July and a winter nadir in December. In contrast, patterns
2, 5, and 6 show opposite seasonal variation, with highs in December and lows in July. More specially,
we observe that the proportion of pattern 1 households reduces from 42-44% in July to as low as 20-
21% in December, while patterns 2, 5, and 6 households collectively account for 15-17% in July to as
much as 47-49% in December (see Table A.5). This kind of pattern oscillation demonstrates the extent
that households modify their behavior and electricity usage in response to long-term changes in
temperature, amount of daylight, and other seasonal factors. Patterns 3 and 4, meanwhile, form a more

constant proportion of households, albeit with high weekly and yearly volatility.

Importantly, there is a noticeable weekday versus weekend relationship to the proportion of pattern 3
and pattern 4 households, with pattern 3 being more frequent on weekdays and pattern 4 more frequent
on weekends. Other patterns also have a strong weekly cycle, with patterns 2 and 6 being more prevalent

on weekdays and pattern 5 on weekends. We also note a very distinctive load profile distribution on
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Christmas Day, with patterns 4 and 5 usually representing a small proportion of households (12% over

the study period) but forming a majority or clear plurality (49-51%) on Christmas Day.

An investigation of seasonal transitions (Figure 2.5a and Table A.6) reveals several perhaps unexpected
insights. Moving from summer (14 July 2009) to winter (24 December 2009), one might expect, as a
result of pattern 1 being counter-cyclical with patterns 2, 5, and 6, that the decline of pattern 1 and
increase of patterns 2, 5, and 6 would be simply down to pattern 1 households transitioning to those
other patterns. The story is more complex than that. While a significant proportion (26%) of pattern 1
households transition to patterns 2, 5, and 6, more (27%) transition to the other dominant pattern 3.
Meanwhile, the bulk of pattern 3 households (54%) shift to patterns 2, 5, and 6 between summer and
winter. Thus, the significant growth in these less common patterns during the summer is driven more
by pattern 3 than pattern 1 shifting. Patterns 2, 4, and 6, like patterns 1 and 3, also show a significant
shift to other patterns. Only pattern 5 seems relatively stable, with 73% of households maintaining this
pattern between summer and winter. The result is that winter shows a much more uniform distribution

among patterns 1-6 in winter compared to summer.
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Figure 2.5. Sankey diagrams of summer (14 July 2009) to winter (24 December 2009) to winter

pattern shifting (a) and weekday (27 July 2009) to weekend (2 August 2009) pattern shifting (b).

Looking at weekday-to-weekend pattern shifting (see Figure 2.5b and Table A.7), we find that pattern
1 is by far the most stable, with only around 25% of households having a pattern 1 on a weekday
transitioning to some other pattern on the weekend. In contrast, patterns 2, 5, and 6 show the most flux,
with 75-85% of households having one of these patterns on a weekday and moving to a different pattern
on the weekend. Patterns 3 are 4, meanwhile, are somewhat more stable between weekdays and

weekends, with 60-63% of households transitioning to a different pattern on the weekend.

In terms of overall makeup (see Figure 2.5b and Table A.6), pattern 1 accounts for a roughly equal share
of households on weekdays (43%) and weekends (45%). Pattern 4, meanwhile, increases substantially
on weekends, going from 9% of households on a weekday to 18% on the weekend. Conversely, pattern
3 shows a noticeable decrease, going from 32% of households on weekdays to 25% on weekends;

patterns 2, 5, and 6 show more modest decreases or increases on weekends than weekdays.

2.5.3 Household segmentation

Load profile patterns

We identified a total of 5 distinct annual electricity consumption patterns (see Figure 2.6 and Table 2.9).

All five have a similar usage profile, typified by higher (lower) usage in the winter (summer), albeit
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with very different amounts of average daily usage. Pattern 2 households consume the most, with
average daily usage of 39.92 kWh, while pattern 5 households consume the least, with average daily
usage of just 9.98 kWh. The most common usage profile is pattern 1, which accounts for nearly a third
(29%) of all Irish households. Pattern 1 households consume an intermediate amount of electricity, with

daily usage at 26.02 kWh.

We further investigated the proportions of different intra-day electricity consumption patterns
associated with each annual load profile (Tables A.11-A.12). We observe that the five annual patterns
are linked to distinct combinations of intra-day patterns that vary between summer and winter.
Specifically, annual load profile 1 is majority (0.56) daily pattern 3 in summer, but formed mostly of
patterns 4 and 5 (0.63) in winter. Load profile 2, on the other hand, has roughly equal proportions of
patterns 2, 4, and 6 (0.18-0.21 each) and a slightly higher proportion of pattern 3 (0.28) in summer, but
is majority pattern 5 (0.62) in winter. Annual load profiles 3 and 5 have in summer very high proportions
of pattern 1 (0.87-0.91), a small proportion of pattern 3 (0.07-0.10), and little of the other patterns (0.02-
0.03). In winter, daily pattern 1 (0.47-0.67) remains the dominant pattern, but with higher proportions
of patterns 3 and 4 (0.27-0.41) and increases in the other patterns (0.06-0.13). Finally, annual load
profile 4 is composed mainly of daily patterns 1 and 3 (0.90) in summer, but has similar shares of

patterns 1, 3, and 5 (0.16-0.21 each) and a plurality of pattern 4 (0.33) in winter.
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Figure 2.6. Annual electricity consumption patterns on a daily basis.

Table 2.9. Annual electricity consumption pattern summary statistics (n = 2874).

Pattern 1 2 3 4 5
Proportion (%) 29.37 24.36 13.99 18.86 13.43
Avg. daily usage (kWh) 26.02 39.92 13.73 19.75 9.98

Load profile prediction

Figure 2.7 displays the training and test accuracy of the five machine learning models (deep neural
network (DNN), random forest (RF), gradient boosting machine (GBM), elastic net, and support vector
machine (SVM)) used to classify households into one of the five annual load profiles based on
household and historical electricity usage information. Parameter settings for the five machine learning
models are provided in Table A.11. The elastic net model performs the best overall, with a test accuracy
of nearly 85%, thus demonstrating the effectiveness of combining the L, and L, regularizations, closely
followed by the random forest (RF) model with an 83% test accuracy. Perhaps due to limited training
data and complex structure of deep neural networks, the performance of deep neural networks is not
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outstanding. Despite having the best training accuracy (96%), support vector machine had the lowest

test accuracy (70%), indicating it overfitted the training data substantially.

B st - -
0.95 1 H Tain
0.90 -
& 085
1=}
5
[}
2 0.80
0.75 -
¥
L
=R
T T T T T
DNN RF GBM Elastic Net SVM
Maodel

Figure 2.7. Boxplot of training accuracy and test accuracy for the five machine learning models.

Accuracy based on the fraction of samples (annual load profile patterns) correctly classified.

User-profiles

As part of our analysis, we try to elucidate the connection between a household load profile and various
socio-demographic and dwelling characteristics, namely household type (live alone vs only adults vs
adults and children), occupation (aka social grade) and employment status of the chief income earner,
number of household appliances, number of residents, and number of bedrooms (see Table 2.10-2.11).

Results are summarized in Table 2.12 and further discussed below.

Table 2.10. Partial list of household characteristics in the CER dataset.

Characteristic Description Categories
Education level Level of education of Primary level
chief income Secondary level
Third level
Employment Employment status of Employee
status chief income earner Self-employed
Unemployed
Retired
Occupation National Readership AB — upper and middle class

Survey (NRS) social
grade of chief income

C1 — lower middle class
C2 — skilled working class

earner DE — working class and nonworking
Internet access Internet access Yes
availability No
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Household type

Number/ages of people

living with

Live alone
All over 15 years old

Adults and children under 15 years

old

House type

Type of property

Apartment
Semi-detached
Detached
Terraced
Bungalow
Refused

Homeownership

Own or rent property

Rent (from a private landlord)
Rent (from a local authority)
Own outright (not mortgaged)
Own with mortgage

Other
No. bedrooms Number of bedrooms Range 1 to 6
No. people Number of residents Range 1 to 6
No. household Number of household Range 11 to 29
appliances appliances
Table 2.11. NRS Social grade classification scheme.
Social Grade  Social Class Description
A Upper middle class Higher managerial role (administrative or
professional)
B Middle middle class Intermediate managerial role (administrative
or professional)
Cl1 Lower middle class Supervisory or clerical and junior managerial
role (administrative or professional)
C2 Skilled working class Skilled manual worker
D Working class Semi-skilled and unskilled manual worker
DE Nonworking Pensioners, casual and lowest grade workers,

unemployed with state benefits only

User Profile 1: This user profile represents the largest subgroup of Irish households (29%) with
moderate electricity usage (26 kWh daily average). User profile 1 can generally be classified as middle-
income, working adult families and more affluent retirees with moderate energy usage. Household type
is predominately made up of adults only (62%), some with children (33%), and very few living alone
(5%). In terms of social grade, a majority are either lower middle class (29% C1) or nonworking (34%
DE), with most being employees (53%) or retirees (29%). Profile 1 users have an intermediate number

of bedrooms (3-4) and intermediate number of household appliances (15-18).

User Profile 2: This subgroup of households has the highest overall electricity usage of any user profile
(40 kWh daily average), including the highest Christmas Day usage peak (see Figure 2.6). This user
profile can be generally classed as affluent families with children and high energy usage. A majority of

households have children under 15 years old (50%) and are mainly employed in higher/intermediate
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(26% AB) or junior (35% C1) administrative and professional roles. Unsurprisingly, this user profile is
also characterized by the highest percentage of self-employed (19%), the lowest percentage of retirees

(13%), the most number of appliances (15-19), and the most number of bedrooms (3-5).

User Profile 3: This subgroup of households can be mainly described as lower-income adult families
and less affluent retirees with low energy usage (14 kWh daily average). Most households are composed
of adults (58%) only or single adults (33%). A majority are retired (51%). Among the employed and
self-employed, most households are lower middle class (20% C1) in junior administrative and
professional roles. This user subgroup has the fewest household appliances (13-16) and lives in smaller-
sized houses (2-4 bedrooms).User Profile 4: Households in this subgroup are similar to user profile 3,
but with higher electricity usage (20kWh daily average). In comparison to user profile 3, households
are slightly less affluent, with more lower-middle class (22% C1) and working class (18% C2) main
income earners, have fewer adults living alone (20%), more families with children (15%), and more

appliances (15-18), and live in larger houses (3-4 bedrooms).

User Profile 5: The final and smallest subgroup of Irish households (13%) has the lowest energy usage
(10 kWh daily average) of any user profile. This user profile is best described as middle-income single
adults and more affluent retirees with low energy usage. A clear majority live alone (58%), the highest
of any user profile; very few have children (12%). Nearly half are employed in higher/intermediate (13%
AB) or junior (36% C1) administrative and professional roles. Households with this user profile also

have relatively few appliances (14-17) and live in smaller-sized houses (2-4 bedrooms).

In summary, household type, occupation, and employment status are all highly correlated with
household electricity usage of Irish households. Each of these factors is likely to strongly influence
lifestyle, including work and leisure patterns, which, in turn, result in different electricity usage profiles.
Our procedure for extracting typical annual load profiles and linking this to socio-demographic and
dwelling data to generate user profiles offers a simple, transparent, and effective approach to a
challenging, cross-domain matching problem that combines massive smart meter data with household

data to extract meaningful market segmentation information.
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Table 2.12. Primary socio-demographic and dwelling characteristics associated with each annual load profile.

User profile Avg. daily Household type Occupation Employment status No. household No. people No.
(proportion) consumption (kWh) (proportion) (proportion) appliances bedrooms
1 (29.4%) 26.0 kWh Live alone (5%) AB (18%) Employee (53%) 15-18 2-4 3-4
Only adults (62%) C1 (29%) Self-employed (12%)
Adults and children (33%) C2 (19%) Unemployed (6%)
DE (34%) Retired (29%)
2 (24.4%) 39.9 kWh Live alone (3%) AB (26%) Employee (61%) 15-19 2-6 3-5
Only adults (47%) Cl1 (35%) Self-employed (19%)
Adults and children (50%) C2 (18%) Unemployed (6%)
DE (20%) Retired (14%)
3 (14.0%) 13.7kWh Live alone (33%) AB (11%) Employee (35%) 13-16 2-3 2-4
Only adults (58%) Cl (21%) Self-employed (7%)
Adults and children (9%) C2 (12%) Unemployed (7%)
DE (56%) Retired (51%)
4 (18.9%) 19.8 kWh Live alone (20%) AB (8%) Employee (35%) 15-18 2-3 3-4
Only adults (65%) Cl1 (22%) Self-employed (7%)
Adults and children (15%) C2 (18%) Unemployed (7%)
DE (52%) Retired (51%)
5 (13.4%) 10.0 kWh Live alone (58%) AB (13%) Employee (57%) 14-17 2 2-4
Only adults (30%) C1 (36%) Self-employed (8%)
Adults and children (12%) C2 (17%) Unemployed (8%)
DE (34%) Retired (27%)
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2.6 Conclusion and discussion

This study considers various aspects of electricity consumption based on an analysis of smart
meter electricity data and household level characteristics, namely temporal and climate
influences on electricity consumption, daily consumption pattern shifting over time, and
prediction of annual load profiles. For the first of these, we established an apparent causal effect
of temperature, day of week, and month on household electricity consumption. We found that
the GAM model that uses smoothing functions for independent variables produced a noticeably
better fit than standard linear regression (+0.11 adjusted R? value). More importantly, we
observed that 5°C represents a critical threshold for electricity consumption — for temperatures
below 5°C, electricity demand rapidly increases, whereas at 5°C and above, there is a small
negative effect of increasing temperature on electricity demand. This monotonically decreasing
temperature sensitivity curve is notably different from the “U” shaped curve of other countries,
like the US and China. Season also has a powerful influence on electricity consumption. In
spring to early autumn (March and October), electricity demand is less than in late autumn and
winter (November to February). Day of week also affects electricity usage, with Mondays and
weekends seeing noticeably higher demand than other weekdays. It is likely that this is driven
by increased leisure time at home (weekends) and increased cleaning and food preparation on

the first day of the week (Monday).

As part of our electricity consumption pattern shifting analysis, we identified six distinct intra-
day patterns between July 2009 and December 2010. Moving from summer to winter,
household intra-day load profiles changed dramatically in shape and volume. For example, the
most common pattern reduced from 42-44% of households in July to 21-25% in December,
indicating the extent to which daily electricity consumption behaviors change over a year (i.e.,
higher energy use associated with secondary electric heating, water heating, and a more in-door
lifestyle during colder months with less daylight versus more outdoor time and less energy use
in warmer months with more daylight). In addition, we observed a clear weekday versus
weekend cycle and a very noticeable spike in demand on Christmas day. We note that the data
collection period corresponds to just after the 2007-08 Financial Crisis when the Irish economy
was in a state of flux. Indeed, GDP in Ireland fell 5.1% in 2009 compared to 2008 (European
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Commission 2013). This context may have influenced observed household electricity

consumption behaviors.

Finally, we assessed the performance of various machine learning models to predict annual
electricity consumption patterns based on household characteristics and historical usage. The
best fitting model, the elastic net model, achieved nearly 85% test accuracy for a 5-class
classification problem. Further analysis of socio-demographic and dwelling characteristics
associated with each load profile revealed some interesting findings. Besides household
makeup and size, occupation of the main income earner (social class indicator) had a strong
influence on electricity usage. It was found that those employed in higher/intermediate and
junior administrative and professional roles had distinctly higher energy demand than semi-

skilled and unskilled workers and the unemployed, even when children lived in the household.

These results have meaningful implications for electricity suppliers/operators and policymakers.
Firstly, given the strong influence of temperature, day of week, and season on electricity usage,
power suppliers and power grid operators can predict electricity demand based on climate
forecasts and proactively take measures to balance supply and demand. Secondly, given the
extent of daily electricity consumption pattern shifting seasonally, over a week, and on national
holidays (Christmas), the use of time-of-use price schemes may go a long way to smoothing
out electricity demand over a day. Finally, our market segmentation of user profiles could

support more tailored energy plans for new customers based on simple household information.

In terms of potential future lines of research, extensions of our methodological approach might
focus on formulating and implementing a real-time demand response system. Our current work
did not examine the extent to which supply-side mechanisms household electricity consumption,
which future work might address. In addition, a more robust analysis could factor in other
weather variables besides just temperature, like precipitation, cloudiness, and humidity, which
may affect electricity demand as well as the potential influence of government policy. Finally,
our general approach could be extended to other utility sectors, like water and natural gas usage,

and the commercial user sector. In short, there is ample opportunity for follow-up work.
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3. Influence of population mobility on electricity consumption in

seven U.S. cities during the COVID-19 pandemic

3.1 Abstract

We examine COVID-19 pandemic impacts on electricity consumption in seven US cities. A
high-level analysis reveals reductions in electricity consumption were mostly short-term,
mainly when lockdowns were first introduced. To gain a more in-depth understanding of
COVID-19’s impact, Bayesian structural time series modeling was used to decompose
electricity consumption into multiple tailored components. We find that models incorporating
population mobility achieved high accuracy rates using pre-COVID data and even better rates
using post-COVID data. Interestingly, while electricity usage dropped during the first 6 weeks

of the pandemic in most cities, in one it rose above the long-term trend.

3.2 Introduction

Following an outbreak in late 2019, the COVID-19 virus quickly became a global pandemic,
causing significant loss of life and negatively impacting health and daily life (Gautam and Hens.
2020; Meyer et al. 2022; Maital and Barzani 2020). As the virus continued to spread, most
countries around the world took active measures to contain the spread of the disease, including
lockdowns and restrictions on travel. In this context, new daily patterns of behavior began to
emerge as a result of social distancing measures. With these changes in human activity, energy

consumption patterns changed as well.

There is already a large and growing literature on the impacts of COVID-19 on energy
consumption and demand. This includes COVID-19 induced changes in total energy usage
(Kang et al. 2021), energy consumption patterns (Carvalho et al. 2021), and electricity
consumption forecasting (Obst ef al. 2021). For example, Narajewski and Ziel (2020) analyzed
the impact of power demand shifts in European countries due to COVID-19 lockdown. Results
showed that COVID-19 lockdowns had a significant impact on the level of electricity demand
in Europe and altered weekly usage patterns. Chen et al. (2020) provided decision makers with
a framework for using high-frequency indicators (such as electricity consumption) to assess the
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economic impact of COVID-19 in near real-time. They found that during the pandemic,
electricity consumption in Europe dropped by 10-15%. Gulati ef al. (2021) tested the impact
analysis of electricity consumption in Haryana, India using machine learning (ML) algorithms
and artificial neural networks to provide electricity load forecasting to help the power station
to understand the electricity consumption in the region in advance. Results revealed that

artificial neural networks were more accurate than other types of ML models.

A closely related research theme has examined the nexus between COVID-19, energy
production, and the environment, in particular how reduced power demand led to reductions in
greenhouse gas (GHG) emissions and improved air-quality. Han et al. (2021), for example, used
national and provincial GDP data in combination with the China Emission Accounts and
Datasets to estimate carbon emission reductions in the first quarter (Q1) of 2020. They found a
reduction of 257.7 Mt CO, (11.0%) compared with Q1 2019. Similarly, Hilares et al. (2020)
examined the impact of social distancing measures adopted during the COVID-19 pandemic on
GHG emissions from the Peruvian Interconnected Power System. They estimated reduction of
1.6 MtCO2e, equivalent to -60% compared to a reference scenario. Meanwhile, Lahcen et al.
(2020) showed that the COVID-19 pandemic negatively affected the economy, but that the
accompanying reduction in GHG emissions was disproportionate. Well-designed public

policies, they argue, can simultaneously achieve economic growth and emissions abatement.

Impacts of COVID-19 on air quality have been examined by various authors in relation to
energy production and transportation. Park et a/. (2021) examined differences in CO and NO2
concentrations in Seoul between February and March 2020 compared to 2019. They found
significant reductions in both indicators, up to —11.9% and —41.7%, respectively. Filonchyk et
al. (2020) focused on the East China region, trying to estimate the impact of COVID-19 on SO,,
NO., and CO concentrations and aerosol optical depth levels. Results showed that the strict
COVID-19 lockdown in China improved air quality initially, but as power station and oil
refineries were brough back online, pollution levels quickly returned to previous levels. Jain
and Sharma (2020) evaluated temporal and spatial changes of five standard air pollutants in
Indian megacities over equivalent periods in 2019 and 2020. With the exception of ozone,

pollutants in all major cities significantly decreased. A study by Peters et al. (2020)
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demonstrates that improved air quality has the additional benefit of boosting solar power
generation, observing that insolation increased in Delhi by 8.3% following institution of a
national lockdown. A review by Eroglu (2021) discusses a broad overview of COVID-19

impacts on the environment and renewable energy sector.

In a limited number of cases, researchers have looked at improving electricity consumption
forecasting by factoring in COVID-19 government policies designed to combat the pandemic.
For example, Werth ef al. (2021) used the Oxford Coronavirus Government Response Tracker
stringency index to investigate the impact of COVID restrictions on electricity usage in 16

2% ¢

European countries. They found four restriction measures, namely “stay at home”, “school
closing”, “restriction on internal movements”, and “workplace closing”, were significantly
correlated with load reductions during the pandemic. They suggested that such restriction

measures could be accounted for in energy consumption forecast models to obtain more

accurate predictions in the event of future emergencies.

Buechler et al. (2022) explored changes in electricity consumption in 58 different countries and
regions around the world from January to October 2020. Their results show that stricter and
more wide spread government restrictions on mobility, in particular shopping and recreation,
lead to obviously decreases in electricity consumption during the initial phase of the pandemic.
In addition, the impact of restrictions on electricity consumption evolved over time, with

impacts being felt more at the beginning of the pandemic and then gradually decreasing.

Among the few studies to estimate counterfactual electricity usage is Prol and Sungmin (2020),
who used dynamic harmonic regression to estimate baseline daily electricity consumption
assuming COVID-19 never occurred in nine of the most impacted European countries and US
states. Their proposed method was able to achieve test accuracy rates of between 2.7% and 4.6%
based on mean average percentage error. They found a non-linear relationship between a

COVID-19 response stringency index and declines in electricity consumption.

At present, there has been a lot of research on the interplay between COVID-19 and energy
consumption. However, there are three main deficiencies. First, most studies fail to investigate

changes in energy consumption patterns at varying time scales (e.g., intra-day, daily, weekly

55



cycles), though there are exceptions (Burleyson et al. 2021). Any reductions in electricity
consumption as a result of COVID-19 will invariably be accompanied by a change in load
profile vis-a-vis changes to behavioral patterns. Exploring changes in electricity consumption

patterns is generally more helpful in understanding changes in people’s behavior and vice versa.

A second limitation is that studies have typically investigated changes in energy consumption
due to COVID-19 from a static point of view. There is a lack of comprehensively exploring
relationships between electricity consumption and key drivers, including population-related
factors (e.g., number of people staying at home versus going to work or retail stores), weather-
related factors (e.g., temperature), and public health data (e.g., number of positive cases,
number of fatalities), all of which vary over time. A nice counter example to this generalization
is Li et al. (2022), who investigate the link between electricity demand and the effective

reproductive number of COVID-19 in Germany and 5 US states.

Third, the existing literature has mostly failed to unpick the causal factors behind shifts in
energy consumption. Because electricity consumption in 2020 was generally less than 2019,
most studies infer that this decline in power consumption was caused entirely by the pandemic.
In fact, in both 2019 and 2020, electric power consumption in the US fell slightly (EIA 2023a),
ostensibly due to more mild weather (EIA 2023b). Therefore, it would be interesting to identify

how much any decrease was caused directly by the pandemic versus other factors.

This study attempts to fill these gaps. More specifically, using an integrated time series
combining electricity demand with weather records, COVID-19 caseloads, and mobile device
location information, we first explore how electricity consumption patterns changed between
2019 and 2020 over varying time scales (year, month, week, day) in seven US cities. Bayesian
structural time series (BSTS) models are subsequently used to decompose the electricity
consumption data into multiple tailored components, including long-term trend, seasonality,
and population mobility related factors. From this, we infer the importance of different factors
in influencing electricity demand as well as predict net changes in energy consumption that can

be attributed specifically to COVID-19.

BSTS has obvious advantages over other classical time series models, such as Autoregressive
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Integrated Moving Average (ARIMA), Seasonal and Trend decomposition using Loess (STL),
and Exponential Smoothing (ETS) variants. First of all, BSTS can perform the decomposition
of the time series in an additive way, so it is more interpretable than ARIMA and is easier to
explain why the time series exhibits a particular change in pattern. BSTS can also
simultaneously handle multiple types of seasonality (e.g., weekly, monthly, quarterly), unlike
standard STL and ETS. Perhaps most important of all, BSTS can further take advantage of
external features (e.g., population mobility variables), not just internal features generated by
differencing, lags, and moving averages of a time series. Including internal features can alter
the structure of the underlying time series and produce models that are more focused on local
effects. BSTS, on the other hand, is able to decompose the entire time series and provide a more
holistic feature based decomposition. The end result is that BSTS can both high prediction

accuracy and strong explanatory ability.

The advantages imparted by BSTS allow us to perform a bespoke decomposition to better
understand the impact of the pandemic on electricity consumption in relation to other dependent
factors, including population mobility. As part of this, we conduct a scenario analysis of the
COVID-19 outbreak, predicting the likely trend of electricity consumption had no outbreak
occurred based on pre-COVID-19 data compared to what did occur in order to estimate the

“true” effect of COVID-19 on electricity consumption.

The remainder of this chapter is as follows. In the next section, we give a detailed description
of the data used in this study and our methodology for forecasting electricity consumption based
on causal inference. This is followed by a presentation of main results and findings. We

conclude with a discussion of the implications of our findings and avenues for future research.

3.3 Methodology

3.3.1 Data

We use a cross-domain open access data center COVID-EMDA+ (Coronavirus Disease and
Electricity Market Data Aggregation+) developed by Ruan et al. (2020) to build our model and
measure the impact of COVID-19 on the US power sector. The data center integrates

information from the electricity market with heterogeneous data sources, such as COVID-19
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public health data, weather, mobile device location information, and satellite image data. A

summary of the variables in the COVID-EMDA+ dataset is provided in Table 3.1.

Table 3.1. Variable information for the COVID-EMDA+ dataset.

Variable Category Description Period”

Electricity Electricity Market Electricity usage (30 minutes) a

Temperature Weather Daily average air temperature a

Cases Public Health Daily newly confirmed COVID-19 cases b

Deaths Public Health Daily recorded COVID-19 deaths b

Home Mobile Device Location  Daily total number of devices that stay at b
home for 24 hours

Work Mobile Device Location  Daily total number of devices that go to b
places of work for more than 6 hours

Restaurant and Mobile Device Location ~ Daily total number of visits to restaurants b

Recreation and recreation venues

Retail Mobile Device Location  Daily total number of visits to retail b
establishments

“a=11Jan 2017 to 16 Apr 2021; b= 1 Jan 2019 to 16 Apr 2021

3.3.2 Effect of COVID-19 on electricity consumption patterns

Figure 3.1 displays the number of recorded COVID-19 cases in Los Angeles, Houston, Boston,
New York City, Chicago, Philadelphia, and Kansas City (hereafter the seven US cities) from
the start of 2020 to early 2021. Apart from Los Angeles, Houston, and Kansas City, the number
of cases in these cities showed a large uptick starting in Mar 2020 (2020-03), reaching an initial
peak in May 2020 (2020-05), followed by a slight decline and then a second, much larger peak
between Nov 2020 and Jan 2021 (2020-11 to 2021-01). The initial peaks in Los Angeles,

Houston, and Kansas City started months later than the other cities, around Jun 2020 (2020-06).

In most places across the US, daily routines were significantly affected by the COVID-19
pandemic from Mar 2020 onward. Significant proportions of people were required or
voluntarily opted to work remotely from home and avoid public spaces, thus significantly
reducing travel to normal places of work, as well as visits to retail establishments, restaurants,
and recreation venues. In the first part of our investigation, we carry out a descriptive analysis
of overall net change in electricity consumption during the pandemic as well as changes in
electricity consumption patterns at varying sub-yearly time scales (month, week, day). As a

reference point, we cross compare electricity consumption during equivalent periods in 2019.
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Figure 3.1. Daily reported COVID-19 cases in Los Angeles, Houston, Boston, New York

City, Chicago, Philadelphia and Kansas City from 1 Jan 2020 to 16 Apr 2021.

3.3.3 Daily load forecasting in the context of COVID-19

The second part of our analysis makes use of BSTS to capture the dynamic relationship between
electricity consumption and various influencing factors, including mobile device location data
which we use as a proxy for degree of population mobility. The relative importance of each
influencing factor is examined as well the accuracy of short- and long-term forecasts produced
by our BSTS models. Lastly, we use our BSTS models to predict daily electricity consumption
in the absence of COVID-19 in an attempt to estimate changes in electricity usage caused by
the pandemic. The various steps involved in our analysis (Figure 3.2) are discussed in more

detail in the following subsections.
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1. Data Extraction

1. Smart Meter Data 2. Public Health Data

4. Mobile Device Location

Data

3. Weather Data

2. BSTS load forecasting
Model 1 —> Trend+Week+DF1
Model 2 — Trend+Week+DF1+DF2
Model n —» Temp+DF1+DF2+DF3+DF4
v
3. Evaluate

1. Select best model

2. COVID-19 pandemic era forecasting

Figure 3.2. Overview of how to predict city electricity consumption and causal inference.

Data extraction

In the data extraction stage, we created multiple datasets containing different features contained
in the open data hub COVID-EMDA+. This included different levels of aggregation of
electricity usage over time, time interval, air temperature, and number of people categorized as

being at home, work, restaurants and recreation venues, and retail establishments (Table 3.1).

Bayesian structural time series load forecasting

In the load profile prediction step, our goal is to forecast electricity usage based on population
mobility metrics and other variables. For our purposes, we use a BSTS model (Brodersen et al.
2015). ABSTS model can be described by a pair of equations relating observation y, of a real-
valued time series to a vector of latent state variables a,, such that:
ye=Ziat € er ~ N(0,Hy) (3.1)
a1 = Teae + Ry ne ~ N0, Q) (3.2)

Equation (3.1) is called the observation equation because it links the observed data y, with the

unobserved latent state ;. Equation (3.2) is called the transition equation because it defines
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how the latent state evolves over time. Matrices Z;, T; and R, typically contain a mix of known

values and unknown parameters. Model (3.1)-(3.2) is said to be a state space model.

BSTS provides considerable flexibility with which to decompose a time series based on trend,
seasonality, regressors, and potentially other state variables. In our application, we use a typical
BSTS model obtained by adding trend, seasonality, and dynamic regression components. Such

a model can be written as:

Ve = Ue + T + Bixg + € €~ N(0,08) (3.3)

He = Mp—q + 8p—q +ue ug ~N(0,07) (3.4)

8 =641+ v v, ~N(0,02) (3.5)
5-1

T, = — Z Ti_s + Wy w; ~ N(0,02) (3.6)
s=1

where p; in (3.3)-(3.4) is the local linear trend, §; in (3.4)-(3.5) is the slope of the trend
generated by a random walk, and 7, in (3.3) and (3.6) is a seasonality factor that can vary over
time by adding w;. Terms €;, u;, v¢, and w; are all independent Gaussian random noise with
mean 0 and variances 02, o2, 02 and o2, respectively. Vector 8, contains the dynamic
regression coefficients for explanatory variables i = 1,...,n specific to period t. Each

individual coefficient f;; is assumed to follow a random walk of the form f;;1) = Bir + Nit,
such that n;; ~ N (0, agi). In BSTS, a noninformative spike and slab prior distribution is

typically used for the dynamic regression coefficients 8;, which in effect assumes that most
elements of f; are zero. Equation (3.3) indicates the observed value y, for a time series can be
decomposed into terms for trend p;, seasonality 7, and explanatory variables x; in an additive
way. Model (3.3)-(3.6) can be solved using a Monte Carlo Markov Chain (MCMC) algorithm.
Further details about BSTS are provided in Durbin and Koopman (2012) and Brodersen et al.

(2015).

Since BSTS does not give a unique decomposition of time series, we constructed and tested
multiple models (Table B.1). The main logic we used for constructing models was that
electricity consumption had an underlying trend and this trend could be extracted in one of two

ways. The first relied on a moving average or other smoothing methods to characterize the local
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linear trend. The second was to use temperature, which is closely related to electricity
consumption. For both methods, we consider whether to include a day of week (seasonality
component) or not. Finally, we considered the influence of population mobility variables
(dynamic components) on electricity consumption, specifically numbers of people at home,
traveling to work, visiting restaurants and recreation venues, and shopping at retail

establishments.

Given potential interactive effects among the population mobility variables, we tried all
combinations containing at least one population mobility factor. In addition, we created two
null models with trend and seasonality, but no population mobility predictor variables. This
resulted in a total of 62 models (Table B.1). For example, model 1, decomposes the electricity
consumption data into a local linear trend (Local Trend), day of week (Week), number of
people traveling to work (Work), number of people staying at home (Home), number of people
visiting restaurants and recreation venues (Restaurant Recreation), and number of people

shopping at retail establishments (Retail) as follows.

Load; = Local_Trend; + Week; + 5;; X Work; + f5; X Home, 3.7)
+ [3; X Restaurant_Recreation; + f54; X Retail; + €; .

In (3.7), Load;, Local_Trend,;, and Week; correspond, respectively, to y;, u;, and 7; in
equation (3.3). Parameters f1¢, 2 ¢, B3¢, and By, denote the dynamic coefficients for the four
explanatory variables (i.e., Work, Home, Restaurant Recreation, Retail). Note that since
coefficients vary with time, the relationship between any of the explanatory variables and Load

is allowed to be non-linear.

In cases where temperature (Temp) is used to describe the long-term trend, we add an additional

coefficient to the model. Model 31, for example, is expressed as:

Load; = Sy X Temp; + Week; + B, X Work, + f8,; X Home,
(3.8)
+ B3; X Restaurant_Recreation; + f;; X Retail; + €;

Again, since coefficient f,; are dynamic, non-linear relationships between load and
temperature can be modeled. For this reason, it was not necessary to use heating and or cooling

degree days as explanatory variables.

62



We made the explicit choice of not including the number of recorded COVID-19 cases to avoid
bias. Many people, especially during the early phases of the pandemic when cheap and rapid
antigen tests were still not widely available, may have been infected but not recorded as positive.
Recorded cases, therefore, may not be reflective of the true number of cases. Besides,
population mobility variables partially account for recorded COVID-19 cases. We also did not
include number of deaths given there can be a 2 to 8 week lag between contracting the disease

and death (WHO 2020).

Model evaluation

To evaluate performance, we tested models over pre- and post-COVID-19 timeframes (Figure
3.3). For the pre-COVID-19 timeframe, we trained and tested the models on data obtained
strictly prior to the first peak of the pandemic. For the post-COVID-19 timeframe, we used a
longer time series containing the pandemic’s first peak and then validated model performance
during its second peak. Since the timing of the second peak varied among the seven US cities,

we designed tailored training and test datasets.

COVID-19

post-covin-1o | |

Figure 3.3. Pre- and post-COVID-19 training and testing.

In the final step of our analysis, we use the best fitting pre-COVID null model to estimate the
short-term impact of COVID-19 on electricity consumption in each city. A natural assumption
would be that following the initial outbreak of COVID-19 and ensuing lockdowns, city wide
electricity usage would reduce. However, at the time of the outbreak, electricity consumption
in each city was already declining as temperatures gradually began to rise in March. Attributing
any reduction in electricity usage to COVID-19, therefore, is not straightforward. To help
unravel this, we used the pre-COVID-19 null model to forecast electricity consumption during

the first 6 weeks of the pandemic. We took the difference between predicted and observed
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values to estimate the net decrease in electricity consumption caused by COVID-19. A null
model, which excludes population mobility as a predictor, was used to estimate counterfactual
electricity usage, rather than say the overall best fitting pre-COVID model, due to the fact that
COVID-19 and the ensuing lockdowns themselves strongly influenced population mobility

patterns during the early part of the pandemic.

3.3.4 Implementation

Model development and experimentation were performed using a combination of Python and
R on a standard PC with an Intel Core TM 15-8250U CPU running at 1.60GHz with 8.0GB
RAM. BSTS models were solved using the R bsts package. For the MCMC algorithm, the

number of draws was set to 1000.

3.4. Results

3.4.1 Comparison of electricity consumption patterns in 2019 and 2020

Total US electricity consumption in 2020 was about 4% lower than in 2019 (Table 3.2), with
big decreases in the commercial (—5.4%) and industrial (—4.3%) sectors. The largest relative
decrease was observed in the public transportation sector (—14.2%), mainly as result of reduced
population mobility associated with COVID-19 lockdowns. Conversely, residential electricity
consumption increased slightly (+1.7%) in 2020 due to significant numbers of people spending

more time at home.

Table 3.2. Electricity consumption by sector in 2019 and 2020. Source:

https://www.eia.gov/totalenergy/data/browser/index.php.

Electricity Consumption*

Sector Proportion (%) 2019 2020 Change (%)

Residential 39.4% 1440.3 1464.6 +1.7%

Commercial 34.6% 1360.9 1287.4 —5.4%

Industrial 25.8% 1002.4 959.1 —4.3%

Transportation 0.2% 7.6 6.5 -14.2%
*Billion kWh

At monthly time scales, total electricity varied considerably in from 2019 to 2020 in the seven
US cities that are the focus of this study (Figure 3.4). Of note, electricity consumption was

considerably lower in Jan 2020 compared to Jan 2019 for all but one city. This aligns with the

64



national picture, which saw electricity usage decrease year-on-year in 2019 and 2020 (EIA

2023a). The outlier was Houston, which had slightly higher electricity consumption in Jan 2020.
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Figure 3.4. Monthly electricity usage in 2019 and 2020 in seven US cities.

In five out of seven cities (i.e., Boston, Chicago, Kansas City, New York, Philadelphia), the
largest reductions in electricity consumption between 2019 and 2020 occurred during the
months of Mar, Apr, and May 2020 when lockdowns were first introduced. In the same five
cities, differences in monthly electricity consumption compared to 2019 were much smaller
between Jun and Aug, albeit with some exceptions, as the number of COVID-19 cases were
declining. In one or more months from Sep to Nov 2020 as cases began to ramp up again, the
five cities experienced another significant drop in electricity usage relative to the previous year,
though smaller in magnitude compared to Mar-May. By Dec, usage in 2020 was similar to 2019.
Overall, the effect of COVID-19 on electricity consumption in those cities was more significant
during the pandemic’s first peak compared to the second, in spite of the number of cases often
times being far higher in Dec 2020 than in Mar-Apr 2020. The two outliers were Los Angeles
and Houston. For Los Angeles, May electricity usage was slightly higher in 2020 and there was
no second drop in electricity usage in the autumn. In Houston, on the other hand, electricity
consumption only started reducing in May 2020 and continued all the way to Sep, but then

exceeded 2019 usage in Oct and Nov 2020.
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Figure 3.5. Average electricity consumption Monday to Sunday each month in 2019 and 2020

for Boston.

We further investigated weekly electricity consumption patterns (Figure 3.5, Figures B.1-B.6).
For Boston, we can see that before and during the early part of the pandemic, weekly usage
patterns in 2019 and 2020 were similar in profile, but with daily consumption lower in 2020.
Weekly patterns were characterized by having higher consumption on weekdays and lower
consumption on weekends. From May to Sep, however, electricity consumption changed
considerably as the economy recovered from COVID-19. Specifically, weekly patterns show
more volatility, with 2020 electricity usage occasionally exceeding that of 2019 on certain days.
From Oct to Dec 2020, weekly patterns began to realign with those in 2019. Dynamic changes

in weekly electricity consumption were similar in the other six US cities (Figures B.1-B.6).

A final analysis of electricity consumption patterns was undertaken at the intra-daily level
(Figure 3.6, Fig B.7.-B.12). As a general rule, electricity usage peaks in the early evening (18:00)
from late spring (May/Jun) to early autumn (Sep/Oct) in each of the seven US cities. Intra-day
electricity usage is noticeably different, however, in the colder months (typically Oct/Nov to
Mar/Apr), with a double peak occurring in the morning (9:00) and evening (18:00). In all seven
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cities, intra-day electricity usage in July is unique in that weekdays and weekends patterns are
virtually undisguisable, whereas in other months weekday usage usually follows a similar shape

but is significantly higher during daytime hours.

Comparing 2020 and 2019, intra-day load profiles were generally similar in shape in any given
month, but shifted downward, particularly during Mar to May when the first peak of the
pandemic hit. Other than that, there does not seem to be a consistent difference in intra-day
profiles before or during the pandemic, except for the odd month here and there of 2020 in some
cities (e.g., Apr-Jun in Los Angeles, Mar and Nov in Houston, Jun in Chicago, and Oct in
Kansas City), which is inconsistent with the observation of variability for weekly electricity
usage patterns between May and Sep 2020. Indeed, and there was no obvious change in intra-
day load profiles during the later part of 2020 when cases were surging, indicating that it was

primarily the first COVID-19 peak that had the most perceptible impact on electricity
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Figure 3.6. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for Boston.

3.4.2 BSTS model performance

Here, we analyze forecasting performance of the 60 BSTS models developed for each city

before and after the outbreak of COVID-19 that contain at least one dynamic (population

mobility) factor. Models were numbered in such a way that they accounted for additional

components, with models 1-15 including local linear trend (hereafter local trend) and day of

week seasonality, models 16-30 including local trend only, models 31-45 including temperature

trend plus weekly seasonality, and models 46-60 including only a temperature trend. For each

model, we assessed out-of-sample mean absolute percentage error (MAPE) over 1-6 weeks

starting in the second half of January 2020 (pre-COVID, Tables B.2-B.8) and over 1-6 weeks

starting in December 2020 (post-COVID, Tables B.9-B.15).

We find that in nearly all cases, models with a temperature trend had higher, often times

significantly higher average errors than those with a local trend. This is mainly down to the fact

that the local trend for daily load is typically much smoother and less volatile than temperature.

Take pre-COVID models for Los Angeles as an example. Models 1-15 (local trend plus weekly
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seasonality) and models 16-30 (local trend only) had average errors of 4.89% and 2.88%,
respectively, while models 31-45 (temperature trend plus weekly seasonality) and models 46-
60 (temperature trend only) had average errors of 7.01% and 8.43%, respectively. Kansas City
was the sole outlier in which post-COVID models with a local trend did not completely outrank
temperature trended models, though post-COVID models with a local trend still had the lowest
overall average error. Our interpretation of this is that although there is a close relationship
between temperature and electricity consumption, this relationship is mainly an extreme value
relationship (Di Lascio ef al. 2020), meaning that very high or low temperatures are associated
with significant increases in electricity consumption. Interestingly, average MAPE for models
with local trend and weekly seasonality (models 1-15) were in nearly all cases very similar to
models local trend only (models 16-30), suggesting that population mobility factors at least

partially account for weekly seasonality patterns.

Unsurprisingly, the accuracy of short-term forecasts was generally higher than that of long-term
forecasts for both pre- and post-COVID models. Average MAPE for Los Angeles pre-COVID
with a local trend only (models 16-30), for example, increases from 2.31% to 3.63% moving
from a 1 to 6 week timespan. More surprising is the fact that for all cities, post-COVID models
had slightly better overall fit than pre-COVID models. The biggest difference occurred for
Kansas city with pre-COVID models having an average MAPE of 14.42%, while post-COVID

models had an average MAPE of 9.62% (almost 5 points lower).

Table 3.3. Best performing pre- and post-COVID models.

Pre-COVID Post-COVID
City Model MAPE Model components Model MAPE  Model components
Los Angeles 16 2.16% Local Trend, Work, Home, 16 2.01% Local Trend, Work, Home,
Restaurant Recreation, Retail Restaurant Recreation, Retail
Houston 3 2.72%  Local Trend, Week, Home 4 3.49%  Local _Trend, Week,
Restaurant Recreation
Boston 14 4.16% Local Trend, Week, Work, 31 4.45%  Temp, Week, Work, Home,
Restaurant Recreation, Retail Restaurant Recreation, Retail
New York 29 2.84%  Local Trend, Work, 14 2.86%  Local Trend, Week, Work,
Restaurant Recreation, Retail Restaurant Recreation, Retail
Chicago 30 2.85% Local Trend, Home, 13 4.46%  Local Trend, Week, Work, Home,
Restaurant_Recreation, Retail Retail
Philadelphia 6 5.41% Local Trend, Week, Work, 8 4.48%  Local Trend, Week,
Home Restaurant Recreation, Retail
Kansas City 6 8.01% Local Trend, Week, Work, 46 5.36%  Temp, Work, Home,

Home

Restaurant Recreation, Retail
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The single best fitting pre- and post-COVID models based on average error across all
forecasting windows are reported in Table 3.3. Errors vary from a low of 2.01% (post-COVID
Los Angeles model) to a high of 8.01% (pre-COVID Kansas City model). A clear majority of
best fitting models (12 out of 14) used a local trend as opposed to a temperature trend as well
as included a weekly seasonality component (9 out of 14). We note that except for Houston, all
best fitting models further include 2-4 population mobility factors, with staying at home and or

visiting restaurants and recreation venues included in all models.
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Figure 3.7. Comparison of observed versus predicted daily electricity in seven US cities from

Nov 2020 to Jan 2021 based on best fitting post-COVID models.

Particularly noteworthy is the fact that most of the best fitting models had MAPEs less than 5%,

indicating very good forecasting accuracy (Montafio Moreno et al. 2013). Indeed, BSTS looks
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to be very competitive with other state-of-the-art statistical and ML methods reported in the
literature. Prol and Sungmin (2020), for example, used 4 different forecasting methods
(dynamic harmonic ARIMA regression, neural network autocorrelation, trigonometric
seasonality with Box-Cox transformation, and STL) to predict electricity consumption and were
able to achieve an average MAPE of 3.6% for the 9 geographic regions they examined. We had
average MAPEs of 4.0% and 3.9% for pre- and post-COVID models, respectively. Excluding
Kansas City (the city with the worst forecasting accuracy), average MAPE drops to 3.4% and
3.6%, respectively, for pre- and post-COVID models, as good or better than Prol and Sungmin

(2020).

Plots of predicted daily electricity usage from the best fitting post-COVID models generally
show a good fit with observed values (Figure 3.7), in particular for Chicago, Los Angeles and
New York City. Unsurprising Kansas City and Philadelphia, given their much higher MAPEs,
have less robust fits to actual daily electricity usage. More specifically, the overall trend of
predicted and observed values is relatively consistent for Philadelphia, though the forecasting
error is larger than other cities. In Kansas City, both the predicted trend and error are
significantly worse than other cities, indicating that the relationship between population

mobility factors and electricity consumption may be more complex and in need of further study.

3.4.3 Effect of population mobility on electricity usage

A decomposition of the Boston electricity usage time series reveals there are clear long-term
trend, weekly seasonality, and population mobility influences on electricity usage (Figure 3.8).
Weekly seasonality (Figure 3.8a), for example, is responsible for the large up/down swings that
can be seen in daily electricity usage through time (Figure 3.8d). Interestingly, the weekday
consumption component becomes more variable and more similar to weekend usage after the
first lockdown (Figure 3.8d), which aligns with previous observations regarding changes in

weekly patterns, especially from May to Sep 2020 (see §3.4.1).

Unsurprising, trend accounts for the major component of overall electricity usage as indicated
by the close orientation of the trend and daily load curves, both in terms of shape and magnitude

(Figure 3.8b). It is worthwhile pointing out, however, that while the trend profiles for 2019 and
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2020 are similar, the trend in 2020 shows much larger fluctuations and a shift in the timing of
usage peaks and troughs during and following the initial lockdown period. In particular, there
is, relative to the same period in 2019, a very sharp dip in the trend between Feb and mid-Mar
2020, followed immediately by a very steep rise that continues through May. Counterintuitively,
the time interval of this trend rise corresponds precisely with the first COVID-19 peak and
accompanying lockdown during which electricity consumption fell relative to 2019 (Figure
3.8a). As is clearly evident, the observed fall in daily electricity usage is almost entirely driven
by the negatively trending dynamic effect from mid-Mar to May (Figure 3.8d), indicating that
reduced population mobility was indeed the primary cause for the pronounced reduction in total
electricity consumption. This is further supported by the fact that precisely as population
mobility increases after May 2020, observed electricity consumption rises quickly and

eventually even exceeds 2019 levels.
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Figure 3.8. Daily load (a), trend (b), weekly seasonality (c), and population mobility (d) post-

COVID model components for Boston from Dec 2018 to Dec 2020.

3.4.4 Causal impact of COVID-19 on electricity consumption

Plots of predicted daily electricity usage from the best fitting pre-COVID null models against

observed electricity usage indicate a variable impact of COVID-19 on overall electricity usage

(Figure 3.9). In at least six cities (Los Angeles, Boston, New York, Chicago, Philadelphia,

Kansas City), electricity usage would have been expected to exhibit a slight to moderate

downward trend between mid-Mar and late Apr 2020, even in the absence of the pandemic.

Factoring in this downtrend, it is apparent that five out of seven cities (Los Angeles, Boston,

New York, Chicago, Philadelphia) have an identifiable reduction in electricity consumption that

can be safely attributed to the pandemic. Two cities (Houston, Kansas City) show a mixed or

19 on aggregate electricity usage.

even positive impact of COVID
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Figure 3.9. Predicted versus actual electricity usage from mid Mar to late Apr 2020 in seven

US cities based on best fitting pre-COVID null models.

More specifically, Chicago showed the largest reduction in electricity usage as a result of
COVID-19 (Table B.16), —2.4% after the first week of lockdown and —8.2% after the sixth week.
This was followed closely by New York, which saw a fairly steady decrease in electricity,
culminating in a drop of 7.3% after 6 weeks. The impact of COVID-19 was marginally less in
Los Angeles and Boston, ending —6.4% and —5.3% after 6 weeks, respectively. Philadelphia had
a consistent but only slight reduction in electricity usage during the COVID-19 lockdown
period, going form 0.2% lower in week 1 to 1.5% lower in week 6. Meanwhile, Houston showed
no consistent change in electricity usage, going from positive to negative over the weeks and

ending only slightly below (—0.1%) what would have been expected by week 6. Kansas City
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was the only city with a consistently positive change in electricity usage, starting off with much
higher electricity usage (+10%) than would have been predicted after 1 week, then dropping

but still remaining positive (+1.7%) after 6 weeks.

3.5. Discussion and conclusion

In this study, we examined how electricity consumption changed between 2019 and 2020 in
seven US cities. This was done first through a descriptive analysis of electricity consumption
patterns at varying time scales and second by applying BSTS forecasting to integrated time
series with the aim of decomposing electricity consumption into multiple tailored components,
including long-term trend, seasonality, and various population mobility related factors. From
this, we were able to infer the importance of different influencing factors on electricity demand
as well as predict net changes in energy consumption that could be attributed specifically to

COVID-109.

Our findings reveal that observed reductions in electricity consumption during the pandemic
were mostly short-term, mainly during the period when lockdowns were initially introduced
from Mar to Apr 2020. Usage quickly rebounded and by Dec 2020 was similar to 2019 for most
cities we looked at, in spite of the fact that the number of COVID-19 cases was often times far

higher at this time than in Mar-Apr 2020.

We also find that daily electricity consumption is highly correlated with population mobility
factors (e.g., number of people staying at home, going to work, and visiting restaurants,
recreation venues, and retail establishments), suggesting that traditional methods of forecasting
electricity usage may need to be revised to include such features. Indeed, our BSTS models
based on population mobility indicators were able to achieve accuracy rates of 2.2-8.0% using
pre-COVID data and even better accuracy rates of 2.0-5.4% using post-COVID data. Using
these models, we were able to discern that in five out of seven cities COVID-19 caused an
appreciable reduction of 1.5-8.2% in electricity usage over the first 6 weeks when lockdowns
were introduced. In the other two cities, electricity usage was virtually the same (—0.1%) or

actually higher (+1.7%) than would have been expected from the long-term trend.

The methodologies employed in this chapter the conclusions that we draw from our analysis
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helps further our understanding of pandemic induced changes in electricity consumption. Key
policy implications are that 1) the impacts of a pandemic on electricity usage are likely to be
short-lived (i.e. spanning several weeks) and 2) any impacts are likely to be highly variable,
ranging from negative through to neutral and to even positive effects once underlying long-term

trends and population mobility are taken into account.
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4. A p-median based approach to constrained clustering

4.1 Abstract

Constrained clustering is a semi-supervised method for dividing multi-attribute datasets into
groups of similar elements that incorporates restrictions how data points should and or should
not be clustered together. In this study, we investigate the application of the p-median model
coupled with instance-level constraints, specifically must-link and cannot-link constraint, for
performing constrained clustering. A Lagrangian relaxation procedure is proposed to efficiently
solve large problem instances. To further speed up solution times, a simple but highly effective
variable reduction technique is devised for identifying a small set of potential cluster centers.
We test our modeling framework and solution approach on set of benchmark datasets and
several real-world household electricity consumption datasets. We find that high-quality
solutions with small optimality gaps can obtained with moderate computational effort. In
addition, analysis of the largest household electricity consumption dataset for reveals that
constrained p-median clusters have less extreme variability with respect to average energy
usage, a more even spread of cluster sizes, and much less overlap between high- and low-

income households within the same clusters compared to classic k-means clustering.

4.2 Introduction

Clustering analysis is a widely employed unsupervised data mining technique for dividing
multi-attribute datasets into groups of similar elements (Rokach and Maimon 2005; Xu and
Waunsch 2005). It has application in a wide array of fields, such as image segmentation
(Coleman and Andrews 1979), molecular biology (Nugent and Meila 2010; Oyelade et al. 2016),
customer relationship management (Ngai et al. 2009), recommendation systems (Phanich et al.
2010), social network analysis (Pham et al. 2011), and information retrieval (Leuski 2001;
McCallum et al. 2000). The main clustering algorithms commonly in use are: k-means
clustering (MacQueen 1967), hierarchical clustering (Johnson 1967), the Gaussian Mixture
Model (McLachlan and Basford 1988), spectral clustering (Ng et al. 2001), self-organizing

maps (Kohonen 2012), and Nonnegative Matrix Factorization (Paatero and Tapper 1994).
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Clustering algorithms such as these can work either directly on the original set of features or
new features generated through feature engineering (e.g., dimensionality reduction and feature

aggregation).

Adding human intuition or subjectivity to a clustering algorithm can enhance its validity and
the interpretability of clusters. In some cases, for example, an analyst may have prior domain
knowledge regarding how elements should or should not be clustered together. Such
information can come from experts, physical reasoning, or logical deduction. Semi-supervised
clustering (aka constrained clustering) is a process of incorporating such information into a
clustering algorithm with the aim of generating more logical clusters. Constrained clustering
has been used in several domains and applications, such as text mining (Basu et al. 2004), video

object classification (Yan et al. 2004), and RNA sequencing data (Tian et al. 2021).

In this chapter, we investigate the use of the p-median problem coupled with instance-level
constraints for performing constrained clustering. Instance-level constraints place restrictions
on cluster membership of data point pairs and include “must-link” and “cannot-link” constraints
(Wagstaff e al. 2001). Respectively, these constraints require a given pair of points to be in or
not be in the same cluster. An example where cannot-link constraints might be advantageous is
to prevent high- and low-income customers from appearing in the same clusters when doing a
customer segmentation analysis. Although consumption levels of the two groups may be similar,
formulating rational customer sales and or relationship management strategies may necessitate
these two customer groups be treated separately. Conversely, in the context of image
segmentation, it may be desirable to have nearby pixels grouped together, in which case must-

link constraints should be included.

A p-median problem with instance-level constraints can be readily formulated as a mixed-
integer linear program (MILP). To efficiently solve large problem instances with verifiable
optimality bounds, we propose a Lagrangian relaxation algorithm. We further investigate an
efficient variable reduction technique involving the use of standard k-means to identify a subset
of potential cluster centers that significantly reduces computational times, while still producing

demonstrably good solutions.
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Research on constrained clustering can be broadly divided into machine learning and
mathematical programing based approaches (Gonzalez-Almagro et al. 2023), with the vast
majority of studies falling into the former category. Among the more well-known machine
learning algorithms for incorporating instance-level constraints are COP-KMeans (Wagstaff et
al. 2001), PCKMeans (Basu et al. 2004a), HMRF-KMeans (Basu ef al. 2004b) and CMWK-
Means (de Amorim 2012). Each of these extends the classic k-means model and has been shown
to produce dramatic increases in cluster accuracy on both artificially constructed and real-world
datasets. However, being in essence construction and local search heuristics, their degree of
optimality is unknown and they need to be run repeatedly to ensure some level of confidence
in solution quality. Additionally, while computational overhead may be low, not all guarantee

that clustering constrains will be satisfied (e.g., PCKMeans and HMRF-KMeans).

Incorporation of constraints, other than instance-level constraints, has also been investigated in
the machine learning literature. In Ng (2000), the k-means algorithm is modified to ensure that
clusters all have a fixed number of elements. Bradley et al. (2020), meanwhile, add constraints
to k-means clustering to avoid empty clusters or clusters with few points. Ge et al. (2007) extend
this by further by imposing minimum variance of clusters in addition to a minimum number of
points in each cluster in order to find clusters which are balanced in terms of cardinality and

variance.

Mathematical programing is another powerful tool for both unconstrained and constrained
clustering. For unconstrained clustering, a number of approaches have been adopted, including
MILP solved by a variety of exact and heuristic methods (Brusco 2003, Xia and Peng 2005,
Saglam et al. 2006), dynamic programming (Os and Meulman 2004), and semi-definite
programming (Peng and Wei 2007, Aloise and Hansen 2009). Constrained clustering has been
addressed by the likes of Xia (2009) and Babaki et al. (2014). Xia (2009) proposed an
adaptation of Tuy’s cutting plane algorithm to find optimal solutions to k-means clustering with
must-link and cannot-link constraints. Numerical experiments show the algorithm is not only
able to find better solutions than COP-KMeans, but also efficiently solve medium to large
problem instances involving many thousands of data points, usually in fractions of a second

and only several minutes in the worst case. Babaki et al. (2014), meanwhile, propose the use of
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column generation to solve minimum sum-of-squares clustering with must- and cannot-link
constraints as well as anti-monotone constraints other than cannot-link (e.g., constraints
limiting the maximum cluster size or overlap with a subset of points). Although an exact method
with guaranteed optimality bounds, the solution approach of Babaki et al. (2014) is
computationally intensive and only tested on small instances involving less than 200 data points

with at most 35 dimensions and 4 labels.

Mulvey and Crowder (1979) were the first to recognize that the p-median problem could be
used in unconstrained clustering. The p-median problem is a classic facility location model that
seeks to locate p facilities in order to minimize the average distance between a set of customer
points and their nearest assigned facility (Daskin and Maass 2015). In the context of clustering,
p-median distance corresponds to a dissimilarity measure between data points. The model is
equivalent to the k-medoids model well-known in the field of machine learning. The suitability
of the p-median problem for unconstrained clustering has been investigated by various authors,

including Klastorin (1985), Brusco and Kéhn (2008), and Benati and Garcia (2014).

To our knowledge, use of the p-median problem for constrained clustering has only been
examined by Randel et al. (2019). The authors introduce an MILP formulation of the p-median
problem with instance-level constraints and propose an efficient variable neighborhood search
(VNS) heuristic. The heuristic is tested on a set of benchmark datasets generated by Xia (2009)
with solution quality assessed by comparing against branch and bound (CPLEX). They find
that the VNS heuristics is able to find optimal to near optimal solutions in a matter of seconds

to minutes for instances with 600 or more data points.

In summary, different semi-supervised algorithms have their own advantages and disadvantages.
For machine learning based approaches, algorithms are typically based on traditional clustering
paradigms and adopt various strategies to incorporate instance-level constraints. Their solution
quality is difficult to assess as no optimality bounds are available and they have rarely been
compared against global optimization methods. In addition, machine learning algorithms are
usually highly specialized in that they are designed to only handle must-link and cannot-link
constraints, but cannot be easily generalized incorporate other types of constraints (e.g., anti-

monotone constraints). Compared with machine learning algorithms, mathematical programing
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overcomes many of these disadvantages, but are generally have a much higher computational
overhead and, therefore, may be limited to tackling small problem sizes. Additional research is
clearly needed on the development of alternative mathematical programing approaches capable
of producing verifiable near-optimal solutions to large, constrained clustering problems. This

includes decomposition techniques like Lagrangian relaxation.

The remainder of this chapter is structured as follows. In the next section, we provide a
mathematical formulation of our problem along with our proposed solution methodology. This
is followed by a presentation of results of numerical experiments on a set of benchmark datasets
and several real-world household electricity consumption datasets. We conclude with a critical

discussion of the implications of our findings and propose avenues for future research.

4.3 Methodology

4.3.1 Constrained p-Median Model

Consider the following notation. Let N, indexed by i, j, and k, be a set of data points. The
distance metric d;; represents the dissimilarity between points i and j. The number of cluster
centers (i.e., medians) is denoted by p. Set M L defines the pairs of points (i, j) such that i and
Jj must be in the same cluster, while set CL defines the pairs of points (i, ) such that i and j

must be assigned to different clusters. The decision variables of the problem are given below.

o {1 if data point j is selected as a cluster center
/L0 otherwise

o {1 if data point i is assigned to the cluster centered on center j
Y 10 otherwise

With this in place, an MILP formulation of the p-median problem with instance-level

constraints is given as follows.

minZZdi}- Xij “4.n

iEN JEN

s.t.
Z Yj=p (4.2)

JEN
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z xij =1 VieN (4.3)

jEI

xij <y Vi,j EN (4.4)
Xij— Xk =0 Vv(i,k) e ML,jEN (4.5)
Xij+x; <1 v(i,k) ECL,jEN (4.6)
x; € {0,1} Vi,j EN 4.7)
y; €1{0,1} VjEN (4.8)

The objective (4.1) minimizes the sum of distances between all points and their assigned
clusters. Constraint (4.2) requires that exactly p points be selected as cluster center. Equalities
(4.3) ensure that each data point is assigned to exactly one cluster, while inequalities (4.4)
require that data points only be assigned to selected cluster center. Constraints (4.5) and (4.6)
define the must-link and cannot-link constraints, respectively. More specifically, (4.5) states for
points i and k that must belong to the same cluster, if x;; = 1, then x;; = 1 and vice versa.
For points i and k that cannot be in the same cluster, (4.6) specifies if x;; = 1, then x; = 0
and vice versa. Finally, constraints (4.7) and (4.8) impose binary restrictions on the decision
variables. Note that without inequalities (4.5)-(4.6), the problem reduces to a standard p-median

model.

Compared with k-means, a p-median type model has obvious advantages for constrained
clustering. First and foremost, it can be solved directly to find a global optimum. As pointed
out by Steinley (2015), other advantages include the fact that 1) centers are selected from the
points in a dataset (as opposed to being the central point of a cluster), thereby allowing one to
identify the most representative element of each cluster; 2) because dissimilarity between points
is usually taken as Euclidean distance (instead of quadratic distance), it is typically more robust
to outliers within a dataset; and 3) the flexibility of having a more generic pre-defined distance
metric means that distances do not need to be constantly recomputed each time centers are

updated and there is no imposition of having triangle inequality or distance symmetry violations.

On the downside, however, as the number of data points increases, the number of variables and
constraints in a p-median model grow dramatically. This can quickly make even moderately
sized datasets computationally intractable with an exact approach. To partially overcome the

challenge of solving large problem instances, we present below a Lagrangian relaxation
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algorithm together with a simple variable reduction technique to help reduce the number of

potential center points and further speed up the Lagrangian procedure.

4.3.2 Lagrangian Relaxation

Lower Bound Problem

The Lagrangian relaxation is a classic decomposition method in which complicating constraints
are relaxed and included in the objective function as penalties. The relaxed problem becomes

easier to solve, while still providing useful information such as error bound on optimality.

In our implementation, we chose to relax equality constraints (4.3) with Lagrangian multipliers

Ui, Vi € N. The result is the following dual problem:

zi(p) = max rg_iynz Z (dij = i)y + Z Hi (4.9)

iEN JEN iEN

subject to constraints (4.2) and (4.4)-(4.8). For fixed values of the Lagrangian multipliers y;,

the resulting minimization problem over variables x;; and y; can be solved using a branch and

bound solver like CPLEX. This yields a lower bound to the original problem (4.1)-(4.8).

It is worth noting that a more natural choice would be to relax inequalities (4.4), which would
decouple the original problem into two simpler subproblems involving the selection of cluster
center variables y; and cluster assignment variables x;; separately. However, previous studies
(Daskin and Maass 2015) and preliminary tests on our part showed that relaxing (4.3) produced
much tighter lower bounds, albeit at the expense of solving a much more difficult relaxed

problem at each iteration

Upper Bound Problem

To try and produce a feasible solution and valid upper bound to the original problem, we
consider two approaches. The first is to fix the centers y; = 1 selected in the relaxed dual
problem and then use a branch and bound solver (e.g., CPLEX) to determine the x;; assignment
variables. Although guaranteed to find the best possible assignment of points to centers, the

obvious disadvantage of this is the potentially long run times, especially for large problem
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instances.

A second way of finding a feasible upper bound is to use a heuristic for assigning data points
to centers, with centers still fixed based on the solution to the relax dual problem. For this, we
implemented a modification of the approach proposed by Randel et al. (2019). The heuristic is

divided into two main steps.

Step 1. Create super points from must-link constraints. Temporarily ignoring cannot-link

constraints, assign each regular or super point to its nearest available center.

Step 2. Examine the list of point pairs with cannot-link constraint violations and try to
restore feasibility by reassigning one of the two points to its nearest center without a
constraint violation. After feasibility is restored, see if a reassigned point can be moved to

a closer center to try to improve the solution further.

In Step 1, sample points involved in must-link constraints, which need to be assigned to the
same cluster center, are merged into a super point and the distances between the super point and
all other points updated. For example, assuming points p; and py have a must-link constraint,
anew super point s; is created and the distance between s; and every other point py, is changed
to dix = dqi3 + do3. Note that the choice of specifying point p; or pg as the super point root is
arbitrary. For further details, please refer to Randel et al. (2019). Once super points have been
created, Step 1 ends by assigning each point to its nearest cluster center, while temporarily

ignoring cannot-link constraints.

Step 2 involves recovering feasibility for the solution found in the first step. The procedure for

doing this is outlined in Algorithm GR (GR for greedy reassignment). The notation for

Algorithm GS is defined as follows. Let Y (i) = {j eJ '|xl- ;= 1} denote the cluster center of

point i and let O(i) = arg minjej{dijmk EN,(i,k) €CL xy; = 1} be the nearest “open”

center to point i that does not violate any cannot-link constraints, with | = {j |yj = 1} being
the set of p currently selected centers. The net cost of reassigning point i from Y (i) to O (i) is

given by Ad(i) = djpy — diy(py if 0(0) exists, Ad(i) = @ otherwise.
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Algorithm GR. Greedy reassignment procedure for restoring problem feasibility.

l. V<@,P<0
2. for each cannot-link constraint (i, k) € CL
3. if (i, k) violated then
4. V < (i,k)
5. end if
6. end for
7. foreach (i,k) eV
8. net_cost; = Ad(i)
0. net_cost;, = Ad(k)
10. if net_cost; = o and net_cost;, = oo then
I1. stop feasibility cannot be restored
12. else if net_cost; < net_cost; then
13. reassign i from Y (i) to O (i)
14. P«i
15. else
16. reassign k from Y (k) to O (k)
17. P <k
18. end if
19. end for
20. foreachi € P
21. if Ad(i) <0
22. reassign i from Y (i) to 0 (i)
23. end if
24. end for

In lines 1-6 of Algorithm GS, the set V of violated cannot-link constraints is populated with
point pairs (i, k). In lines 7-19, an attempt is made to iteratively remove violated constraints in
V. This is done by first computing separately the net cost of reassigning either point i or point
k to its nearest open center (lines 8-9). If neither point can be reassigned (line 10 true), the
algorithm stops (line 11). Otherwise, the reassignment with the lower cost is selected (lines 12-
18). Note that both O(+) and Y (+) need to be updated any time a point is reassigned. Finally, in
steps 20-24, a check is made to see if any point that was previously reassigned (set P) can be

moved to a closer open center. The rationale behind this that a point may have been allocated
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to cluster center further away as part of feasibility restoration because a closer center was

unavailable for assignment due to a cannot-link constraint violation.

Our algorithm for restoring feasibility differs considerably from Randel et al. (2019). Whereas
Randel et al. iteratively move a point violating at least one cannot-link constraint from its
current center to its nearest open center until feasibility is restored (or not), in our
implementation, we look at point pairs involved in violated constraints to make a greedy
reassignment of one of the points and stop after one complete pass. This has the advantage of
potentially having fewer reassignments to restore feasibility and, therefore, shorter run times

compared to Randel et al.

It is also worth noting that our restore feasibility routine, like Randel et al. (2019), is not
guaranteed to produce a feasible solution. In the event this occurs, no feasible upper bound will
be produced, but the Lagrangian relaxation algorithm can still continue using the best known

upper bound to compute updated Lagrangian multipliers (see below).

Subgradient Optimization

To find the best lower bound possible, we used subgradient optimization to update the
Lagrangian multipliers in an iterative fashion. Let zj;z and z; g (u*) denote the values of the
best known upper bound and the current lower bound at iteration t, respectively, and let xitj be
the partial solution to the relaxed problem at iteration ¢ (i.e., the values of the cluster assignment

variables). Multipliers were updated at every iteration according to the rule:

U =t gt le;j 1 (4.10)
JjE€J
t _ gt(ZI*JB - ZLR(Ilt))
2
ZieN(ZjeN xitj - 1)

4.11)

where uf is the multiplier value at iteration t, a® it step size at iteration ¢, and 8 is a user-
defined constant, which, in the usual way, is initially set to 2 and divided by 2 if the lower bound

fails to improve after a set number of iterations, in our case 3 iterations.
Starting values for the Lagrangian multipliers were all set to a fixed value:
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d(p) =%Zz|;\% (4.12)

ieN jeN

This is simply the average distance between each pair of points divided by the number of cluster
centers. Lastly, stopping conditions for the Lagrangian procedure included whether: (i) a
maximum number of iterations t,,,, was reached; (ii) the relative difference between the upper
and lower bounds was below some threshold &; and (iii) the ° tuning parameter was less than
some threshold 8,,,;,. In our experimentation, we set t,,,4,, = 200, ¢ = 0.0001 (i.e., 0.01%),

and 6,;, = 0.0001.

4.3.3 Variable Reduction Technique

To reduce the computational burden of having to solve very large MILPs for datasets of
medium/large size, we adopted a two-stage solution approach (see Figure 4.1). In the first stage,
unconstrained cluster centers are identified using k-means or some other similarly fast
algorithm (e.g. k-medoids). The points closest to each k-means cluster center (or the actual
centroids for k-medoids) are then taken as the set of candidate medians M for a constrained p-
median model, with j € M replacing j € N in (4.1)-(4.8). This reduced model is then solved in
the second stage to find the final set of p cluster centers. The Lagrangian relaxation algorithm
remains exactly the same, except for the denominator in equation (4.12), which changes from

INI? to |N[|M].

There is a lot of flexibility in how to apply k-means for selecting candidate centers. One
approach is to simply use a single fixed value of k > p. For example, given a dataset with 1000
points, 250 must-link constraints, and 250 cannot-link constraints, if one wished to find p = 10
clusters and set k = 30, the number of variables and constraints would both decrease by two
orders of magnitude, specifically going from 1,001,000 to 30,030 variables and from 1,501,001

to 46,001 constraints, which is a considerable reduction.
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Stage 1 Stage 2

Alabeled points @ Potential cluster centers
B labeled points O Final centers

Unlabeled points

Nearest points to k-means centers

(CNONCN )

k-means algorithm Constrained p-median problem

Figure 4.1. Two-stage variable reduction technique for constrained clustering. Data points
labeled A and B are assumed to have cannot-link constraints. Values for k and p are equal to 5

and 3, respectively.

While this would undoubtedly make the constrained p-median problem much easier to solve,
there are obvious concerns about the quality of the resulting solutions. One might expect, at
least for some clusters, that the chosen cluster centers for a constrained p-median model would
be nearby to the cluster centers selected using unconstrained k-means for k = p. If k > p,
however, it may be that none of the cluster centers for k-means are close in any sense to the

k = p centers, especially if k is only marginally larger than p.

To address this, a more elaborate procedure is to use k equal to a multiple of p or a series of
increasing k values, starting with k = p, whereby each set of centers found using k-means for
a specific value of k is iteratively added to the candidate set of constrained cluster centers.

Different series of k values can be chosen, such as increments or multiples of p (e.g., k =

wp+1Lp+2.), . k=m@p+Ip/2,p+2-Ip/2],..)and k = (p,2p,3p,...)).
4.4 Experimental Results

The optimization model and solution methods were implemented in Python using the docplex
package and CPLEX callable libraries version 22.1.1. Runs of the k-mean algorithm were
executed with the sklearn package for Python. All experiments were performed on the same

multi-core Lenovo ThinkBook laptop (13" Gen Intel i7-13700H processor, 2.40 GHz per core)
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with 32GB of RAM and running Windows 10 64-bit operating system.

4.4.1 Datasets

We tested the performance of the model, the variable reduction technique, and Lagrangian
relaxation algorithm on set of 8 small-sized benchmark datasets (see Table 4.1), as well as
several medium-sized and one large-sized UK household electricity consumption datasets.
Benchmark datasets are the same ones used by Randel et al. (2019), thus allowing a direct
comparison with their VNS heuristic. Details of the benchmark datasets are provided in Xia

(2009).

Table 4.1. Summary of benchmark datasets. Respectively, parameters n, f, and p refer to the

number of data points, the number of features, and the number of classes/clusters.

Configuration 1° Configuration 2°
Instance n f p |ML| leL] | ML| |eL]
Soybean 47 35 4 2 12 4 2
Protein 116 20 6 9 6 13 9
Iris 150 4 3 6 6 8 4
Wine 178 13 3 22 13 36 22
Ionosphere 351 34 2 26 18 61 32
Control 600 60 6 30 15 45 30
Balance 625 4 3 78 47 109 63
Yeast 1484 8" 10 148 89 260 148

" Note: the number of must- and cannot-link constraints reported in Xia (2009) and Randel et
al. (2019) refer to the number of points involved, not pairwise restrictions, which are given here.

T Correction to Xia (2009).

The household electricity consumption dataset derives from the UK Power Networks’ Low
Carbon London project (AECOM Building Engineering 2018). The project, which ran from
late 2007 to the end of 2010, measured electricity consumption at 30-minute intervals for over
14,000 households across the UK. The dataset contains energy consumption time series (kWh
per 30 min), unique household identifier, date and time, and Acorn household segmentation

type (CACI 2024). Acorn provides a geo-demographic breakdown of the UK’s population
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(Table C.1). It divides postcodes into 62 types based on detailed social-economical
characteristics then aggregates these into 18 intermediate groups and 6 top level categories (HM
Land Registry 2023). Acorn is designed to segment households based on lifestyle

characteristics as opposed to property characteristic.

For our analysis, we created a number of datasets from the original UK Power Networks (UKPN)
dataset. The large dataset contained household electricity consumption data for 8102
households with a full six months’ worth of electricity consumption readings (24 July 2009 to
20 December 2009). This dataset (denoted UKPN-L) has a total of 150 features that includes
Acorn types in the ranges 1-17 and 19-56. Note, there are only two type 55 households and one
type 56 household. We attached one of three labels (aka classes) to each household based on
their Acorn type. Households of type 1 were designated high-income and given a label “H”,
while households of type 52-57 were considered low-income and assigned a label “L”. In all,
there were 296 H-labeled and 187 L-labeled data points. All other households (n = 7609) were

given a label “O” for other.

Must-link constraints were included to force a subset of high-income (alternatively low-income)
households to appear in the same cluster. In all, we added 327 H-to-H and 130 L-to-L must-link
constraints by selecting at random, with replacement, two H- and two-L labeled points,
respectively, for a total of 457 must-link constraints. Specified numbers of must-link constraints
are based on the formula [0.0075 X n(n — 1)/2 + 0.5], which is simply 0.0075 times the total
number of pairwise combinations rounded to the nearest whole number, n being the number of
data points for a particular label (i.e., 296 or 187). In a similar manner, 1384 random H-to-L
cannot-link constraints were generated to prevent high- and low-income households from
appearing in the same clusters. The number of cannot-link constraints is based on the formula
[0.025 X ny X n; + 0.5], where ny and n;, are number of H- and L-labeled points (i.e., 296

and 187, respectively).

From the UKPN-L dataset, we subsequently generated 5 medium sized datasets (denoted
UKPN-M1 to UKPN-M5) with 4000 randomly selected points each (see Table 4.2). For the
medium-sized datasets, cannot-link and must-link constraints were added for any pair of points

that had such constraints in the large dataset.
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Table 4.2. Summary of medium-sized UK Power Network datasets. All datasets have 4000

points, 150 features, and 3 classes.

Instance |ML| |eL|
UKPN-M1 101 309
UKPN-M2 106 329
UKPN-M3 110 342
UKPN-M4 118 335
UKPN-M35 101 286

4.4.2 Benchmark Dataset Results

Variable Reduction Technigue

For the variable reduction technique, we evaluated a variety of rules for setting parameter k.
These included using different single values for k (denoted SV1-SV3), specifically k = 2p
(SV1), k =5p (SV2), and k = 10p (SV3), plus the following three ways of combining

multiple values of k (denoted MV1-MV3).

o First four 1-step increments: k = (p,p+ L,p+2,p+3,p + 4) (MV1)
o First three half p-step increments: k = (p,p + |p/2],p + 2|p/2]) (MV2)
o First three multiplicative terms: k = (p, 2p, 3p) (MV3)

Computational results confirm the overall effectiveness of the variable reduction technique (see
Table 4.3 and Tables C.2-C.3). Although there was some variation, rule MV1, in general,
achieved the best results in terms solution quality for 12 out of 14 cases. In only two cases each

were rules MV2 and SV3 best.

Irrespectively, variable reduction, in most cases, resulted in little or no degradation in solution
quality. For five datasets (Soybean, Protein, Iris, lonosphere, and Control), an optimal solution
was still found. For the other three datasets (Wine, Balance, and Yeast), optimality gaps were
generally small, ranging from 0.3 to 0.8%. More impressively, solution times were radically
reduced, especially for the four larger datasets. On Balance, for example, times were reduced
from over 200 seconds to 10 seconds or less. On Yeast, times were reduced from 38-247 minutes

down to around 1 second, representing a time savings of 3 to 4 orders of magnitude.
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Table 4.3. Best performing variable reduction technique (VR) rule on benchmark datasets.

Without VR With VR
Instance Config Time (s) Best Rule  Time (s) Gap (%)
Soybean 1 0.23 MV1 0.10 0.00
2 0.14 MV1 0.06 0.00
Protein 1 0.70 MV1 0.17 0.00
2 0.54 MV1 0.11 0.00
Iris 1 2.54 MV1 0.10 0.00
2 2.37 MV1 0.10 0.00
Wine 1 3.62 SV3 0.27 0.31
2 5.66 Sv3 0.27 0.27
Ionosphere 1 17.46 MV1 0.22 0.00
2 15.96 MV1 0.22 0.00
Control 1 36.76 MV2 1.19 0.00
2 33.59 MV2 0.96 0.00
Balance 1 225.97 MV1 10.06 0.57
2 206.73 MV1 8.32 0.73
Yeast 1 14,835.61 MV1 1.19 0.76
2 2,281.82 MV1 0.96 0.81

Lagrangian Relaxation

Overall, the Lagrangian relaxation solution method performed well on the benchmark datasets
(see Table 4.3). Unsurprisingly, better optimality gaps were achieved by using CPLEX to
compute a feasible upper bound. For CPLEX, gaps ranged from just 0.01 to 0.1% on the six
smaller datasets (Soybean, Protein, Iris, Wine, lonosphere, Control) to a high of 0.5-0.9% for
the largest two datasets (Balance and Yeast). Run times ranged from several seconds to several

minutes.

Feasible upper bounds found using the heuristic resulted in optimality gaps that were mostly
the same as CPLEX for the six smaller datasets, but noticeably higher (1.2-2.7%) for the largest
two datasets. On the other hand, run times using the heuristic were around 9% less (on average)

than CPLEX, except for the Iris dataset, which were three to four times more.

92



Table 4.4. Performance of Lagrangian relaxation on benchmark datasets for the best variable

reduction rule (see Table 4.3) using either CPLEX or an heuristic to compute a feasible upper

bound (UB) solution. Columns under VNS are results reported for Randel et al. (2019).

CPLEX UB Heuristic UB VNS
Instance Config Gap (%) Itr  Time (s) Gap (%) Itr  Time (s) Gap (%)  Time (s)
Soybean 1 0.01 39 2.46 0.01 32 2.48 0.00 0.00
2 0.01 41 2.67 0.01 53 2.46 0.00 0.00
Protein 1 0.11 119 18.60 0.11 108 11.92 0.00 0.01
2 0.01 143 2231 0.01 183 22.89 0.00 0.00
Iris 1 0.01 38 4.59 0.08 200 19.18 0.00 0.01
2 0.01 52 6.17 0.07 200 17.43 0.00 0.00
Wine 1 0.01 110 33.53 0.01 110 25.94 0.00 0.01
2 0.01 141 47.16 0.02 200 55.79 0.00 7.08
Ionosphere 1 0.01 65 15.84 0.01 66 15.62 0.00 5.13
2 0.01 34 9.23 0.01 34 10.33 0.02 65.04
Control 1 0.01 61 33.44 0.01 61 23.81 0.00 0.13
2 0.01 45 14.88 0.01 45 19.49 0.00 0.12
Balance 1 0.51 116 95.86 2.73 85 55.56 0.002 110.42
2 0.85 89 76.80 2.56 87 63.24 0.00 91.51
Yeast 1 0.81 95 254.09 2.51 101 198.76 0.00 97.78
2 0.93 93 285.92 .15 113 256.79 0.004 124.44

Compared to the VNS heuristic developed by Randel ef al. (2019), our Lagrangian method

produces only marginally higher optimality gaps for the six smaller datasets (Soybean, Protein,

Iris, Wine, Ionosphere, Control). Solution times for the Lagrangian are, in most cases, longer

for these datasets, but there is one notable exception (e.g., lonosphere confirmation no. 2). For

the two largest datasets, solution times for the Lagrangian compare favorably with VNS, but

with distinctly higher optimality gaps.

4.4.3 Medium UK Power Networks Dataset Results

Results for the medium UKPN datasets merely confirm the overall effectiveness of the

Lagrangian relaxation algorithm (Table 4.5). Optimality gaps were mostly less than 1%. In only

two cases did the gap exceed 1%. In the majority of cases, optimality gap increased as the

number of clusters p increases. In two cases, however, there was increase in gap followed by a

drop as p becomes larger.
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Table 4.5. Performance of Lagrangian relaxation on medium-sized UKPN datasets using

variable reduction rule MV1 and the heuristic method for computing a feasible upper bound.

Instance D Best LB Best UB  Gap (%) Itr  Time (s)
UKPN-M1 6 197,299.2 197,670.8 0.19 127 430.73
9 187,697.1 188,186.4 026 121 448.17

12 181,011.0 182,178.6 0.65 200 877.49

UKPN-M2 6 195,521.1 196,844.1 0.68 113 384.80
9 183,283.3  185,685.2 1.31 200 792.89

12 180,269.6  180,696.4 0.24 155 688.03

UKPN-M3 6 1944034 194,853.8 0.23 123 399.47
9 185,364.7 186,329.0 0.52 179 606.42

12 178,622.8  179,972.0 0.76 130 568.83

UKPN-M4 6 1932763 193,847.5 0.30 200 688.35
9 184,859.9 185,521.5 0.36 200 747.38

12 177,285.4  180,177.7 1.63 200 841.26

UKPN-M5 6 192,518.7 193,528.6 0.52 100 351.81
9 182,763.6 184,082.2 0.72 200 711.73

12 177,839.1 178,863.2 0.58 105 472.52

Run times ranged from 5.9 to 14.6 minutes. The average was 10 minutes. In 6 out of 15 cases,
the maximum number of iterations was reached. In the other 9 cases, a total of 128 iterations
were required on average. Both run time and iterations generally show a positive relationship

with the number of clusters p.

4.4.4 Large UK Power Networks Dataset Results

k-Means Clustering

Here we report detailed results comparing k-means clustering with our proposed constrained p-
median clustering method on the large UK Power Networks dataset UKPN-L. We begin by
computing silhouette scores to determine an ‘optimal’ number of clusters p (Rousseeuw, 1987)
for annual load profiles. We find (Figure 4.2) that the preferred number of clusters is in the

range 15-17. For the convenience of visualization, we set p = 15 for both k-means and
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constrained clustering.
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Figure 4.2. Average silhouette coefficient versus number of clusters for the UKPN-L dataset.

Table 4.6. Summary statistics for k-means clusters 1-15.

Pattern 1 2 3 4 5
Count 1473 1464 1215 1074 904
Proportion (%) 18.18 18.07 15.00 13.26 11.16
Average usage (kWh/day) 8.91 6.63 11.52 4.23 14.45
Pattern 6 7 8 9 10
Count 544 392 307 227 204
Proportion (%) 6.71 4.84 3.79 2.80 2.52
Average usage (kWh/day) 17.83 22.76 18.91 11.56 28.09
Pattern 11 12 13 14 15
Count 136 70 68 18 6
Proportion (%) 1.68 0.86 0.84 0.22 0.07

Average usage (kWh/day) 21.76 29.59 38.15 45.98 67.85

Results for k-means clustering (see Table 4.6 and Figure C.1) reveal a number of distinct
clusters that vary considerably in terms of the number of data points contained within them and
daily average electricity consumption (measured in kWh/day). The two smallest clusters (no.
14-15), for example, contain just 18 and 6 households, respectively, which amounts to just 0.22%

and 0.07% of the full sample. The largest cluster (no. 1), by contrast, contains 1473 data points,
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equivalent to 18.2% of the total.

Average daily usage for the five larger clusters (no. 1-5) is on the low side, ranging from 4.2 to
14.5 kWh/day. Meanwhile, the five medium-sized clusters (no. 6-10) have moderate average
daily usage of 11.6 to 28.1 kWh/day. Finally, the five smaller clusters (no. 11-16) have

moderate to very high average daily usage between 21.8 and 67.9 kWh/day.

Table 4.7. Number of H-, L-, and O-labeled households in each k-means cluster.

Pattern H L O Qy Q; w D
1 46 36 1391 0.561 0.439 0.170 0.122
2 23 42 1399 0.354 0.646 0.135 0.292
3 45 12 1158 0.789 0.211 0.118 0.579
4 13 62 999 0.173 0.827 0.155 0.653
5 35 11 858 0.761 0.239 0.095 0.522
6 30 3 511 0.909 0.091 0.068 0.818
7 30 3 359 0.909 0.091 0.068 0.818
8 22 2 283 0.917 0.083 0.050 0.833
9 8 4 215 0.667 0.333 0.025 0.333

10 18 8 178 0.692 0.308 0.054 0.385
11 4 2 130 0.667 0.333 0.012 0.333
12 4 0 66 1.000 0.000 0.008 1.000
13 12 0 56 1.000 0.000 0.025 1.000
14 4 2 12 0.667 0.333 0.012 0.333
15 2 0 4 1.000 0.000 0.004 1.000

wD 0.510

The results also reveal that in spite of there being a fairly large number of clusters, there is a
significant overlap between high- and low-income households within most clusters (see Table
4.7 and Figure C.1). To measure the degree of overlap within clusters, we computed a dispersion

index for each cluster j as follows.
Dj = |Quj — 0.5 +]Qu; — 0.5] (13)

In (13), Qy; and Q; denote, respectively, the fractions of H- and L-labeled points in cluster j

relative to the total number of H- and L-labeled points in the cluster. By assumption, if there
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are no H- or L-labeled points in cluster j, then Qy; = Q1 ; = 0. Metric D; ranges from 1,
indicating no overlap of H- and L-labeled points within the same cluster, down to 0, indicating
an even 50-50 split. The following weighted sum of the D;’s produces an overall measure of

label overlap for a full clustering solution:

p
wD = Z w;D; (14)
j=1

where wj is the fraction of H- and L-labeled points in cluster j relative to the total number of
H- and L-labeled points in the whole dataset. Like D;, total weighted dispersion wD approaches

1 if there is no overlap among any cluster.

According to our dispersion index, only clusters 12, 13, and 15 show no overlap (D = 1). The
others either have very high overlap with D < 0.385 (no. 1, 2, 9-11, 14) or moderate to low
overlap with D in the range 0.522-0.833 (no. 3-8). Clusters 10 and 14 are noteworthy for the
fact they represent high average daily electricity consumption households with a significant

proportion of low-income households.

Constrained p-Median Clustering

Even for the large UKPN dataset UKPN-L, the Lagrangian relaxation algorithm manages to
produce good quality results in a reasonable amount of computing time (see Figure 4.3 and
Table C.4). Convergence of the best lower and upper bounds occurs quickly. Within 30
iterations, the optimality gap decreases from over 2000% initially to 2.35%. After 43 iterations,
the gap is below 1% and after 82 iterations the best feasible upper bound is achieved, finally
stopping after 106 iterations. The optimality gap at this point is 0.60%. In terms of run time,
each iteration takes around 11 seconds on average. Total run time is under 19 minutes. For

comparison, k-means produces solutions in a matter of seconds.

Compared to k-means, constrained p-median clusters are qualitatively similar in that larger
clusters (no. 1-11) tend to have low to moderate average energy usage of 4.1 to 23.9 kWh/day,
while smaller clusters (no. 12-15) have moderate to high energy usage of 22.4 to 44.6 kWh/day
(see Table 4.8 and Figure C.2). What stands out, however, is that constrained p-median clusters
have: (i) less extreme variability in terms of average energy usage; (ii) a slightly more even
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spread of cluster sizes (i.e., fewer clusters with extremely few data points); and (iii) far less
overlap between high- and low-income households within most clusters (compare Tables 4.6-

4.7 with Tables 4.8-4.9 and Figure C.1 with Figure C.2).
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Figure 4.3. Best lower and upper bound for Lagrangian relaxation of dataset UKPN-L.

Table 4.8. Summary statistics for constrained p-median clusters 1-15.

Pattern 1 2 3 4 5
Count 1340 1140 988 886 886
Proportion (%) 1654 1407 1219 1094  10.94
Average usage (kWh/day) 6.43 14.94 8.03 9.66 11.68
Pattern 6 7 8 9 10
Count 881 569 339 261 247
Proportion (%) 10.87 7.02 4.18 3.22 3.05
Average usage (kWh/day) 411 18.16 23.89 19.74 11.89
Pattern 11 12 13 14 15
Count 183 135 130 70 47
Proportion (%) 2.26 1.67 1.6 0.86 0.58

Average usage (kWh/day) 14.87 22.40 29.92 3143 44.55

Regarding the first two points, daily average energy consumption for k-means ranges from 4.2

to 67.9 kWh/day. For the constrained p-median solution, that range is reduced down
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considerably to 4.1 to 44.6 kWh/day. Additionally, whereas the largest and smallest clusters for
k-means contain 1473 points (18.2%) and a mere 6 points (0.07%), respectively, for constrained

p-median these values are 1340 (16.5%) and 47 (0.6%), respectively.

The most noticeable difference from k-means (point three above) is the much lower overlap of
different label types within clusters (see Table 4.9 and Figure C.2). With constrained clustering,
the number of clusters with no overlap between H- and L-labeled points increases from 3 to 9
(i.e., D =1 for cluster no. 1, 2, 9-15). Of the remaining clusters, two have fairly low overlap
with D > 0.579 (no. 3, 6), and only 4 have significant overlap with D < 0.2 (no. 4, 5, 7, 8).
Overall, dispersion (wD) has increased by 73% from 0.51 for the k-means solution to 0.88 for

the constrained p-median solution.

Table 4.9. Number of H-, L-, and O-labeled households in each constrained p-median cluster.

Pattern H L O Qy Q; w D
1 0 114 1226 0.000 1.000 0.236 1.000
2 258 0 882 1.000 0.000 0.534 1.000
3 4 15 969 0.211 0.789 0.039 0.579
4 12 10 864 0.545 0.455 0.046 0.091
5 8 9 869 0.471 0.529 0.035 0.059
6 1 24 856 0.040 0.960 0.052 0.920
7 3 2 564 0.600 0.400 0.010 0.200
8 4 4 331 0.500 0.500 0.017 0.000
9 2 0 259 1.000 0.000 0.004 1.000

10 0 8 239 0.000 1.000 0.017 1.000
11 0 0 183 0.000 0.000 0.000 1.000
12 0 1 134 0.000 1.000 0.002 1.000
13 1 0 129 1.000 0.000 0.002 1.000
14 1 0 69 1.000 0.000 0.002 1.000
15 2 0 45 1.000 0.000 0.004 1.000

wD 0.880

4.5 Conclusion

This chapter investigates the application of the p-median model combined with must-link and

cannot-link constraints to the problem of constrained clustering. Unlike machine learning
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algorithms, which have traditionally been used in constrained clustering, our modeling
approach has the benefit of producing solutions with verifiable optimality bounds. It can also
be generalized to incorporate other types of instance-level constraints, such imposing a
minimum or maximum number of points in each cluster and soft cannot-link constraints

limiting the number of pairs of points with cannot-link constraints allowed in the same cluster.

A Lagrangian relaxation procedure is proposed to efficiently solve medium to large problem
instances. Subgradient optimization is used in the usual way to update Lagrangian multipliers
in the dual problem and a greedy based heuristic is used to find feasible upper bound solutions
in each iteration. To speed up solution times, a simple but highly effective variable reduction
technique is incorporated, which applies k-means (other similarly fast algorithm) to identify a

candidate set of cluster centers.

We test our modeling framework and solution approach on a bank of benchmark datasets as
well as several much larger real-world household electricity consumption datasets. We find that
high-quality solutions with small optimality gaps, typically under 1%, can obtained in second

to minutes even for problem instances with 8000 plus data points.

In terms of potential lines of future research, a particularly useful one would be to build and
test new heuristic procedures for generating feasible upper bound solutions as part of a
Lagrangian relaxation procedure. Our heuristic (or at least our implementation), though
adequate, is not especially fast and sometimes fails to find the best assignment of data points to
cluster centers. Another direction of research would be to evaluate entirely different solution
approaches to solve a constrained p-median model, such as metaheuristics (other than VNS) or
possibly matheuristics. Finally, alternative model formulations of the underlying p-median
problem could be considered, such as the COBRA (Church 2003), BEAMR (Church 2008),
integer pseudo-Boolean (Goldengorin and Krushinsky 2011), and radius constraint (Garcia et

al. 2011) models.
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5. Conclusion

This chapter summarizes the main contributions of this dissertation and offers some further

research directions.

5.1 Research summary

The thesis focuses on three important aspects of demand-side management, namely, prediction
of residential consumption patterns, electricity demand forecasting, and electricity customer

segmentation.

In the first study, we firstly analyze the residential electricity consumption pattern in Ireland
using clustering algorithm, and secondly analyze the various factors affecting electricity
consumption, namely, the effect of temperature, week and month on electricity, electricity
consumption pattern shifting, and the prediction of electricity consumption pattern respectively.
Finally, we provide a machine learning based framework for predicting yearly consumption
pattern based on household characters and historical usage. Our proposed framework could
achieve 84.56% accuracy for 5-classification problem on test dataset. Based on results, many
interesting conclusions were found: (1) 5°C is the threshold value, that less than 5°C will have
reduce electricity demand, while 5°C or above will have negative effect on electricity demand,
The effect between 5°C and 20°C on demand is very small and this implies that hot temperature
effect is positive but small. (2) Our proposed method can effectively identify pattern shifting
phenomenon. More specially, six typical intra-day patterns are identified between July, 2009
and December, 2010. From summer to winter, people’s intra-day load profiles change from the
perspective of both shape and volume. (3) In terms of occupation of chief income earner, Higher
and intermediate managerial, administrative, professional occupation or supervisory, clerical &
junior managerial, administrative, professional occupations trend to use more than these who
has semi-skilled & unskilled led manual occupations, unemployed and lowest grade

occupations, although they both live with children.

In the second study, this thesis analysis the electricity consumption pattern both in the context

of COVID-19 and normal situation. The second study constructs a series models for forecasting
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electricity consumption in the context of COVID-19, which selects factors that related with
epidemic such as the number of people working at home, the number of people shopping in
supermarkets, etc., as independent variables, so as to better reflect the relationship between
electricity consumption and population mobility factors in the context of the COVID-19. The
results of this study show that the proposed model can not only make short-term and long-term
forecasts, but also evaluate the impact of lockdown policy on electricity consumption. The
results suggest: (1) The drop in electricity consumption due to the pandemic is short-term,
mainly in March and April, and is caused not only by lockdown policy but also electricity
consumption down trend from 2019 to 2020. (2) The daily electricity consumption is also highly
correlated with population flow factors such as the number of people stay at home, number of
people go to workplace, number of people go to retails and so on, indicating that the traditional
model of forecasting in the electricity sector will now need to be augmented with such features.
(3) Our proposed prediction model based on population flow indicators can generally achieve
an accuracy rate of 2.16%-8.01% before COVID -19, and with accuracy of 2.01%-5.36% in
post-COVID-19 data in 7 different cities in US. (4) within six weeks of lockdown, four out of
seven cities did COVID-19 cause an appreciable reduction of 3.6-7.6% in electricity usage over
the first 6 weeks when lockdowns were introduced. In the other three cities, electricity usage
actually increased slightly by 0.53-3.4%. This could help policymakers to better understand the
impact of COVID-19 from different aspects, better explore the impact mechanism, and would
provide guidance for the recovery of the economic development and production after the

pandemic.

In the final study, we propose a two-stage constrained clustering framework based on
optimization techniques for electricity customer segmentation. The proposed clustering
algorithm is formed by adding must-link and cannot-link constraints on the basis of the original
p-median problem. In order to speed up the solution of the model, we developed the Lagrangian
relaxation method for solving the model. The results of our method show that: (1) In terms of
clustering effect, compared with k-means, the proposed method could achieve more
personalized clustering, so that high-income and low-income household are not appear in the

same group as much as possible by adding cannot-link constraints. (2) Compared with the
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traditional p-median algorithm, the Lagrangian relaxation can greatly reduce the running time,

mainly because in the first stage we select potential candidate clusters medoids.

5.2 Further research directions

This section focuses briefly on new research questions that the authors have identified in the

process of completing doctoral dissertation.

5.2.1 Integrating renewables in electricity markets and households

The topic of climate change has received increasing attention in recent years, and hence
reducing greenhouse gas emissions is of great importance for the world to achieve sustainable
development. Replacing traditional energy sources with renewable energy sources has become
an urgent requirement today due to the fact the main energy source driving society’ development
is still fossil fuels. In recent years, the share of renewable energy in the electricity system has
been increasing gradually, so it is important to better integrate it into electricity market and
household to achieve a reduction in carbon emissions. Besides, from the perspective of
economic, access to renewable energy will lead to a reduction in the cost of electricity, further
reducing the price of electricity and thus benefiting consumers. However, the integration of
renewable energy sources also brings greater challenge to energy market, the electricity market
is fundamentally different from the traditional economic market, the electric power system
needs to maintain a balance between power supply and demand at all times, in order to better
balance the supply and demand, the electricity market introduced the day-ahead market and the
intra-day market respectively. The day-ahead market refers to the power supply and demand
side must submit their power supply and demand bids in the energy market 24 hours in advance
based on electricity demand forecast, which means electricity is exchanged before the physical
delivery begins. The system will automatically match offers from both sides, in this way, the
market clearing price is determined. The intra-day market is designed to react to unexpected
changes, such as power plant outages and maintenance or unexpected changes in demand
occurs due to weather, accidents, and other influencing factors on the demand side in day-ahead
market. Weather-dependent renewables like wind and solar are more volatile and unstable,

significant deviations may arise between the forecasted demand and the final demand as
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proportions of renewable energy gets higher, hence the integration of renewable energy into the
energy market and households will pose a greater challenge to the power system. Besides, the
renewables energy source has strong seasonal characteristics, although residential electricity
consumption also show seasonal patterns. Yet they are not synchronized, so future research
needs to integrate several unsynchronized systems into a unified intelligent energy management

system using cutting-edge techniques, such as deep learning and reinforcement learning.

5.2.2 Analysis of environmental policy in the power sector

The frequent occurrence of climate extremes in recent years, such as drought, hill fire, rising
global temperatures, melting glaciers, sea-level rise, extreme heat, etc., pose considerable
threats to our environment and sustainable development, indicates that greenhouse gases
emission has reached the limit compared to the pre-industrial revolution. Electric power
generates the second largest (25%) share of greenhouse gas emissions and includes emissions
from electricity production in the U.S. in 2021, hence reducing GHG emissions from electric
power production would definitely contribute to sustainability. However, power plants in most
OECD countries minimize their production cost or maximize their profit without taking into
account the social welfare and environmental impacts of greenhouse gases, thus leading to
market failures, so incorporating environmental externalities into market mechanisms is
feasible way for plant owner to make more reasonable production decisions or investment in
renewable energy technologies. In order to reduce pollution, many countries have started to
take various forms of regulation to limit greenhouse gas emissions, such as technical technology
standards, emission standards, and market-based instruments (e.g., emission tax and cap-and-
trade). These environmental policies provide a promising pathway to mitigating climate change
in the future. However, there is still a fundamental issue that needs to be addressed, for example,
power companies aim to maximize profits, while policymakers hope to enhance social welfare,
and these two objectives are in conflict with each other, Hence future research should focus on
building game-theoretic modelling framework to handle this kind of conflicts, such as bi-level

programming and equilibrium methods.
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5.3.4 Clustering high-dimensional time series data

Energy big data is currently gaining more and more attention due to the continuous development
of smart grid, and data generated by electric power systems have increased dramatically.
Households' energy consumption can be continuously recorded and transferred to data center.
From the perspective of energy consumption pattern mining, this brings more opportunities,
because more data often means more information can be mined. However, from the perspective
of algorithm, more data requires better computing power and more efficient algorithms. For
example, in energy consumption pattern mining, the typical load profile is generated by
clustering the time series of energy usage. With the popularity of smart meters, electricity usage
can be recorded every 15 minutes, which leads to a very high dimensional time series given one
year, thus it will take long time to get the results for the clustering algorithm. Another aspect is
that the power consumption data behind often represents human behavior, and this human
behavior is often cyclical, such as during weekdays, each day has a similar part of the power
consumption pattern, while at weekends the power consumption shows another pattern. Besides,
there are similar patterns in every season. Therefore, electricity consumption data is a high-
dimensional and periodic time series, and the processing of this high-dimensional time series
generally requires transformation processing, such as feature extraction, for example, using
principal component analysis for feature extraction, but these feature extraction methods often
do not take into account the temporal characteristics of the time series, so future research aims
to seek a feature extraction method that can both reduce the dimension of the time series and

retain the time-series characteristics is the future.
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6. Research contributions

This section reports the papers that have been published during my PhD study.

6.1 Papers

Guo, Z., O'Hanley, J. R., & Gibson, S. (2022). Predicting residential electricity consumption
patterns based on smart meter and household data: A case study from the Republic of Ireland.

Utilities Policy, 79, 101446. (Chapter 2)

Guo, Z., O’Hanley, J. R., & Gibson, S. (2024). Influence of population mobility on electricity
consumption in seven US cities during the COVID-19 pandemic. Utilities Policy, 90, 101804.

(Chapter 3)
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APPENDICES

A. Supplementary Figures and Tables for Chapter 2
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Figure A.1. Locations and associated average heating degree days (HDD) of weather stations

in the Republic of Ireland.
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Table A.1. Distribution of house type in the CER dataset.

House Type Percentage
Apartment 1.66
Semi-detached house 30.05
Detached house 27.06
Terraced house 14.25
Bungalow 26.78
Refused 0.20

Table A.2. Distribution of spacing heating type in the CER dataset.

Heating Type Percentage
Electricity (electric central heating or storage heating) 3.35
Electricity (plug-in heaters) 2.76
Gas 24.59
Oil 47.18
Solid fuel 21.17
Renewable (e.g., solar) 0.43
Other 0.52

Table A.3. Distribution of water heating type in the CER dataset.

Heating for Water Percentage
Central heating system 7.95
Electric (immersion) 33.84
Electric (instantaneous heater) 0.95
Gas 14.33
Oil 24.26
Solid fuel boiler 9.69
Renewable (e.g., solar) 0.97
Other 8.01

Table A.4. Distribution of cooker type in the CER dataset.

Cook Type Percentage
Electric cooker 69.70
Gas cooker 25.66
Oil fired cooker 2.38
Solid fuel cooker (stove aga) 2.26
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Table A.5. Proportion of each pattern on selected days of the year.

Pattern

Date Py P, Py P, Ps Pg

2009-07-14 0.423 | 0.066 | 0.314 | 0.090 | 0.015 | 0.093
2009-12-24 0.208 | 0.139 | 0.196 | 0.125 | 0.191 | 0.140
2009-12-25 0.269 | 0.038 | 0.148 | 0.259 | 0.230 | 0.055
2009-12-26 0.256 | 0.072 | 0.204 | 0.177 | 0.145 | 0.145
2010-07-14 0.440 | 0.064 | 0.326 | 0.082 | 0.012 | 0.074
2010-12-24 0.199 | 0.138 | 0.187 | 0.123 | 0.223 | 0.130
2010-12-25 0.254 | 0.037 | 0.145 | 0.251 | 0.255 | 0.058
2010-12-26 0.239 | 0.062 | 0.210 | 0.185 | 0.178 | 0.126

Table A.6. Typical summer (14 July 2009) to winter (24 December 2009) pattern shifting

matrix.
2009-12-24
2009-07-14 Poo| P B P Py P

P, 0379 | 0.088 | 0.268 | 0.094 | 0.068 | 0.104
P, 0.050 | 0254 | 0.063 | 0.100 | 0413 | 0.121
P, 0.115 | 0.182 | 0.191 | 0.151 | 0.179 | 0.182
P, 0.058 | 0.129 | 0.107 | 0.187 | 0377 | 0.141
P 0.036 | 0.055 | 0.036 | 0.091 | 0.727 | 0.055
P 0.030 | 0.169 | 0.092 | 0.145 | 0.374 | 0.190

Table A.7. Typical weekday (27 July 2009) to weekend (2 August 2009) pattern shifting

matrix.
Monday . Pl B | B | P | P | P
P; 0.746 | 0.010 | 0.153 | 0.067 | 0.002 | 0.022
P, 0.166 | 0.156 | 0.213 | 0.280 | 0.062 | 0.123
Py 0.273 | 0.044 | 0.397 | 0.189 | 0.012 | 0.085
P, 0.161 | 0.084 | 0.230 | 0.373 | 0.053 | 0.099
Ps 0.064 | 0.043 | 0.170 | 0.362 | 0.255 | 0.106
Pq 0.153 | 0.077 | 0.212 | 0.362 | 0.049 | 0.147
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Table A.8. Proportion of each intra-day pattern over a selected week.

Pattern

Date Py P, Py P, Ps Pg

2009-07-27 (Monday) 0.428 | 0.058 | 0.323 | 0.088 | 0.013 | 0.090
2009-07-28 (Tuesday) 0.419 | 0.065 | 0.308 | 0.091 | 0.017 | 0.100
2009-07-29 (Wednesday) | 0.419 | 0.064 | 0.325 | 0.092 | 0.014 | 0.086
2009-07-30 (Thursday) 0.443 | 0.059 | 0.327 | 0.091 | 0.012 | 0.068
2009-07-31 (Friday) 0.423 | 0.061 | 0.317 | 0.099 | 0.019 | 0.081
2009-08-01 (Saturday) 0.432 | 0.056 | 0.288 | 0.136 | 0.019 | 0.069
2009-08-02 (Sunday) 0.446 | 0.042 | 0.247 | 0.176 | 0.021 | 0.068

Table A.9. Proportion of the six intra-day patterns associated with the five annual load profiles

on 14 July 2010 (summer weekday)

Intra-day pattern
Annual profile ’P i Pz Ps Py Pe
1 0.210 | 0.057 | 0.560 | 0.073 | 0.000 | 0.100
2 0.070 | 0.214 | 0.283 | 0.201 | 0.048 | 0.184
3 0.873 | 0.003 | 0.098 | 0.017 | 0.000 | 0.009
4 0.481 | 0.017 | 0.416 | 0.043 | 0.002 | 0.041
5 0.912 | 0.003 | 0.070 | 0.006 | 0.000 | 0.009

Table A.10. Proportion of the six intra-day patterns associated with the five annual load

profiles on 25 December 2010 (Christmas day).

Intra-day pattern
Annual profile i Py P2 Ps Py Pe
1 0.108 | 0.043 | 0.123 | 0.370 | 0.263 | 0.093
2 0.019 | 0.049 | 0.048 | 0.231 | 0.620 | 0.033
3 0.466 | 0.023 | 0.270 | 0.138 | 0.057 | 0.046
4 0.181 | 0.051 | 0.205 | 0.329 | 0.164 | 0.070
5 0.670 | 0.012 | 0.132 | 0.134 | 0.028 | 0.024
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Table A.11. Machine learning model parameters.

Model Parameter Value

DNN Number of net layers 4
Number of hidden layers 2
Nodes per layer [22, 200, 200, 5]
L1 0.005
L2 0.003
Maximum number of iterations 500
Activation function Rectifier
Learning rate 0.1

RF Number of trees 2000
Maximum tree depth 20
Early stopping based on stopping_metric convergence 2
Relative tolerance of metric-based stopping criterion 0.001

GBM Number of trees 2000
Maximum tree depth 5
Early stopping based on stopping_metric convergence 2
Relative tolerance of the metric-based stopping criterion ~ 0.01
Learning rate 0.001

Elastic Net  Link function Multinomial
Solver L BFGS
Regularization factor between L1 and L.2 0.9

SVM Cost 7
Gamma 0.1
Kernel Radial basis
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B. Supplementary Figures and Tables for Chapter 3

Table B.1. List of tested models.

Trend Seasonal | Dynamic | Dynamic Dynamic Dynamic
Model | Component | Component | Factor 1 Factor 2 Factor 3 Factor 4

1 Local Trend Week Work Home Restaurant Recreation Retail
2 Local Trend Week Work

3 Local Trend Week Home

4 Local Trend Week Restaurant Recreation .

5 Local Trend Week . Retail
6 Local Trend Week Work Home .

7 Local Trend Week Home Restaurant Recreation .

8 Local Trend Week . Restaurant Recreation Retail
9 Local Trend Week Work . Retail
10 Local Trend Week Work Restaurant Recreation .

11 Local Trend Week . Home . Retail
12 Local Trend Week Work Home Restaurant Recreation .

13 Local Trend Week Work Home . Retail
14 Local Trend Week Work Restaurant Recreation Retail
15 Local Trend Week . Home Restaurant Recreation Retail
16 Local Trend Work Home Restaurant Recreation Retail
17 Local Trend Work

18 Local Trend Home .

19 Local Trend Restaurant Recreation .
20 Local Trend . Retail
21 Local Trend Work Home .
22 Local Trend Home Restaurant Recreation .
23 Local Trend . Restaurant Recreation Retail
24 Local Trend Work . Retail
25 Local Trend Work Restaurant Recreation .
26 Local Trend . Home . Retail
27 Local Trend Work Home Restaurant Recreation .
28 Local Trend Work Home Retail
29 Local Trend Work Restaurant Recreation Retail
30 Local Trend . . Home Restaurant Recreation Retail
31 Temp Week Work Home Restaurant Recreation Retail
32 Temp Week Work
33 Temp Week Home .

34 Temp Week Restaurant_Recreation .

35 Temp Week . Retail
36 Temp Week Work Home .

37 Temp Week Home Restaurant_Recreation .

38 Temp Week . Restaurant_Recreation Retail
39 Temp Week Work . Retail
40 Temp Week Work Restaurant_Recreation
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41 Temp Week . Home . Retail
42 Temp Week Work Home Restaurant Recreation
43 Temp Week Work Home Retail
44 Temp Week Work . Restaurant Recreation Retail
45 Temp Week . Home Restaurant Recreation Retail
46 Temp . Work Home Restaurant Recreation Retail
47 Temp . Work
48 Temp . . Home
49 Temp . . . Restaurant Recreation
50 Temp . . . . Retail
51 Temp . Work Home
52 Temp . . Home Restaurant Recreation
53 Temp . . . Restaurant Recreation Retail
54 Temp . Work . . Retail
55 Temp . Work . Restaurant Recreation
56 Temp . . Home . Retail
57 Temp . Work Home Restaurant Recreation
58 Temp . Work Home . Retail
59 Temp . Work . Restaurant Recreation Retail
60 Temp . . Home Restaurant Recreation Retail
61 Local Trend Week
62 Temp Week
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Fig B.1. Weekly electricity consumption in Los Angeles from Jan to Dec in 2019 and 2020.
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Fig B.3. Weekly electricity consumption in New York from Jan to Dec in 2019 and 2020.
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Fig B.7. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for Los Angeles.
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Fig B.8. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for Houston.
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Fig B.9. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for New York.
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Fig B.10. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for Chicago.
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Fig B.11. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for Philadelphia.
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Fig B.12. Average intra-day electricity consumption (00:00 to 24:00) on weekdays (a) and

weekends (b) each month in 2019 and 2020 for Kansas City.
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Table B.2. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for Los Angeles

over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 1.40% | 2.08% | 3.36% | 4.06% | 4.65% | 5.11% 3.44%
2 2.16% 1.81% | 2.22% | 2.52% | 2.89% | 2.42% 2.34%
3 357% | 443% | 495% | 6.05% | 7.41% | 6.82% 5.54%
4 4.80% | 6.81% | 8.59% | 11.31% | 14.69% | 16.88% | 10.51%
5 3.42% | 4.74% | 5.82% | 7.76% | 10.20% | 11.72% | 7.28%
6 243% | 245% | 2.23% | 2.92% | 2.54% | 2.87% 2.57%
7 4.53% | 6.05% | 7.63% | 8.48% | 10.33% | 10.76% | 7.96%
8 223% | 2.99% | 3.59% | 3.84% | 4.76% | 4.80% 3.70%
9 1.81% | 2.39% | 3.68% | 4.07% | 532% | 5.46% 3.79%
10 1.95% | 2.67% | 4.09% | 4.67% | 622% | 6.57% 4.36%
11 337% | 4.56% | 5.77% | 6.16% | 7.43% | 7.38% 5.78%
12 2.08% | 2.52% | 4.10% | 4.50% | 5.59% | 6.81% 4.26%
13 1.83% | 2.41% | 3.98% | 4.36% | 5.16% | 6.52% 4.04%
14 1.62% 1.83% | 2.87% | 2.87% | 3.09% | 3.91% 2.70%
15 2.68% | 3.61% | 544% | 570% | 6.23% | 7.14% 5.13%

Models 1-15 2.66% | 3.42% | 4.55% | 5.28% | 6.43% | 7.01% | 4.89%
16 2.04% | 2.38% 1.92% 1.92% | 2.43% | 2.18% 2.14%
17 435% | 4.54% | 3.42% | 3.54% | 3.47% | 2.87% 3.70%
18 1.30% 1.48% | 2.10% 1.77% | 2.42% | 4.17% 2.21%
19 2.13% | 3.30% | 4.73% | 4.63% | 5.15% | 5.00% 4.15%
20 1.87% | 2.87% | 3.83% | 3.75% | 3.75% | 3.98% 3.34%
21 1.32% 1.85% | 2.59% 1.76% | 2.34% | 3.14% 2.17%
22 2.07% 1.87% | 3.17% | 3.74% | 6.00% | 7.10% 3.99%
23 244% | 2.61% | 2.76% | 2.68% | 3.16% | 3.28% 2.82%
24 2.72% | 2.92% | 2.70% | 2.37% 1.98% | 2.35% 2.51%
25 3.00% | 3.07% | 2.86% | 2.46% | 2.25% | 2.34% 2.66%
26 1.95% 1.96% | 3.03% | 3.52% | 5.28% | 6.38% 3.68%
27 243% | 2.34% | 2.12% | 2.22% 1.99% | 2.71% 2.30%
28 226% | 2.12% | 2.10% | 2.14% 1.91% | 2.49% 2.17%
29 223% | 2.19% | 2.12% | 2.28% | 2.28% | 2.42% 2.25%
30 261% | 249% | 2.60% | 3.30% | 3.46% | 4.09% 3.09%

Models 16-30 | 2.31% | 2.53% | 2.80% | 2.80% | 3.19% | 3.63% | 2.88%
31 343% | 6.28% | 8.58% | 9.75% | 10.92% | 11.12% | 8.35%
32 14.13% | 11.02% | 10.54% | 13.33% | 14.46% | 13.89% | 12.90%
33 7.63% | 10.11% | 11.47% | 11.24% | 11.38% | 11.68% | 10.59%
34 4.91% 6.64% 7.36% 6.97% 8.01% 8.42% 7.05%
35 5.11% 7.12% 7.53% 6.80% 8.25% 8.36% 7.19%
36 7.54% 6.36% 6.10% 5.45% 4.95% 4.67% 5.84%
37 5.28% 7.82% | 10.47% | 11.53% | 13.16% | 13.08% | 10.22%
38 4.90% 6.85% 7.26% 6.36% 7.93% 8.08% 6.89%
39 5.23% 7.11% 7.38% 6.50% 8.24% 8.42% 7.15%
40 4.89% 6.54% 7.12% 6.36% 7.79% 8.14% 6.81%
41 3.95% 7.39% | 10.29% | 11.33% | 12.84% | 12.82% 9.77%
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42 3.90% 6.27% 8.22% 9.58% | 10.93% | 11.58% | 8.41%
43 2.84% 5.98% 8.21% 9.56% | 10.74% | 11.42% | 8.13%
44 5.10% 7.10% 7.28% 6.48% 8.08% 8.40% 7.07%
45 4.59% 7.61% | 10.04% | 10.99% | 12.94% | 14.03% | 10.03%
Models 31-45 | 5.56% | 7.35% | 8.52% | 8.82% | 10.04% | 10.27% | 8.43%
46 3.44% 3.94% 5.39% 5.84% 6.47% 6.60% 5.28%
47 11.97% | 8.77% 8.58% | 10.35% | 12.18% | 12.50% | 10.73%
48 7.24% 9.17% | 10.69% | 9.78% | 11.13% | 10.62% | 9.77%
49 3.65% 5.88% 7.54% 6.42% 8.50% 8.57% 6.76%
50 4.89% 6.44% 7.44% 6.45% 8.50% 8.60% 7.05%
51 8.53% 6.54% 5.53% 5.47% 5.38% 5.19% 6.11%
52 3.47% 5.55% 7.64% 8.15% 9.12% 9.47% 7.23%
53 7.57% 8.09% 8.49% 7.55% 9.28% 9.41% 8.40%
54 6.31% 5.65% 5.70% 5.84% 7.71% 7.54% 6.46%
55 539% | 4.75% 5.09% 5.21% 7.14% 6.85% 5.74%
56 2.78% 5.06% 7.26% 8.38% 9.18% 9.54% 7.03%
57 3.72% | 4.17% | 4.57% | 4.61% 4.88% 4.68% 4.44%
58 3.26% 3.68% | 4.68% | 4.78% 5.34% 5.24% 4.50%
59 6.85% 6.11% 6.33% 6.01% 8.01% 7.72% 6.84%
60 2.71% 6.29% 9.11% | 10.63% | 11.93% | 11.84% | 8.75%
Models 46-60 | 5.45% | 6.01% | 6.94% | 7.03% | 8.32% | 8.29% 7.01%
61 2.86% 3.28% 3.80% 3.85% 4.16% 4.26% 3.70%
62 12.55% | 10.17% | 10.45% | 10.47% | 13.59% | 13.15% | 11.73%

Table B.3. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for Houston

over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 2.54% 2.50% 2.70% 2.99% | 2.93% 3.49% 2.86%

2 4.09% 3.25% 3.44% 3.28% | 2.99% 3.71% 3.46%

3 1.59% 2.36% 2.48% 2.94% 3.39% 3.55% 2.72%

4 1.55% 3.40% 3.85% 5.66% 6.78% 5.90% 4.52%

5 2.25% | 4.39% | 4.08% 7.16% 7.30% 8.72% 5.65%

6 2.45% 2.26% 3.59% 3.42% 3.95% 8.32% 4.00%

7 1.60% 5.33% 3.52% 3.17% | 4.61% 4.07% 3.72%

8 2.27% 6.76% 5.44% 5.29% 7.51% 5.16% 5.41%

9 2.44% 3.61% 2.98% 3.04% 3.54% 4.34% 3.33%

10 2.43% 3.00% 2.98% 3.01% 3.48% 4.54% 3.24%

11 1.84% 5.45% 3.51% 3.25% | 4.55% 4.11% 3.78%
12 2.10% 2.90% 3.14% 3.69% | 2.79% 3.05% 2.94%
13 2.08% 2.77% 2.99% 3.56% | 2.76% 3.08% 2.87%
14 2.30% 3.34% 2.81% 3.36% 3.06% 4.07% 3.16%
15 1.69% 2.53% 2.51% 3.01% 3.88% 6.09% 3.29%
Models 1-15 2.21% | 3.59% | 3.33% | 3.79% | 4.23% | 4.81% | 3.66%
16 2.58% 2.66% 2.70% 2.90% | 2.80% 3.00% 2.77%
17 5.46% 501% | 437% | 4.84% | 4.16% 4.50% 4.72%
18 2.29% 2.24% 2.96% 3.91% 3.39% 3.70% 3.08%
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19 3.15% 3.40% 4.25% 4.25% 4.73% 5.06% 4.14%
20 2.56% 3.14% 4.15% 4.14% 4.74% 5.14% 3.98%
21 3.21% 2.99% 3.98% 3.51% 3.15% 3.91% 3.46%
22 1.53% 1.98% 2.54% 2.57% 3.54% 5.56% 2.95%
23 3.88% 5.59% 6.35% 7.68% 8.82% 9.80% 7.02%
24 2.86% 2.80% 3.40% 3.16% 3.62% 4.17% 3.33%
25 3.62% 3.06% 3.90% 3.30% 3.47% 3.98% 3.55%
26 1.74% 2.15% 2.57% 3.09% 3.90% 4.92% 3.06%
27 2.81% 3.00% 3.05% 3.76% 3.57% 4.21% 3.40%
28 2.74% 2.97% 2.99% 3.54% 3.49% 3.93% 3.28%
29 2.20% 2.50% 2.84% 2.89% 3.43% 3.12% 2.83%
30 2.48% 3.99% 4.25% 3.82% 5.32% 5.36% 4.20%
Models 16-30 | 2.87% | 3.17% | 3.62% | 3.82% | 4.14% | 4.69% 3.72%
31 6.23% 5.18% 5.42% 5.72% 6.15% 6.01% 5.78%
32 30.89% | 42.79% | 42.11% | 43.63% | 43.18% | 43.54% | 41.02%
33 10.30% | 11.26% | 14.70% | 17.33% | 17.37% | 16.31% | 14.54%
34 6.23% 8.19% 9.54% 7.97% 8.30% 8.87% 8.19%
35 7.09% 9.71% | 11.29% | 9.78% | 10.03% | 10.69% | 9.76%
36 18.19% | 21.55% | 19.29% | 19.31% | 20.46% | 22.08% | 20.15%
37 2.95% 6.52% 8.04% 9.61% | 10.48% | 10.18% | 7.96%
38 6.91% 9.13% | 10.98% | 9.55% 9.42% | 10.12% | 9.35%
39 11.43% | 16.07% | 16.65% | 15.39% | 13.64% | 13.92% | 14.52%
40 10.45% | 14.63% | 15.31% | 14.12% | 12.70% | 12.96% | 13.36%
41 3.54% 7.15% 9.64% | 11.30% | 12.32% | 11.83% | 9.30%
42 7.56% 6.04% 5.72% 5.20% 6.00% 5.81% 6.05%
43 6.05% 5.08% 5.33% 5.70% 6.54% 6.33% 5.84%
44 10.47% | 14.65% | 16.23% | 14.97% | 13.00% | 12.88% | 13.70%
45 3.03% 6.80% 8.73% | 10.21% | 11.68% | 11.84% | 8.71%
Models 31-45 9.42% | 12.32% | 13.26% | 13.32% | 13.42% | 13.56% | 12.55%
46 7.13% 5.83% 5.87% 6.01% 6.68% 6.40% 6.32%
47 2531% | 37.22% | 37.10% | 34.96% | 33.81% | 33.25% | 33.61%
48 20.79% | 1435% | 14.31% | 15.09% | 17.95% | 18.23% | 16.79%
49 16.15% | 18.02% | 21.63% | 19.23% | 17.67% | 18.23% | 18.49%
50 12.56% | 15.28% | 18.28% | 15.85% | 14.91% | 15.62% | 15.42%
51 16.75% | 17.17% | 13.88% | 13.49% | 14.29% | 15.04% | 15.10%
52 9.06% 9.38% | 10.29% | 10.64% | 11.37% | 11.83% | 10.43%
53 10.20% | 12.74% | 15.03% | 12.62% | 12.29% | 13.15% | 12.67%
54 14.63% | 18.29% | 19.14% | 16.36% | 15.29% | 14.50% | 16.37%
55 16.36% | 20.38% | 20.82% | 18.70% | 17.52% | 16.76% | 18.42%
56 6.59% 9.00% | 10.75% | 12.15% | 12.83% | 13.08% | 10.73%
57 9.90% 8.06% 7.11% 6.07% 6.70% 6.75% 7.43%
58 7.26% 5.92% 5.94% 6.03% 7.01% 6.38% 6.42%
59 13.97% | 17.83% | 18.47% | 16.40% | 1530% | 15.23% | 16.20%
60 4.36% 9.06% | 12.63% | 14.99% | 16.63% | 15.84% | 12.25%
Models 46-60 | 12.73% | 14.57% | 15.42% | 14.57% | 14.68% | 14.69% | 14.44%
61 2.80% 2.97% 3.73% 3.77% 3.75% 4.09% 3.52%
62 831% | 18.45% | 23.62% | 19.98% | 21.54% | 22.33% | 19.04%
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Table B.4. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for Boston over

a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 296% | 3.17% | 5.82% | 637% | 526% | 5.12% 4.78%
2 2.72% | 3.37% | 5.66% | 6.05% | 6.96% | 6.30% 5.17%
3 3.16% | 3.95% | 5.07% | 4.84% | 4.62% | 4.55% 4.37%
4 437% | 433% | 6.62% | 8.69% | 9.35% | 9.47% 7.14%
5 438% | 434% | 6.68% | 821% | 9.02% | 9.22% 6.97%
6 3.83% | 4.55% | 5.56% | 534% | 520% | 5.73% 5.04%
7 2.73% | 3.30% | 5.55% | 5.06% | 4.50% | 4.42% 4.26%
8 4.93% | 7.40% | 8.69% | 12.73% | 11.06% | 10.46% | 9.22%
9 3.99% | 6.50% | 6.75% | 9.59% | 7.27% | 7.39% 6.92%
10 3.86% | 6.17% | 6.51% | 9.34% | 6.94% | 7.04% 6.64%
11 2.62% | 3.49% | 593% | 5.69% | 5.18% | 5.10% 4.67%
12 2.86% | 4.12% | 5.64% | 4.50% | 4.79% | 4.92% 4.47%
13 261% | 3.93% | 5.61% | 457% | 4.78% | 5.05% 4.43%
14 267% | 3.48% | 536% | 4.42% | 441% | 4.61% 4.16%
15 322% | 3.64% | 6.35% | 5.84% | 5.90% | 6.70% 5.27%

Models 1-15 3.40% | 4.38% | 6.12% | 6.75% | 6.35% | 6.41% | 5.57%
16 581% | 7.99% | 7.22% | 7.47% | 857% | 9.25% 7.72%
17 6.52% | 832% | 7.34% | 7.92% | 7.58% | 7.92% 7.60%
18 3.46% | 527% | 5.50% | 599% | 4.85% | 5.81% 5.14%
19 299% | 4.51% | 529% | 5.61% | 4.90% | 6.35% 4.94%
20 326% | 4.79% | 5.40% | 5.71% | 4.79% | 5.77% 4.95%
21 6.29% | 8.98% | 8.84% | 8.53% | 11.13% | 11.60% | 9.23%
22 2.68% | 4.68% | 5.48% | 538% | 4.82% | 4.75% 4.63%
23 252% | 3.96% | 5.82% | 5.49% | 4.56% | 4.67% 4.50%
24 398% | 5.44% | 6.79% | 6.02% | 5.55% | 5.82% 5.60%
25 432% | 5.75% | 6.94% | 6.24% | 5.82% | 6.19% 5.88%
26 2.75% | 4.40% | 534% | 524% | 4.54% | 4.49% 4.46%
27 423% | 429% | 6.49% | 530% | 6.58% | 6.10% 5.50%
28 3.94% | 3.98% | 6.57% | 5.44% | 6.16% | 5.65% 5.29%
29 435% | 4.54% | 5.76% | 591% | 5.87% | 5.83% 5.38%
30 3.14% | 5.22% | 5.58% | 6.13% | 5.51% | 5.32% 5.15%

Models 16-30 | 4.02% | 5.47% | 6.29% | 6.16% | 6.08% | 6.37% | 5.73%
31 217% | 4.05% | 7.27% | 9.22% | 8.72% 8.08% 6.59%
32 53.38% | 66.51% | 59.48% | 58.75% | 62.04% | 63.38% | 60.59%
33 7.98% 13.93% | 21.16% | 25.53% | 24.64% | 23.38% | 19.44%
34 12.87% | 20.27% | 18.49% | 19.15% | 19.81% | 18.96% | 18.26%
35 11.51% | 17.11% | 14.90% | 15.30% | 15.42% | 14.38% | 14.77%
36 7.11% 4.80% 10.93% | 13.26% | 13.42% | 12.12% | 10.27%
37 1.42% 3.36% 6.28% 8.11% 7.60% 6.91% 5.61%
38 11.16% | 15.73% | 13.43% | 13.99% | 13.63% | 12.73% | 13.45%
39 12.06% | 18.12% | 15.86% | 16.80% | 16.49% | 15.72% | 15.84%
40 13.13% | 20.69% | 19.00% | 20.15% | 20.46% | 19.71% | 18.86%
41 1.45% 4.17% 7.711% 10.00% | 9.55% 8.99% 6.98%
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42 2.12% 3.42% 5.69% 7.13% 6.59% 5.96% 5.15%
43 2.03% 3.61% 6.49% 8.47% 8.02% 7.47% 6.02%
44 13.26% | 17.29% | 14.89% | 15.05% | 14.65% | 13.41% | 14.76%
45 1.59% 4.17% 7.61% | 10.00% | 9.46% 9.40% 7.04%
Models 31-45 | 10.22% | 14.48% | 15.28% | 16.73% | 16.70% | 16.04% | 14.91%
46 5.57% 5.16% 6.47% 7.36% 7.10% 6.12% 6.29%
47 50.20% | 61.61% | 60.67% | 59.07% | 61.45% | 65.94% | 59.83%
48 15.13% | 18.44% | 23.57% | 26.44% | 27.50% | 25.54% | 22.77%
49 17.71% | 23.43% | 21.57% | 22.14% | 23.02% | 22.18% | 21.68%
50 16.22% | 19.93% | 18.02% | 18.08% | 18.37% | 17.33% | 17.99%
51 7.21% 5.85% | 10.42% | 11.79% | 12.53% | 11.93% | 9.95%
52 3.74% 4.34% 5.17% 6.47% 6.13% 5.73% 5.26%
53 16.02% | 18.19% | 15.67% | 15.76% | 15.70% | 14.71% | 16.01%
54 16.87% | 20.32% | 17.81% | 18.08% | 18.73% | 17.30% | 18.19%
55 17.38% | 22.60% | 20.33% | 21.37% | 21.99% | 20.76% | 20.74%
56 3.89% 4.56% 6.33% 8.22% 8.02% 7.87% 6.48%
57 5.56% 5.58% 6.22% 6.39% 6.41% 5.49% 5.94%
58 5.35% 4.96% 6.57% 7.34% 7.23% 6.16% 6.27%
59 17.58% | 19.45% | 16.64% | 16.49% | 16.31% | 15.68% | 17.02%
60 3.71% 4.50% 5.10% 5.98% 5.82% 5.29% 5.06%
Models 46-60 | 13.48% | 15.93% | 16.04% | 16.73% | 17.09% | 16.53% | 15.97%
61 4.66% 5.83% 6.12% 5.93% 5.26% 4.68% 5.41%
62 43.96% | 81.70% | 98.76% | 84.71% | 75.72% | 72.80% | 76.28%

Table B.5. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for New York

over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 1.19% 1.63% 3.64% | 4.13% | 4.04% 3.51% 3.02%

2 1.56% 2.07% 3.61% 3.58% 3.93% 2.68% 2.91%

3 2.88% 2.97% 3.46% 3.46% 3.55% 3.62% 3.32%

4 6.09% 6.07% 7.50% | 10.77% | 11.63% | 12.23% | 9.05%

5 5.99% 6.09% 7.42% | 10.83% | 11.63% | 11.83% | 8.96%

6 2.48% 3.62% 3.80% | 4.10% 5.20% 6.53% 4.29%

7 4.08% 3.61% 5.30% 5.54% 5.30% 5.35% 4.86%

8 6.58% 8.27% 9.45% | 10.30% | 12.84% | 10.28% | 9.62%

9 3.57% 3.92% 5.73% 6.84% 6.91% 6.11% 5.51%
10 3.26% 3.66% 6.00% 6.79% 8.78% 7.04% 5.92%
11 3.99% 3.64% 5.30% 5.49% 5.29% 5.23% 4.82%
12 1.96% 1.78% | 4.04% | 4.21% | 4.64% 5.82% 3.74%

13 2.00% 1.65% | 4.07% | 4.30% 5.03% 6.05% 3.85%
14 2.63% 1.73% 3.96% | 4.23% | 4.25% 5.55% 3.73%
15 4.28% | 4.38% 6.24% 6.11% 6.02% 6.31% 5.56%
Models 1-15 3.50% | 3.67% | 5.30% | 6.05% | 6.60% | 6.54% 5.28%
16 2.51% 3.83% 3.91% 3.89% 5.08% 6.08% 4.22%
17 4.69% 6.09% 5.17% 5.12% 5.33% 6.06% 5.41%
18 1.19% | 4.14% | 4.08% | 4.69% | 4.45% 4.54% 3.85%
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19 3.11% 4.43% 5.31% 4.81% 4.30% 3.86% 4.30%
20 3.29% 4.56% 5.31% 4.67% 4.29% 3.83% 4.33%
21 4.79% 7.83% 9.00% 832% | 12.54% | 14.53% | 9.50%
22 1.55% 4.63% 4.72% 6.17% 6.56% 7.39% 5.17%
23 5.98% 6.32% 6.73% 8.08% 7.82% 7.22% 7.03%
24 2.12% 3.30% 4.88% 3.60% 4.00% 3.61% 3.59%
25 2.47% 3.57% 5.04% 3.73% 4.12% 3.65% 3.76%
26 1.75% 4.62% 4.68% 6.08% 6.57% 7.65% 5.22%
27 4.25% 5.59% 5.87% 5.89% 5.49% 6.58% 5.61%
28 2.55% 3.03% 5.18% 5.14% 4.52% 4.66% 4.18%
29 1.08% 2.03% 3.26% 3.61% 3.89% 3.17% 2.84%
30 2.27% 4.10% 4.12% 4.91% 5.24% 6.43% 4.51%
Models 16-30 | 2.90% | 4.54% | 5.15% | 5.25% | 5.61% | 5.95% 4.90%
31 3.27% 4.72% 7.04% 8.86% 8.26% 7.63% 6.63%
32 56.72% | 67.52% | 61.79% | 56.03% | 58.18% | 61.54% | 60.30%
33 13.03% | 18.72% | 23.35% | 26.73% | 25.60% | 24.33% | 21.96%
34 8.52% 7.68% 7.27% 7.22% 7.44% 7.48% 7.60%
35 8.49% 7.35% 7.17% 7.28% 7.37% 7.38% 7.51%
36 5.52% 4.80% 8.50% | 10.95% | 11.69% | 10.45% | 8.65%
37 8.04% 9.00% | 11.18% | 12.68% | 12.71% | 12.47% | 11.01%
38 8.54% 7.12% 7.07% 7.17% 7.28% 7.27% 7.41%
39 9.00% 7.37% 7.20% 7.21% 7.34% 7.40% 7.58%
40 8.97% 7.49% 7.06% 7.03% 7.30% 7.56% 7.57%
41 8.57% 9.95% | 12.08% | 13.69% | 13.70% | 13.34% | 11.89%
42 3.21% 4.08% 6.34% 8.12% 7.69% 7.40% 6.14%
43 3.41% 4.57% 6.79% 8.73% 8.31% 7.90% 6.62%
44 9.32% 7.36% 7.19% 7.27% 7.18% 7.21% 7.59%
45 8.62% 9.90% | 11.64% | 13.27% | 13.33% | 13.54% | 11.72%
Models 31-45 | 10.88% | 11.84% | 12.78% | 13.48% | 13.56% | 13.53% | 12.68%
46 2.52% 3.54% 5.44% 7.27% 6.81% 6.02% 5.27%
47 46.31% | 45.79% | 46.95% | 42.64% | 44.09% | 47.55% | 45.56%
48 17.76% | 21.47% | 23.89% | 25.72% | 26.44% | 24.95% | 23.37%
49 8.67% 9.34% 9.23% 8.86% 8.65% 8.42% 8.86%
50 9.06% 9.10% 9.02% 8.77% 8.53% 8.28% 8.79%
51 4.08% 4.92% 8.43% | 10.99% | 11.71% | 10.80% | 8.49%
52 5.46% 5.48% 7.12% 8.74% 8.81% 9.03% 7.44%
53 9.51% 8.86% 8.69% 8.79% 8.52% 8.17% 8.76%
54 9.24% 9.31% 9.11% 8.86% 8.72% 8.31% 8.92%
55 8.89% 9.58% 9.33% 8.94% 8.84% 8.46% 9.01%
56 6.08% 6.57% 8.36% | 10.00% | 10.05% | 10.11% | 8.53%
57 3.35% 4.34% 5.32% 6.37% 5.83% 4.92% 5.02%
58 2.84% 3.88% 5.34% 6.71% 6.23% 5.20% 5.03%
59 9.93% 9.01% 8.82% 8.82% 8.59% 8.37% 8.92%
60 857% | 10.22% | 11.44% | 13.25% | 13.41% | 12.71% | 11.60%
Models 46-60 | 10.15% | 10.76% | 11.77% | 12.31% | 12.35% | 12.09% | 11.57%
61 4.49% 5.29% 5.17% 5.04% 4.71% 4.37% 4.84%
62 44.57% | 72.06% | 92.19% | 74.27% | 70.83% | 61.80% | 69.29%
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Table B.6. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for Chicago

over a 7- to 42-day time window.

Models 7-day 14-day 21-day 28-day 35-day 42-day | Average
1 3.97% 6.51% 1038% | 12.21% | 13.20% | 14.55% | 10.14%
2 3.71% 3.66% 4.78% 4.34% 4.09% 3.13% 3.95%
3 5.61% 6.49% 6.62% 7.07% 9.54% 13.52% 8.14%
4 5.90% 8.02% 11.38% | 14.88% | 16.05% | 1831% | 12.42%
5 6.71% 9.07% 11.39% | 15.99% | 14.36% | 15.19% | 12.12%
6 4.29% 3.52% 4.04% 3.73% 4.51% 5.04% 4.19%
7 5.12% 7.62% 10.74% | 12.07% | 13.80% | 14.54% | 10.65%
8 6.43% 10.42% | 14.88% | 17.05% | 21.21% | 23.56% | 15.59%
9 5.48% 8.39% 10.88% | 10.09% | 10.03% 9.71% 9.10%
10 5.33% 8.77% 13.28% | 16.46% | 21.64% | 23.76% | 14.87%
11 5.02% 7.49% 10.59% | 11.71% | 13.17% | 13.57% | 10.26%
12 3.79% 4.54% 6.48% 6.72% 5.63% 7.41% 5.76%
13 3.60% 3.90% 6.08% 6.04% 5.83% 6.76% 5.37%
14 3.32% 3.90% 5.99% 5.35% 4.81% 6.47% 4.97%
15 4.49% 6.07% 8.44% 8.45% 7.67% 9.08% 7.37%

Models 1-15 4.85% 6.56% 9.06% | 10.14% | 11.04% | 12.31% | 8.99%
16 4.84% 5.24% 5.10% 4.85% 5.11% 4.49% 4.94%
17 7.03% 7.03% 5.42% 6.04% 7.02% 7.63% 6.69%
18 3.20% 3.04% 2.96% 4.25% 4.02% 3.84% 3.55%
19 3.03% 3.48% 4.21% 4.80% 4.98% 4.81% 4.22%
20 2.84% 3.38% 4.43% 4.96% 5.03% 4.80% 4.24%
21 7.78% 9.39% 8.64% 10.62% | 12.46% | 13.66% | 10.42%
22 3.03% 3.84% 3.43% 5.30% 5.25% 5.99% 4.47%
23 2.59% 4.13% 6.18% 7.41% 7.50% 6.62% 5.74%
24 3.88% 3.87% 4.98% 4.18% 4.13% 4.46% 4.25%
25 4.94% 4.64% 4.80% 4.32% 4.09% 4.82% 4.60%
26 2.75% 3.69% 3.56% 5.34% 5.35% 5.36% 4.34%
27 5.87% 6.02% 5.66% 6.30% 5.62% 6.34% 5.97%
28 5.55% 5.39% 5.39% 5.67% 5.26% 5.98% 5.54%
29 4.12% 3.81% 4.76% 4.34% 4.70% 4.83% 4.43%
30 1.37% 1.94% 2.61% 3.63% 3.86% 3.69% 2.85%

Models 16-30 4.19% 4.59% 4.81% 5.47% 5.63% 5.82% 5.08%
31 2.94% 5.35% 8.79% 10.59% 10.49% 9.74% 7.98%
32 52.88% 63.71% | 60.24% | 62.18% 64.75% | 66.78% | 61.76%
33 10.65% 16.65% | 21.74% | 25.47% | 23.82% | 21.81% | 20.02%
34 7.16% 7.87% 9.21% 9.26% 9.10% 9.67% 8.71%
35 7.80% 8.58% 10.78% 10.71% 10.17% 10.97% 9.83%
36 3.17% 5.79% 9.39% 11.97% 12.41% 11.05% 8.96%
37 6.04% 9.67% 13.11% 15.22% 15.50% 14.68% 12.37%
38 7.63% 8.42% 10.42% 9.96% 9.84% 10.47% 9.46%
39 9.56% 9.64% 10.71% 9.95% 8.84% 9.00% 9.62%
40 8.13% 8.47% 9.40% 8.86% 8.51% 8.70% 8.68%
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41 6.43% 10.59% | 14.59% | 16.81% | 16.90% | 16.06% | 13.56%
42 3.00% 5.54% 8.37% 10.66% | 10.48% | 10.13% 8.03%
43 2.97% 5.53% 8.76% 11.06% | 10.74% | 10.31% 8.23%
44 9.25% 9.18% 10.30% 9.72% 8.73% 8.98% 9.36%
45 6.19% 9.90% 13.00% | 15.46% | 15.60% | 15.54% | 12.62%
Models 31-45 9.59% 12.33% | 14.59% | 15.86% | 15.72% | 15.59% | 13.95%
46 2.65% 3.62% 6.15% 7.92% 8.12% 7.62% 6.01%
47 61.77% | 73.51% | 71.39% | 73.00% | 74.06% | 75.50% | 71.54%
48 15.44% | 20.20% | 21.53% | 24.52% | 24.97% | 23.90% | 21.76%
49 10.07% 9.54% 9.69% 9.37% 10.07% | 10.89% 9.94%
50 10.45% 9.99% 10.59% | 10.39% | 11.02% | 12.01% | 10.74%
51 4.40% 6.82% 9.64% 12.15% | 12.77% | 11.41% 9.53%
52 5.10% 7.14% 9.55% 11.93% | 12.42% | 11.93% 9.68%
53 10.89% | 10.22% | 11.08% | 11.06% | 11.47% 12.11% | 11.14%
54 14.78% | 13.58% | 12.65% | 11.77% | 10.82% | 10.45% | 12.34%
55 14.17% | 13.48% | 12.13% | 11.19% | 10.44% | 10.16% | 11.93%
56 5.90% 8.45% 11.66% | 14.33% | 14.74% | 13.95% | 11.51%
57 2.60% 3.44% 5.52% 7.00% 7.19% 6.45% 5.37%
58 2.74% 3.63% 6.32% 7.86% 8.11% 7.20% 5.98%
59 1543% | 13.89% | 13.37% | 12.29% | 11.34% 11.06% | 12.90%
60 6.14% 9.07% 12.62% | 14.66% | 1595% | 14.42% | 12.14%
Models 46-60 | 12.17% | 13.77% | 14.93% | 15.96% | 16.23% | 15.94% | 14.83%
61 4.50% 4.33% 5.31% 5.28% 5.26% 5.22% 4.98%
62 144.88% | 135.60% | 110.41% | 112.72% | 122.51% | 115.74% | 123.64%

Table B.7. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for Philadelphia

over a 7- to 42-day time window.

Models 7-day 14-day 21-day 28-day | 35-day | 42-day | Average
1 3.15% 5.17% 7.45% 7.32% 6.89% 6.42% 6.07%

2 5.05% 6.00% 8.01% | 10.21% | 10.26% | 9.10% 8.11%

3 3.61% 5.40% 6.73% 5.94% 5.89% 5.68% 5.54%

4 7.25% 7.37% 9.47% | 10.74% | 11.37% | 11.27% | 9.58%

5 7.07% 8.38% 10.16% | 13.85% | 11.02% | 10.08% | 10.09%

6 2.91% 5.11% 6.67% 5.73% 5.80% 6.24% 5.41%

7 5.25% 6.65% 8.58% 8.96% 8.29% 7.54% 7.54%

8 6.58% 9.79% 10.90% | 15.14% | 10.32% | 9.76% | 10.41%

9 5.69% 9.23% 8.95% 11.62% | 6.99% 7.35% 8.30%

10 5.76% 9.17% 8.92% 11.77% | 7.07% 7.57% 8.38%
11 5.02% 6.57% 8.56% 9.03% 8.32% 7.56% 7.51%
12 3.92% 4.93% 7.47% 7.06% 7.25% 7.51% 6.36%
13 3.94% 4.94% 7.54% 7.31% 7.45% 7.68% 6.48%
14 3.49% 4.70% 7.22% 6.86% 6.85% 7.35% 6.08%
15 6.17% 6.31% 8.85% 9.72% 9.56% 9.01% 8.27%
Models 1-15 4.99% | 6.65% 8.37% 9.42% | 822% | 8.01% | 7.61%
16 2.87% 6.03% 6.70% 6.24% 7.03% 7.74% 6.10%
17 2.82% 5.73% 6.68% 6.10% 5.57% 6.01% 5.48%
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18 3.93% 6.75% 7.50% 6.98% 5.68% 5.55% 6.07%
19 4.63% 7.38% 8.26% 7.27% 6.63% 6.20% 6.73%
20 4.66% 7.41% 8.28% 7.30% 6.63% 6.29% 6.76%
21 2.41% 6.28% 7.27% 6.41% 7.32% 7.59% 6.21%
22 4.39% 6.62% 7.42% 6.68% 5.84% 5.31% 6.04%
23 6.44% 8.96% 10.15% | 12.11% | 8.84% 7.07% 8.93%
24 2.75% 5.17% 7.10% 6.47% 6.75% 5.57% 5.63%
25 2.58% 5.12% 7.08% 6.41% 6.69% 5.52% 5.57%
26 4.68% 6.81% 7.62% 6.88% 6.04% 5.36% 6.23%
27 2.70% 5.69% 6.83% 6.41% 6.32% 7.05% 5.83%
28 2.70% 5.57% 6.83% 6.25% 6.12% 6.72% 5.70%
29 3.61% 7.29% 9.91% 14.90% | 10.34% | 9.15% 9.20%
30 4.30% 7.05% 7.24% 6.82% 6.22% 6.21% 6.31%
Models 16-30 | 3.70% | 6.53% 7.66% 7.55% | 6.80% | 6.49% 6.45%
31 5.48% 7.89% 9.85% 11.62% | 10.81% | 9.36% 9.17%
32 52.02% | 59.03% | 53.58% | 50.19% | 51.96% | 53.70% | 53.42%
33 10.40% | 17.53% | 22.57% | 26.49% | 25.10% | 22.54% | 20.77%
34 6.36% | 10.01% | 11.68% | 11.69% | 11.58% | 10.89% | 10.37%
35 5.61% 9.33% 10.98% | 10.61% | 10.04% | 9.49% 9.34%
36 4.27% 6.73% 11.23% | 14.19% | 14.77% | 13.03% | 10.70%
37 9.67% | 11.83% | 13.42% | 14.99% | 14.07% | 12.63% | 12.77%
38 4.97% 9.42% 10.97% | 11.07% | 10.47% | 9.95% 9.48%
39 5.03% 9.84% 11.50% | 11.49% | 10.96% | 10.50% | 9.89%
40 5.63% | 10.85% | 12.25% | 12.98% | 12.91% | 12.68% | 11.22%
41 8.89% | 11.90% | 14.01% | 16.07% | 15.13% | 13.41% | 13.23%
42 6.22% 8.11% 9.57% 11.19% | 10.76% | 9.50% 9.22%
43 5.14% 7.83% 9.86% 12.22% | 11.60% | 10.34% | 9.50%
44 5.25% 9.75% 11.66% | 11.52% | 11.03% | 10.35% | 9.93%
45 9.39% | 11.85% | 13.19% | 15.22% | 14.21% | 13.06% | 12.82%
Models 31-45 | 9.62% | 13.46% | 15.09% | 16.10% | 15.69% | 14.76% | 14.12%
46 2.31% 4.12% 6.10% 8.05% 7.93% 7.03% 5.92%
47 44.50% | 48.23% | 48.81% | 4521% | 47.71% | 51.57% | 47.67%
48 15.34% | 19.06% | 22.63% | 25.49% | 25.53% | 22.99% | 21.84%
49 8.56% | 12.69% | 13.74% | 13.84% | 14.22% | 13.98% | 12.84%
50 9.02% | 11.42% | 12.40% | 11.68% | 11.51% | 11.12% | 11.19%
51 1.90% 4.83% 9.86% 13.02% | 13.91% | 12.71% | 9.37%
52 7.07% 8.81% 10.64% | 12.18% | 11.79% | 10.94% | 10.24%
53 9.49% | 11.67% | 12.14% | 11.60% | 11.59% | 11.10% | 11.27%
54 10.38% | 12.91% | 13.71% | 12.84% | 12.73% | 12.52% | 12.52%
55 10.04% | 14.28% | 14.88% | 14.81% | 15.52% | 15.59% | 14.19%
56 7.19% 9.55% 11.80% | 13.90% | 13.63% | 12.78% | 11.47%
57 2.20% 3.72% 5.93% 7.43% 7.45% 6.26% 5.50%
58 2.32% 4.44% 7.03% 9.01% 9.03% 7.48% 6.55%
59 10.45% | 13.37% | 13.46% | 12.99% | 12.89% | 12.98% | 12.69%
60 7.03% 9.67% 11.53% | 13.67% | 13.52% | 11.98% | 11.23%
Models 46-60 | 9.85% | 12.59% | 14.31% | 15.05% | 15.26% | 14.73% | 13.63%
61 4.60% 7.21% 7.69% 7.31% 6.60% 5.76% 6.53%
62 63.80% | 105.07% | 116.98% | 97.40% | 89.13% | 79.84% | 92.04%

142




Table B.8. Forecasting accuracy (MAPE) of pre-COVID trained models 1-62 for Kansas City

over a 7- to 42-day time window.

Models 7-day 14-day 21-day 28-day 35-day 42-day | Average
1 3.25% 7.61% 12.84% | 1593% | 15.62% | 17.36% | 12.10%
2 3.82% 7.04% 10.08% | 10.93% | 11.00% 9.42% 8.71%
3 4.97% 7.89% 10.88% | 13.16% | 13.27% | 13.13% | 10.55%
4 5.83% | 10.14% | 14.49% | 18.73% | 19.29% | 19.03% | 14.59%
5 5.84% | 10.40% | 14.77% | 19.14% | 19.83% | 19.70% | 14.95%
6 3.94% 6.97% 8.88% 7.01% 9.46% 11.78% 8.01%
7 4.65% 9.31% 13.81% | 15.44% | 1623% | 17.01% | 12.74%
8 5.16% 9.92% 14.45% | 16.06% | 1420% | 15.82% | 12.60%
9 3.68% 8.62% 1322% | 1543% | 1591% | 13.29% | 11.69%
10 3.55% 7.08% 10.50% | 12.09% | 11.50% | 11.06% 9.30%
11 4.63% 9.42% 14.03% | 16.20% | 16.69% | 18.00% | 13.16%
12 3.50% 6.63% 10.10% | 11.23% | 1091% | 11.05% 8.90%
13 3.22% 6.50% 10.20% | 11.53% | 11.27% | 11.62% 9.06%
14 3.51% 7.25% 10.14% | 10.33% | 10.22% | 10.36% 8.64%
15 4.32% 7.54% 1091% | 11.61% | 11.69% | 12.33% 9.73%

Models 1-15 4.26% | 8.15% | 11.95% | 13.65% | 13.81% | 14.06% | 10.98%
16 3.86% 7.50% 10.64% | 11.73% | 11.31% | 10.74% 9.30%
17 6.61% 9.12% 10.11% 9.54% 9.82% 8.13% 8.89%
18 5.97% 8.40% 9.13% 9.61% 9.39% 8.51% 8.50%
19 6.70% 9.32% 11.33% | 1236% | 1227% | 11.23% | 10.54%
20 6.41% 9.28% 11.37% | 12.58% | 12.52% | 11.55% | 10.62%
21 6.47% 9.84% 10.80% 8.66% 9.96% 9.52% 9.21%
22 4.10% 8.95% 12.17% | 14.65% | 12.96% | 13.82% | 11.11%
23 5.60% 8.77% 11.98% | 15.53% | 1597% | 15.02% | 12.15%
24 4.10% 7.55% 10.60% | 11.36% | 11.61% | 10.22% 9.24%
25 4.92% 8.14% 10.44% | 11.51% | 10.61% 9.40% 9.17%
26 4.24% 9.82% 13.74% | 16.82% | 1521% | 16.92% | 12.79%
27 2.92% 8.25% 15.72% | 18.52% | 14.98% | 1525% | 12.61%
28 2.74% 8.34% 15.78% | 18.87% | 1528% | 15.67% | 12.78%
29 3.47% 7.04% 10.60% | 10.45% | 10.88% 8.28% 8.45%
30 3.95% 9.73% 13.52% | 17.89% | 17.06% | 18.62% | 13.46%

Models 16-30 | 4.80% | 8.67% | 11.86% | 13.34% | 12.66% | 12.19% | 10.59%
31 5.25% 8.49% 11.19% 13.63% 13.25% 11.73% 10.59%
32 40.71% | 60.17% 52.77% 50.61% 54.81% 57.23% 52.72%
33 13.40% | 21.56% | 22.80% | 25.44% 23.94% | 21.41% 21.42%
34 7.55% 18.11% 20.88% | 21.08% 18.63% 18.03% 17.38%
35 7.80% 18.45% | 22.01% | 22.88% 20.63% | 20.44% 18.70%
36 4.27% 8.26% 9.41% 10.86% 12.36% 12.18% 9.55%
37 11.63% | 17.00% 19.89% | 22.32% 21.14% 19.13% 18.52%
38 8.18% 18.61% | 22.10% | 22.14% 20.22% 19.66% 18.49%
39 6.30% 16.16% 18.12% 16.28% 15.04% 13.30% 14.20%
40 6.06% 14.90% 17.30% 15.54% 14.16% 12.21% 13.36%
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41 11.98% | 17.05% | 20.53% | 23.09% | 21.89% | 20.10% | 19.11%
42 6.07% 10.30% | 12.82% | 15.53% | 14.80% | 13.48% | 12.17%
43 5.09% 8.46% 10.97% | 13.98% | 13.65% | 12.35% | 10.75%
44 5.77% 15.57% | 17.99% | 16.60% | 15.24% | 13.86% | 14.17%
45 11.90% | 17.38% | 19.95% | 22.83% | 21.54% | 20.98% | 19.10%
Models 31-45 | 10.13% | 18.03% | 19.91% | 20.85% | 20.09% | 19.07% | 18.01%
46 2.64% 5.07% 8.56% 10.92% | 11.34% | 10.52% 8.18%
47 42.79% | 66.89% | 62.00% | 60.09% | 58.70% | 61.12% | 58.60%
48 14.98% | 24.02% | 22.66% | 23.93% | 24.76% | 23.22% | 22.26%
49 13.97% | 17.86% | 20.56% | 19.89% | 20.73% | 20.43% | 18.91%
50 12.52% | 17.84% | 21.16% | 21.11% | 21.78% | 21.87% | 19.38%
51 5.42% 4.98% 7.48% 9.67% 11.61% 11.88% 8.51%
52 9.86% 15.00% | 1637% | 18.49% | 17.90% | 17.36% | 15.83%
53 12.51% | 17.60% | 20.59% | 20.61% | 21.59% | 21.64% | 19.09%
54 12.24% | 19.78% | 20.18% | 17.64% | 17.26% | 1581% | 17.15%
55 13.03% | 19.68% | 20.07% | 16.71% | 16.69% | 15.58% | 16.96%
56 9.70% 14.24% | 16.26% | 19.27% | 19.20% | 18.04% | 16.12%
57 2.70% 5.14% 8.54% 10.93% | 11.58% 9.84% 8.12%
58 2.67% 4.91% 8.39% 10.90% | 11.82% | 10.08% 8.13%
59 12.18% | 20.49% | 20.63% | 18.01% | 17.68% | 1634% | 17.56%
60 9.84% 1427% | 16.79% | 19.14% | 20.08% | 18.10% | 16.37%
Models 46-60 | 11.80% | 17.85% | 19.35% | 19.82% | 20.18% | 19.46% | 18.08%
61 5.27% 6.83% 9.55% 9.90% 10.46% | 10.23% 8.71%
62 70.70% | 122.37% | 157.27% | 143.49% | 146.32% | 138.44% | 129.77%

Table B.9. Forecasting accuracy (MAPE) of post-COVID trained models 1-60 for Los

Angeles over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 1.74% 1.28% 1.70% | 3.82% | 3.16% | 4.46% 2.69%

2 3.07% | 3.12% | 3.05% | 3.21% | 2.89% | 3.65% 3.17%

3 2.68% 1.94% | 2.50% | 2.39% | 2.98% | 3.64% 2.69%

4 2.82% | 3.12% | 2.85% | 3.39% | 3.99% | 3.40% 3.26%

5 2.87% | 3.18% | 3.02% | 3.19% | 4.07% | 3.53% 3.31%

6 2.16% | 2.10% | 3.26% | 3.73% | 2.43% | 3.24% 2.82%

7 3.04% | 3.00% | 2.60% | 2.92% | 2.70% | 2.73% 2.83%

8 2.99% | 3.14% | 3.19% | 3.48% | 3.61% | 3.04% 3.24%

9 3.65% | 3.57% | 331% | 3.62% | 4.34% | 4.09% 3.77%
10 3.62% | 3.73% | 2.38% | 3.12% | 4.43% | 3.73% 3.50%
11 2.75% | 2.63% 1.36% 1.97% | 2.37% | 2.73% 2.30%
12 2.52% 1.99% | 2.72% | 2.49% | 2.62% | 3.10% 2.57%
13 2.39% 1.79% | 3.18% | 3.82% | 2.39% | 2.88% 2.74%
14 2.57% | 2.03% | 420% | 3.93% | 2.76% | 2.63% 3.02%
15 2.07% 1.64% 1.55% | 2.65% | 2.41% | 3.62% 2.32%
Models 1-15 2.73% | 2.55% | 2.72% | 3.18% | 3.14% | 3.37% | 2.95%
16 2.22% 1.25% 1.25% | 2.24% | 2.04% | 2.61% 1.93%
17 3.00% | 231% | 2.71% | 2.12% | 2.53% | 3.61% 2.71%
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18 3.51% 3.13% 3.13% 3.17% | 3.42% 3.79% 3.36%
19 3.56% 2.94% 3.14% 3.19% | 3.47% | 4.19% 3.42%
20 3.28% 2.75% 3.42% 3.63% | 291% 3.66% 3.28%
21 2.46% 1.87% 3.27% 391% | 441% | 4.64% 3.43%
22 3.42% 2.93% 3.31% 3.59% | 3.50% | 4.01% 3.46%
23 2.83% 2.35% 2.11% 248% | 2.83% 3.31% 2.65%
24 2.45% 2.22% 3.02% 232% | 3.74% 3.78% 2.92%
25 2.72% 2.22% | 2.33% 2.29% | 3.58% 3.33% 2.74%
26 3.24% 2.50% 1.48% 227% | 3.02% 3.59% 2.68%
27 3.01% 2.97% 3.77% 348% | 428% | 4.75% 3.71%
28 2.76% 2.64% 3.14% 3.11% 3.67% | 4.09% 3.24%
29 3.38% 297% | 2.47% 3.45% | 3.40% 3.69% 3.23%
30 2.70% 2.03% | 2.46% 3.02% | 2.58% 3.62% 2.73%
Models 16-30 | 2.97% | 2.47% | 2.73% | 2.95% | 3.29% | 3.78% 3.03%
31 6.65% 6.33% 5.66% 6.08% | 6.84% 6.28% 6.31%
32 8.96% 8.52% 891% | 10.23% | 13.14% | 11.68% | 10.24%
33 6.76% 6.19% 7.51% 9.85% | 7.58% 6.93% 7.47%
34 9.99% | 10.43% | 5.41% 6.53% | 13.80% | 12.88% | 9.84%
35 8.12% 8.24% 7.47% 9.55% | 1237% | 11.47% | 9.54%
36 7.07% 5.76% 6.93% 6.71% | 6.48% 6.68% 6.60%
37 6.90% 6.72% 5.29% 5.82% | 6.67% 6.40% 6.30%
38 8.37% 8.73% 5.19% 5.58% | 12.03% | 11.62% | 8.59%
39 7.62% 7.36% 9.60% | 10.63% | 11.21% | 10.79% | 9.54%
40 9.46% 9.58% 5.49% 6.02% | 12.39% | 12.17% | 9.18%
41 6.62% 6.22% | 10.25% | 11.10% | 6.77% 6.47% 7.90%
42 6.83% 6.50% 5.96% 6.09% | 6.79% 6.55% 6.46%
43 6.49% 5.95% 9.03% | 11.05% | 6.73% 6.45% 7.62%
44 7.89% 7.89% 7.55% 741% | 11.24% | 10.73% | 8.79%
45 6.29% 6.25% 6.19% 6.29% | 6.77% 6.58% 6.39%
Models 31-45 7.60% | 7.38% | 7.10% | 7.93% | 9.39% | 8.91% 8.05%
46 6.00% 5.23% 6.26% 6.10% | 7.03% 6.94% 6.26%
47 9.47% 9.15% 5.86% 5.76% | 12.92% | 12.08% | 9.21%
48 9.51% 8.37% 7.54% 9.39% 8.80% 9.06% 8.78%
49 8.89% 9.66% 6.86% 871% | 11.92% | 11.70% | 9.62%
50 7.13% 7.75% 7.34% 9.33% | 10.59% | 10.24% | 8.73%
51 8.18% 6.22% 6.42% 6.57% | 7.75% 7.56% 7.12%
52 531% | 4.86% 9.69% | 10.61% | 5.53% 6.22% 7.03%
53 7.21% 7.23% 8.59% 8.65% | 10.85% | 1031% | 8.81%
54 7.26% 6.86% | 10.06% | 10.94% | 10.70% | 9.71% 9.26%
55 8.52% 8.07% 5.85% 5.63% | 11.52% | 10.54% | 8.35%
56 461% | 4.32% 6.22% 6.24% 5.75% 6.15% 5.55%
57 6.17% 5.14% 8.89% | 11.07% | 6.29% 6.26% 7.30%
58 597% | 4.98% 6.67% 715% | 6.77% 6.51% 6.34%
59 6.52% 6.34% 7.85% 9.65% | 1035% | 9.62% 8.39%
60 5.67% 5.14% | 11.14% | 12.55% | 7.33% 7.20% 8.17%
Models 46-60 | 7.09% | 6.62% | 7.68% | 8.56% | 8.94% | 8.67% 7.93%

145




Table B.10. Forecasting accuracy (MAPE) of post-COVID trained models 1-60 for Houston

over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 2.60% | 3.01% | 3.65% | 3.62% | 3.77% | 4.87% 3.59%
2 320% | 3.28% | 3.56% | 5.02% | 5.01% | 6.89% 4.49%
3 255% | 3.07% | 438% | 3.49% | 4.73% | 9.64% 4.64%
4 2.54% | 2.68% | 3.44% | 3.61% | 3.69% | 4.98% 3.49%
5 2.54% | 2.80% | 3.46% | 4.00% | 4.07% | 5.10% 3.66%
6 2.81% | 3.65% | 3.65% | 5.18% | 7.55% | 5.69% 4.76%
7 232% | 391% | 3.51% | 430% | 4.84% | 5.30% 4.03%
8 2.74% | 3.09% | 3.78% | 3.54% | 3.77% | 4.98% 3.65%
9 2.74% | 3.22% | 4.02% | 391% | 425% | 5.26% 3.90%
10 269% | 3.11% | 3.96% | 3.93% | 441% | 5.33% 3.90%
11 243% | 3.90% | 3.50% | 4.27% | 4.82% | 5.24% 4.03%
12 230% | 3.67% | 3.98% | 531% | 7.61% | 6.47% 4.89%
13 233% | 3.59% | 3.96% | 523% | 7.63% | 6.40% 4.86%
14 264% | 2.75% | 3.79% | 3.71% | 3.71% | 4.96% 3.59%
15 204% | 4.19% | 4.74% | 7.22% | 6.40% | 7.46% 5.34%

Models 1-15 2.56% | 3.33% | 3.82% | 4.42% | 5.08% | 5.90% | 4.19%
16 2.14% | 3.20% | 3.75% | 3.74% | 3.46% | 4.69% 3.50%
17 235% | 3.15% | 4.63% | 4.60% | 5.36% | 7.00% 4.52%
18 251% | 4.00% | 4.46% | 4.95% | 4.50% | 4.94% 4.23%
19 3.09% | 3.16% | 4.73% | 4.26% | 3.83% | 4.50% 3.93%
20 2.85% | 3.11% | 4.56% | 4.17% | 3.78% | 4.46% 3.82%
21 3.49% | 3.33% | 434% | 548% | 791% | 13.86% | 6.40%
22 3.10% | 3.47% | 4.76% | 526% | 8.01% | 12.79% | 6.23%
23 4.03% | 3.89% | 4.67% | 4.62% | 4.13% | 5.02% 4.39%
24 3.82% | 3.42% | 3.66% | 5.26% | 5.03% | 5.40% 4.43%
25 2.70% | 2.69% | 3.89% | 4.42% | 5.15% | 4.86% 3.95%
26 271% | 3.29% | 4.72% | 5.16% | 7.45% | 11.93% | 5.88%
27 2.56% | 3.20% | 4.58% | 3.83% | 3.63% | 4.44% 3.70%
28 320% | 3.67% | 3.86% | 3.91% | 4.54% | 4.52% 3.95%
29 323% | 3.83% | 541% | 429% | 6.01% | 5.29% 4.68%
30 2.80% | 3.81% | 4.67% | 3.75% | 3.68% | 5.43% 4.02%

Models 16-30 | 2.97% | 3.41% | 4.45% | 4.51% | 5.10% | 6.61% | 4.51%
31 751% | 9.02% | 8.15% | 9.98% | 11.23% | 12.43% | 9.72%
32 15.08% | 16.28% | 14.16% | 15.84% | 17.47% | 19.28% | 16.35%
33 12.44% | 10.10% | 12.08% | 11.94% | 11.90% | 12.52% | 11.83%
34 7.33% 8.90% 9.78% 13.71% | 14.81% | 15.72% | 11.71%
35 5.14% 7.64% 9.29% 13.16% | 14.33% | 15.34% | 10.82%
36 10.71% | 10.90% | 10.07% | 10.40% | 11.29% | 12.76% | 11.02%
37 5.62% 7.90% 9.28% 11.83% | 13.12% | 13.29% | 10.18%
38 6.15% 8.01% 9.17% 13.29% | 14.82% | 1547% | 11.15%
39 7.47% 9.44% 9.15% 12.51% | 14.06% | 14.97% | 11.27%
40 8.87% 10.35% | 9.51% 12.81% | 14.45% | 15.42% | 11.90%
41 5.07% 8.41% 9.99% 12.90% | 13.83% | 13.86% | 10.68%
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42 8.06% 9.35% 8.33% | 10.07% | 11.19% | 12.41% | 9.90%
43 7.26% 9.08% 822% | 10.13% | 11.40% | 12.45% | 9.76%
44 6.95% 9.04% 9.22% | 12.69% | 13.98% | 14.81% | 11.12%
45 5.59% 9.15% | 10.77% | 13.76% | 14.50% | 14.16% | 11.32%
Models 31-45 7.95% | 9.57% | 9.81% | 12.33% | 13.49% | 14.33% | 11.25%
46 7.91% 9.36% 8.38% 9.73% | 10.80% | 11.97% | 9.69%
47 17.66% | 18.39% | 16.16% | 17.76% | 19.92% | 22.02% | 18.65%
48 15.70% | 14.27% | 15.90% | 14.86% | 14.37% | 14.96% | 15.01%
49 13.24% | 19.60% | 20.88% | 23.50% | 23.80% | 24.13% | 20.85%
50 9.84% | 14.83% | 17.06% | 19.87% | 19.86% | 19.65% | 16.85%
51 11.48% | 11.13% | 10.30% | 11.13% | 12.19% | 13.84% | 11.68%
52 12.94% | 17.06% | 16.87% | 18.87% | 19.58% | 19.57% | 17.48%
53 7.13% | 12.94% | 15.08% | 18.96% | 19.22% | 19.53% | 15.48%
54 6.52% | 11.75% | 11.14% | 13.54% | 14.92% | 16.31% | 12.36%
55 827% | 14.34% | 12.54% | 14.76% | 15.96% | 17.33% | 13.87%
56 10.99% | 14.32% | 14.81% | 17.42% | 17.54% | 17.33% | 15.40%
57 8.32% 9.56% 8.45% 9.57% | 10.56% | 11.82% | 9.71%
58 7.93% 9.35% 8.34% 9.61% | 10.67% | 11.88% | 9.63%
59 4.88% | 11.15% | 11.77% | 14.64% | 16.03% | 16.43% | 12.48%
60 7.16% | 11.51% | 13.21% | 16.54% | 16.87% | 16.17% | 13.58%
Models 46-60 | 10.00% | 13.30% | 13.39% | 15.38% | 16.15% | 16.86% | 14.18%

Table B.11. Forecasting accuracy (MAPE) of post-COVID trained models

over a 7- to 42-day time window.

1-60 for Boston

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 3.90% | 4.12% 6.86% 6.24% 6.36% 5.35% 5.47%
2 4.99% | 5.96% 8.11% 9.53% 9.22% 9.61% 7.90%
3 572% | 6.20% 7.32% 9.68% | 10.44% | 17.41% | 9.46%
4 5.02% | 6.26% 8.03% 9.62% 9.32% 9.76% 8.00%
5 5.02% | 6.33% 8.13% 9.74% 9.37% 9.82% 8.07%
6 4.88% | 5.43% 8.21% 6.78% 7.94% 5.53% 6.46%
7 571% | 5.80% 8.04% | 11.85% | 8.31% 8.22% 7.99%
8 4.59% | 5.98% 8.74% 8.51% 7.89% 8.14% 7.31%
9 4.53% | 6.26% 9.28% 9.05% 8.33% 8.27% 7.62%
10 4.49% | 6.13% 9.08% 8.86% 8.18% 8.12% 7.48%
11 571% | 5.84% 8.11% | 11.86% | 8.33% 8.22% 8.01%
12 3.44% | 4.61% 8.85% 6.21% 6.71% | 4.26% 5.68%
13 3.46% | 4.63% 8.87% 6.19% 6.79% | 4.24% 5.69%
14 4.03% | 4.78% 6.45% 5.94% 5.78% | 4.43% 5.23%
15 3.69% | 3.20% | 4.76% | 4.97% 6.41% 7.38% 5.07%

Models 1-15 4.61% | 5.44% | 7.92% | 834% | 7.96% | 7.92% 7.03%
16 3.58% | 4.25% 6.16% | 4.94% 5.06% | 4.77% 4.79%
17 3.77% | 4.65% 7.42% 6.71% 5.89% 6.51% 5.83%
18 2.73% | 4.78% 6.63% 6.82% 6.12% 5.72% 5.47%
19 3.85% | 4.93% 7.40% 6.26% 5.59% 5.63% 5.61%
20 3.84% | 4.86% 7.12% 6.16% 5.58% 5.34% 5.48%
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21 3.32% | 3.39% 8.09% 5.52% 4.18% 6.90% 5.23%
22 339% | 4.12% 7.89% 7.96% 5.03% 8.79% 6.20%
23 3.16% | 4.66% 6.22% 7.28% 6.30% 4.93% 5.43%
24 3.92% | 4.43% 6.54% 7.65% 6.82% 5.21% 5.76%
25 3.89% | 4.47% 6.59% 7.79% 6.96% 5.33% 5.84%
26 336% | 4.06% 7.66% 7.75% 4.84% 8.56% 6.04%
27 3.88% | 4.82% 7.92% 6.48% 6.61% 4.94% 5.77%
28 3.84% | 4.70% 7.75% 6.31% 6.43% 4.81% 5.64%
29 347% | 4.79% 8.01% 6.74% 6.16% 5.18% 5.73%
30 2.76% | 6.37% 8.47% 9.00% 7.99% 8.05% 7.11%
Models 16-30 | 3.52% | 4.62% | 7.32% | 6.89% | 5.97% | 6.04% 5.73%
31 1.32% | 2.91% 4.81% 6.06% 5.89% 5.69% 4.45%
32 10.60% | 11.27% | 16.17% | 16.32% | 16.83% | 16.26% | 14.58%
33 5.35% 5.15% 7.18% 8.88% 9.07% 8.52% 7.36%
34 9.54% | 1091% | 15.55% | 18.44% | 17.25% | 16.58% | 14.71%
35 7.81% | 9.57% | 14.04% | 16.44% | 15.80% | 15.56% | 13.20%
36 4.28% | 4.77% 6.49% 7.69% 7.88% 7.73% 6.47%
37 2.16% | 3.37% 5.33% 6.76% 6.58% 6.52% 5.12%
38 7.74% | 9.59% | 14.13% | 16.01% | 1531% | 15.74% | 13.08%
39 853% | 9.00% | 13.40% | 14.29% | 13.45% | 13.45% | 12.02%
40 9.58% | 9.73% | 1427% | 15.40% | 14.10% | 13.95% | 12.84%
41 1.31% | 2.88% 4.91% 6.17% 5.89% 5.83% 4.50%
42 2.15% | 3.39% 5.38% 6.74% 6.67% 6.59% 5.16%
43 1.30% | 2.99% 5.03% 6.22% 6.01% 5.95% 4.58%
44 7.28% 833% | 12.71% | 13.73% | 13.28% | 13.28% | 11.44%
45 1.08% | 2.90% 5.08% 6.46% 6.10% 6.01% 4.60%
Models 31-45 | 5.34% | 6.45% | 9.63% | 11.04% | 10.67% | 10.51% | 8.94%
46 1.59% | 3.87% 6.17% 7.39% 7.09% 6.84% 5.49%
47 12.47% | 11.62% | 16.78% | 16.44% | 17.20% | 16.69% | 15.20%
48 6.21% | 9.52% | 11.57% | 12.45% | 12.36% | 11.07% | 10.53%
49 10.06% | 11.58% | 16.18% | 18.01% | 16.79% | 16.08% | 14.78%
50 9.42% | 11.05% | 1531% | 16.68% | 15.62% | 15.66% | 13.96%
51 3.81% | 6.92% 9.70% | 10.68% | 10.46% | 9.66% 8.54%
52 247% | 4.59% 6.66% 7.78% 7.56% 7.43% 6.08%
53 10.69% | 11.85% | 16.14% | 16.91% | 16.11% | 16.39% | 14.68%
54 9.07% 8.62% | 12.80% | 13.57% | 13.33% | 12.96% | 11.73%
55 10.18% | 9.31% | 13.62% | 14.56% | 13.44% | 13.53% | 12.44%
56 220% | 4.44% 6.35% 7.22% 6.93% 6.83% 5.66%
57 2.28% | 4.07% 6.51% 7.57% 7.26% 7.10% 5.80%
58 1.64% | 3.76% 6.00% 7.02% 6.81% 6.64% 531%
59 8.85% 8.13% | 12.49% | 13.23% | 13.08% | 13.26% | 11.51%
60 239% | 4.15% 6.03% 7.03% 7.01% 6.73% 5.56%
Models 46-60 | 6.22% | 7.57% | 10.82% | 11.77% | 11.40% | 11.12% | 9.82%
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Table B.12. Forecasting accuracy (MAPE) of post-COVID trained models 1-60 for New York

over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 1.45% | 2.02% | 4.07% | 3.71% | 4.00% | 3.53% 3.13%
2 445% | 6.22% | 8.36% | 9.41% | 10.10% | 10.16% | 8.12%
3 4.57% | 5.84% | 7.71% | 885% | 9.02% | 10.27% | 7.71%
4 4.73% | 6.08% | 8.45% | 9.13% | 9.89% | 10.05% | 8.05%
5 3.74% | 5.05% | 7.60% | 8.12% 8.42% 8.97% 6.98%
6 4.18% | 5.59% | 8.12% | 7.35% 8.16% | 7.94% 6.89%
7 499% | 6.14% | 8.15% | 7.67% | 7.76% 8.04% 7.13%
8 2.13% | 2.90% | 4.84% | 4.38% | 4.52% | 4.76% 3.92%
9 4.66% | 5.81% | 7.90% | 7.35% 8.82% 8.23% 7.13%
10 516% | 6.43% | 9.08% | 9.04% | 9.62% | 9.96% 8.22%
11 447% | 5.56% | 747% | 691% | 6.99% | 7.18% 6.43%
12 431% | 5.00% | 7.71% | 7.28% | 7.34% | 7.89% 6.59%
13 3.88% | 4.51% | 7.13% | 6.62% | 6.67% | 7.15% 5.99%
14 1.63% | 2.12% | 3.26% | 3.52% | 3.56% | 3.07% 2.86%
15 244% | 2.87% | 4.71% | 4.66% | 4.59% | 4.54% 3.97%

Models 1-15 3.79% | 4.81% | 6.97% | 6.93% | 7.30% | 7.45% | 6.21%
16 1.51% | 2.35% | 4.14% | 3.94% | 4.84% | 5.32% 3.68%
17 277% | 443% | 6.85% | 7.32% | 7.19% 8.27% 6.14%
18 3.85% | 5.44% | 7.86% | 8.69% 8.05% | 9.17% 7.18%
19 2.92% | 4.68% | 6.70% | 590% | 5.19% | 6.12% 5.25%
20 3.08% | 4.53% | 5.88% | 5.00% | 4.26% | 4.89% 4.60%
21 421% | 5.15% | 1034% | 8.61% | 6.69% | 14.10% | 8.18%
22 4.02% | 5.69% | 8.48% | 833% | 7.92% | 7.88% 7.05%
23 5.04% | 5.79% | 5.45% | 5.98% | 5.73% | 6.59% 5.76%
24 1.71% | 3.26% | 5.74% | 6.17% | 6.57% | 6.66% 5.02%
25 229% | 3.75% | 6.40% | 7.09% | 7.51% | 7.58% 5.77%
26 3.12% | 491% | 6.82% | 6.40% | 5.81% | 5.48% 5.42%
27 4.11% | 5.16% | 8.47% | 8.80% | 9.00% 8.85% 7.40%
28 341% | 437% | 749% | 7.81% | 7.95% | 7.73% 6.46%
29 1.71% | 2.48% | 3.83% | 3.38% | 3.05% | 2.76% 2.87%
30 4.02% | 4.00% | 4.55% | 3.88% | 3.78% | 4.11% 4.06%

Models 16-30 | 3.18% | 4.40% | 6.60% | 6.49% | 6.24% | 7.03% | 5.66%
31 2.19% | 3.76% | 5.14% | 590% | 6.00% | 5.42% 4.73%
32 7.32% 8.59% | 14.00% | 16.09% | 18.09% | 17.15% | 13.54%
33 6.92% 8.35% 9.43% | 10.98% | 10.77% | 9.49% 9.33%
34 6.74% 7.54% | 14.25% | 15.93% | 16.85% | 17.04% | 13.06%
35 6.96% 7.84% | 13.61% | 14.78% | 15.84% | 16.08% | 12.52%
36 5.01% 6.81% 7.56% 8.62% 8.69% 8.01% 7.45%
37 2.65% 3.74% 5.20% 6.31% 5.87% 5.44% 4.87%
38 8.24% 8.84% | 13.72% | 14.51% | 15.57% | 16.00% | 12.82%
39 5.13% 6.28% | 11.57% | 12.72% | 14.13% | 14.18% | 10.67%
40 5.28% 6.29% | 12.22% | 13.90% | 15.20% | 15.17% | 11.34%
41 2.49% 3.66% 5.00% 5.83% 5.47% 5.13% 4.60%
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42 2.47% 3.73% 5.50% 6.48% 6.24% 6.03% 5.07%
43 2.31% 3.63% 5.30% 5.95% 5.83% 5.69% 4.78%
44 5.12% 6.61% | 10.96% | 11.80% | 13.35% | 13.42% | 10.21%
45 2.64% 3.77% 5.12% 5.90% 5.84% 5.62% 4.81%
Models 31-45 | 4.76% | 5.96% | 9.24% | 10.38% | 10.92% | 10.66% | 8.65%
46 2.43% 3.92% 5.51% 6.51% 6.83% 6.37% 5.26%
47 16.85% | 18.29% | 25.94% | 27.06% | 29.22% | 29.19% | 24.42%
48 11.92% | 13.66% | 14.69% | 1525% | 14.94% | 14.16% | 14.10%
49 835% | 10.58% | 17.27% | 18.57% | 19.61% | 19.90% | 15.71%
50 9.67% | 11.17% | 16.67% | 17.38% | 18.54% | 18.92% | 15.39%
51 7.88% 9.71% | 11.37% | 12.57% | 12.29% | 11.22% | 10.84%
52 3.30% 5.03% | 6.62% 7.55% 7.17% 6.86% 6.09%
53 11.48% | 12.33% | 17.58% | 17.71% | 18.70% | 19.26% | 16.18%
54 6.80% 7.39% | 13.12% | 14.46% | 15.77% | 15.73% | 12.21%
55 7.11% 7.40% | 13.84% | 15.65% | 16.85% | 16.77% | 12.94%
56 3.52% 524% | 6.54% 7.14% 7.08% 6.42% 5.99%
57 2.17% 3.61% 5.75% 7.17% 7.22% 6.64% 5.43%
58 2.22% 3.62% 5.55% 6.62% 6.73% 6.22% 5.16%
59 7.46% 8.13% | 13.14% | 13.88% | 15.23% | 15.56% | 12.23%
60 3.85% 539% | 6.13% 6.17% 6.15% 5.78% 5.58%
Models 46-60 | 7.00% | 8.36% | 11.98% | 12.91% | 13.49% | 13.27% | 11.17%

Table B.13. Forecasting accuracy (MAPE) of post-COVID trained models 1-60 for Chicago

over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day 35-day | 42-days | Average
1 5.91% 4.90% 3.96% | 4.64% 5.10% 5.97% 5.08%
2 5.86% 5.05% | 4.38% | 4.35% 4.84% 5.47% 4.99%
3 5.73% 5.00% | 4.39% | 4.35% 5.78% 7.27% 5.42%
4 4.95% 4.71% | 4.92% | 4.86% 4.98% 6.19% 5.10%
5 4.84% 4.69% | 4.93% | 4.86% 4.91% 6.08% 5.05%
6 5.11% 4.38% | 4.18% | 4.48% 5.48% 6.58% 5.04%
7 5.39% 439% | 4.19% | 4.41% 5.44% 6.26% 5.02%
8 4.02% 3.56% 3.80% 5.28% 6.06% 6.08% 4.80%
9 5.12% 3.93% 3.66% | 4.64% 5.49% 5.32% 4.69%
10 4.92% 3.33% 3.99% | 4.86% 5.88% 6.72% 4.95%
11 5.24% 4.25% | 4.06% | 4.28% 5.33% 6.16% 4.89%
12 4.64% 3.73% 3.86% | 4.20% 4.85% 6.13% 4.57%
13 4.45% 3.59% 3.77% | 4.12% 4.79% 6.05% 4.46%
14 3.14% 3.82% 5.02% | 4.73% 4.09% 14.63% 5.90%
15 5.52% 4.96% 397% | 4.38% 4.88% 6.02% 4.96%

Models 1-15 4.99% 4.29% | 4.21% | 4.56% 5.19% 6.73% 4.99%
16 5.62% 6.12% 5.11% 4.60% 5.04% 6.72% 5.53%
17 9.38% 8.58% 6.70% 6.67% 6.36% 5.62% 7.22%
18 3.83% 5.81% 6.78% 7.55% 9.41% 11.69% 7.51%
19 3.66% 4.33% | 491% 5.08% 6.45% 8.25% 5.45%
20 3.94% 4.47% 5.52% 5.59% 6.73% 8.84% 5.85%
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21 7.60% 6.88% 5.70% 5.03% 6.83% 8.55% 6.76%
22 3.58% 5.40% 7.13% 7.41% 9.82% 11.79% 7.52%
23 8.26% 6.93% 6.71% 7.61% 7.40% 9.40% 7.72%
24 5.60% 5.13% 5.39% 5.09% 5.92% 7.63% 5.79%
25 6.34% 5.76% 5.73% 5.35% 6.04% 7.71% 6.16%
26 3.81% 5.32% 7.07% 7.50% 9.91% 11.87% 7.58%
27 5.75% 3.87% 5.01% 5.80% 7.32% 6.79% 5.76%
28 5.02% 3.24% 4.60% 5.55% 7.12% 6.59% 5.35%
29 5.61% 3.73% 4.17% 4.65% 5.10% 5.55% 4.80%
30 5.07% 5.66% 6.84% 7.19% 8.51% 11.36% 7.44%
Models 16-30 | 5.54% 542% | 5.82% | 6.04% 7.20% 8.56% 6.43%
31 11.74% | 9.91% 7.91% 8.35% 7.62% 7.00% 8.76%
32 35.65% | 34.96% | 27.31% | 24.16% | 20.77% | 18.66% | 26.92%
33 14.62% | 14.02% | 11.35% | 11.52% | 10.06% 8.91% 11.75%
34 18.64% | 13.30% | 12.52% | 12.42% | 13.79% | 1434% | 14.17%
35 10.46% | 8.05% 8.30% 8.76% 10.20% | 10.67% 9.41%
36 15.90% | 15.07% | 12.59% | 12.91% | 11.31% 9.72% 12.92%
37 15.45% | 12.03% | 9.04% 9.07% 8.43% 7.70% 10.29%
38 9.33% 7.56% 8.08% 7.98% 9.45% 10.18% 8.76%
39 13.99% | 11.12% | 9.75% 8.89% 9.63% 9.83% 10.54%
40 21.96% | 17.07% | 13.94% | 12.36% | 12.45% | 12.35% | 15.02%
41 12.11% | 9.98% 7.71% 7.95% 7.57% 6.97% 8.72%
42 15.33% | 12.16% | 9.89% 9.84% 8.55% 7.92% 10.61%
43 12.21% | 10.20% | 8.56% 8.76% 7.78% 7.21% 9.12%
44 10.58% | 8.40% 8.43% 7.87% 8.38% 8.78% 8.74%
45 12.58% | 10.15% | 8.12% 8.32% 7.48% 7.02% 8.95%
Models 31-45 | 15.37% | 12.93% | 10.90% | 10.61% | 10.23% | 9.82% | 11.64%
46 13.76% | 12.13% | 10.16% | 9.97% 8.79% 7.87% 10.45%
47 43.87% | 41.51% | 34.78% | 29.40% | 26.40% | 24.85% | 33.47%
48 18.23% | 16.58% | 15.08% | 15.24% | 14.38% | 12.13% | 15.27%
49 16.67% | 13.31% | 14.60% | 14.58% | 16.82% | 18.26% | 15.71%
50 11.28% | 9.41% | 11.46% | 11.78% | 13.81% | 15.02% | 12.13%
51 22.93% | 21.97% | 18.75% | 17.01% | 15.11% | 14.05% | 18.31%
52 7.24% 6.74% 6.54% 7.72% 7.86% 7.71% 7.30%
53 10.67% | 7.64% 9.98% | 10.22% | 12.16% | 12.92% | 10.60%
54 16.42% | 12.02% | 11.01% | 10.62% | 11.40% | 11.11% | 12.10%
55 23.36% | 17.23% | 1436% | 13.17% | 13.60% | 13.08% | 15.80%
56 5.26% 5.30% 5.92% 7.14% 7.50% 7.52% 6.44%
57 16.86% | 14.21% | 11.19% | 10.64% | 9.68% 8.50% 11.85%
58 13.83% | 12.19% | 9.82% 9.56% 8.84% 7.86% 10.35%
59 13.27% | 10.20% | 10.36% | 9.86% 10.87% | 10.88% | 10.91%
60 4.57% 4.28% 5.35% 6.64% 7.20% 7.39% 5.90%
Models 46-60 | 15.88% | 13.65% | 12.62% | 12.24% | 12.29% | 11.95% | 13.10%
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Table B.14. Forecasting accuracy (MAPE) of post-COVID trained models 1-60 for

Philadelphia over a 7- to 42-day time window.

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 430% | 5.70% | S5.12% | 5.73% | 11.62% | 4.26% 6.12%
2 4.14% | 5.82% | 6.52% | 6.42% | 6.22% | 7.79% 6.15%
3 4.12% | 3.65% | 557% | 4.57% | 5.50% | 8.58% 5.33%
4 3.73% | 5.04% | 6.10% | 6.04% | 5.87% | 7.67% 5.74%
5 3.55% | 4.99% | 6.01% | 6.12% | 5.89% | 7.58% 5.69%
6 4.84% | 5.62% | 5.41% | 5.56% | 534% | 6.98% 5.63%
7 437% | 4.50% | 5.17% | 5.02% | 5.71% | 7.39% 5.36%
8 3.06% | 3.98% | 3.98% | 528% | 497% | 5.63% 4.48%
9 4.13% | 5.08% | 5.02% | 6.31% | 5.56% | 5.88% 5.33%
10 493% | 4.60% | 4.61% | 549% | 542% | 6.29% 5.22%
11 4.15% | 4.28% | 5.05% | 4.93% | 5.67% | 7.42% 5.25%
12 3.68% | 3.61% | 4.71% | 4.79% | 522% | 7.82% 4.97%
13 3.46% | 3.37% | 4.60% | 4.71% | 529% | 7.90% 4.89%
14 6.99% | 4.22% | 7.69% | 3.86% | 6.14% | 18.94% | 7.97%
15 338% | 3.18% | 4.39% | 420% | 4.81% | 8.03% 4.66%

Models 1-15 4.19% | 4.51% | 5.33% | 527% | 5.95% | 7.88% | 5.52%
16 3.59% | 5.06% | 5.59% | 4.78% | 5.32% | 7.64% 5.33%
17 6.09% | 7.63% | 6.28% | 6.32% | 594% | 6.53% 6.46%
18 451% | 3.79% | 517% | 5.54% | 6.63% | 6.98% 5.44%
19 537% | 4.07% | 5.61% | 5.48% | 6.64% | 8.88% 6.01%
20 572% | 438% | 6.00% | 5.73% | 6.66% | 9.69% 6.36%
21 351% | 435% | 527% | 7.38% | 7.45% | 16.69% | 7.44%
22 573% | 6.30% | 9.53% | 12.48% | 12.22% | 21.45% | 11.29%
23 6.74% | 5.48% | 6.22% | 6.01% | 6.71% | 10.23% | 6.90%
24 341% | 3.95% | 5.71% | 526% | 6.26% | 9.27% 5.64%
25 3.61% | 4.12% | 5.82% | 538% | 6.29% | 9.26% 5.75%
26 589% | 6.27% | 9.37% | 11.94% | 11.79% | 21.14% | 11.07%
27 445% | 4.57% | 472% | 5.61% | 621% | 7.18% 5.46%
28 4.19% | 421% | 4.64% | 5.50% | 6.23% | 7.28% 5.34%
29 4.10% | 3.70% | 4.47% | 5.25% | 5.76% | 7.19% 5.08%
30 559% | 6.06% | 821% | 6.60% | 9.16% | 12.72% | 8.06%

Models 16-30 | 4.83% | 4.93% | 6.17% | 6.62% | 7.28% | 10.81% | 6.77%
31 560% | 6.71% | 6.97% | 7.14% | 7.64% | 9.58% 7.27%
32 10.47% | 12.46% | 12.58% | 12.11% | 13.36% | 15.90% | 12.81%
33 7.33% 9.55% 9.39% 9.73% 9.76% 11.21% 9.50%
34 8.56% 6.82% | 10.26% | 10.73% | 13.31% | 17.09% | 11.13%
35 7.81% 5.87% 8.28% 8.37% 11.02% | 14.74% 9.35%
36 9.56% | 12.27% | 11.38% | 11.91% | 11.45% | 12.24% | 11.47%
37 7.81% 8.33% 8.35% 8.19% 8.61% 10.43% 8.62%
38 8.07% 6.19% 7.96% 7.49% 10.28% | 14.19% 9.03%
39 6.12% 5.53% 7.38% 7.18% 9.64% 13.13% 8.16%
40 6.42% 6.27% 8.47% 8.72% 10.74% | 14.17% 9.13%
41 5.48% 6.67% 6.74% 6.80% 7.53% 9.55% 7.13%
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42 7.25% 7.65% 8.17% 8.15% 8.64% | 10.06% | 8.32%
43 5.30% 6.72% 6.42% 6.97% 7.58% 9.40% 7.06%
44 6.95% 5.36% 7.01% 6.69% 9.06% | 12.60% | 7.94%
45 5.94% 6.92% 7.24% 7.39% 7.54% 9.69% 7.45%
Models 31-45 7.24% | 7.55% | 8.44% | 8.50% | 9.74% | 12.26% | 8.96%
46 6.57% 7.76% 8.02% 8.10% 8.19% | 10.15% | 8.13%
47 12.84% | 14.14% | 16.31% | 16.40% | 17.83% | 22.67% | 16.70%
48 9.75% | 12.12% | 13.33% | 13.27% | 13.52% | 14.71% | 12.79%
49 15.18% | 10.30% | 14.50% | 14.31% | 17.10% | 21.80% | 15.53%
50 1427% | 9.16% | 12.59% | 12.29% | 15.12% | 19.68% | 13.85%
51 11.25% | 14.34% | 12.71% | 12.66% | 12.03% | 12.47% | 12.58%
52 8.38% 9.48% 9.62% 9.86% | 10.13% | 11.52% | 9.83%
53 14.12% | 9.04% | 11.44% | 11.02% | 13.76% | 17.88% | 12.88%
54 10.86% | 7.06% 9.75% | 10.05% | 12.52% | 16.19% | 11.07%
55 11.18% | 7.70% | 10.83% | 11.37% | 13.69% | 17.29% | 12.01%
56 6.93% 8.07% 8.23% 8.51% 9.13% | 10.80% | 8.61%
57 7.32% 8.66% 8.51% 8.33% 8.82% | 10.59% | 8.70%
58 6.10% 7.73% 7.62% 7.57% 822% | 10.11% | 7.89%
59 10.94% | 7.47% 9.61% 931% | 11.98% | 15.97% | 10.88%
60 7.02% 8.50% 8.81% 8.77% 9.49% | 11.41% | 9.00%
Models 46-60 | 10.18% | 9.44% | 10.79% | 10.79% | 12.10% | 14.88% | 11.36%

Table B.15. Forecasting accuracy (MAPE) of post-COVID trained models

City over a 7- to 42-day time window.

1

60 for Kansas

Models 7-day 14-day | 21-day | 28-day | 35-day | 42-day | Average
1 5.13% 6.76% | 7.75% | 10.27% | 6.76% 8.43% 7.52%
2 4.59% 6.47% | 7.59% 8.22% 7.09% 7.98% 6.99%
3 3.74% 6.57% 8.04% 8.50% | 12.63% | 6.98% 7.75%
4 4.04% 7.75% | 10.71% | 11.41% | 12.01% | 12.44% | 9.73%
5 4.12% 7.34% | 10.01% | 11.61% | 12.20% | 12.18% | 9.58%
6 2.33% 533% | 4.97% 8.05% 6.98% 8.20% 5.98%
7 5.07% 7.86% | 9.56% | 13.64% | 13.38% | 15.69% | 10.87%
8 4.50% 6.17% | 7.98% | 10.71% | 11.09% | 13.88% | 9.06%
9 3.95% 534% | 6.80% 9.22% 9.30% | 11.39% | 7.67%
10 3.85% 534% | 6.95% 9.51% 9.89% | 1221% | 7.96%
11 5.66% 7.87% | 9.78% | 12.81% | 12.28% | 14.00% | 10.40%
12 4.26% 857% | 6.57% | 12.82% | 11.30% | 12.27% | 9.30%
13 4.90% 6.96% 8.43% | 10.55% | 10.31% | 11.18% | 8.72%
14 4.79% 8.50% | 10.21% | 12.67% | 12.40% | 16.09% | 10.78%
15 5.09% 9.25% | 9.77% | 13.33% | 14.32% | 17.54% | 11.55%

Models 1-15 4.40% | 7.07% | 8.34% | 10.89% | 10.80% | 12.03% | 8.92%
16 4.84% 6.34% | 6.60% 7.55% 7.38% 7.46% 6.69%
17 5.72% 721% | 7.41% 8.75% 8.33% 8.04% 7.58%
18 7.39% 9.77% | 9.84% | 12.44% | 12.79% | 11.28% | 10.58%
19 6.18% 9.24% | 9.29% | 11.51% | 10.96% | 11.38% | 9.76%
20 6.67% 9.48% | 9.54% | 11.56% | 11.55% | 11.92% | 10.12%
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21 2.94% 5.21% 5.10% 6.95% 8.83% 7.43% 6.08%
22 2.44% 4.65% 5.85% 7.29% 7.93% 8.38% 6.09%
23 3.84% 7.22% 9.34% 9.51% | 14.46% | 8.19% 8.76%
24 4.29% 7.25% 9.60% 9.55% 9.07% 9.64% 8.23%
25 4.19% 7.17% 9.41% 9.76% 9.00% 9.89% 8.24%
26 4.30% 7.69% 7.77% 9.53% 8.98% 8.56% 7.81%
27 4.01% 4.43% 6.18% 6.78% 7.23% 6.76% 5.90%
28 4.09% 4.51% 6.12% 6.75% 7.34% 6.75% 5.93%
29 5.11% 6.00% 7.17% 9.29% 8.56% | 10.65% | 7.80%
30 3.66% 5.15% 7.19% 7.39% 7.49% 6.66% 6.26%
Models 16-30 | 4.64% | 6.75% | 7.76% | 8.97% | 9.33% | 8.87% 7.72%
31 2.52% 3.81% | 4.09% 6.92% 6.96% 8.79% 5.52%
32 15.59% | 18.36% | 15.09% | 17.45% | 17.27% | 18.53% | 17.05%
33 6.02% 5.28% 5.40% 7.78% | 10.48% | 11.80% | 7.79%
34 8.92% 8.11% 9.89% | 14.24% | 16.30% | 14.71% | 12.03%
35 7.31% 7.24% 9.20% | 13.88% | 16.05% | 14.61% | 11.38%
36 3.91% 526% | 4.41% 6.42% 8.10% 9.94% 6.34%
37 3.93% 4.28% 5.24% 8.44% 9.31% | 10.59% | 6.96%
38 5.92% 6.46% 8.60% | 13.70% | 16.69% | 14.35% | 10.95%
39 4.55% 5.59% 6.66% | 11.09% | 13.31% | 12.42% | 8.94%
40 5.94% 6.45% 7.10% | 11.90% | 13.64% | 12.94% | 9.66%
41 3.88% 4.46% 5.70% 8.89% 8.97% 9.99% 6.98%
42 2.73% 3.96% | 4.19% 7.04% 7.29% 8.88% 5.68%
43 2.47% 3.92% | 4.46% 7.13% 7.11% 8.70% 5.63%
44 5.23% 5.90% 7.36% | 11.82% | 13.52% | 13.51% | 9.56%
45 3.98% 4.49% 5.73% 8.93% 9.11% | 10.12% | 7.06%
Models 31-45 553% | 6.24% | 6.87% | 10.37% | 11.61% | 11.99% | 8.77%
46 3.49% 4.66% | 4.16% 5.96% 6.01% 7.89% 5.36%
47 23.39% | 28.51% | 25.62% | 26.76% | 27.11% | 27.71% | 26.52%
48 10.90% | 10.44% | 9.96% | 11.41% | 12.89% | 13.30% | 11.49%
49 19.39% | 19.51% | 20.87% | 23.53% | 22.78% | 22.42% | 21.42%
50 16.43% | 16.86% | 19.55% | 23.45% | 22.88% | 22.47% | 20.27%
51 6.21% 5.89% 5.46% 6.70% 7.47% 8.86% 6.76%
52 10.42% | 12.03% | 12.55% | 14.85% | 17.52% | 19.16% | 14.42%
53 13.60% | 12.93% | 1533% | 20.17% | 20.71% | 19.39% | 17.02%
54 9.20% 9.69% 9.68% | 13.21% | 14.35% | 14.12% | 11.71%
55 10.66% | 11.09% | 10.61% | 13.83% | 14.58% | 14.62% | 12.57%
56 9.73% | 11.73% | 12.48% | 14.84% | 16.34% | 18.11% | 13.87%
57 3.51% 4.50% 3.93% 5.95% 6.43% 8.35% 5.45%
58 3.61% 4.69% | 4.16% 6.10% 6.16% 7.99% 5.45%
59 8.16% 9.29% 9.40% | 13.30% | 14.91% | 14.19% | 11.54%
60 7.98% | 10.35% | 11.14% | 14.19% | 14.68% | 15.77% | 12.35%
Models 46-60 | 10.45% | 11.48% | 11.66% | 14.28% | 14.99% | 15.62% | 13.08%
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Table B.16. Daily difference between actual and estimated usage (kWh) for the best fitting

pre-COVID null model over a 7- to 42-day time window

City Model 7-day 14-day 21-day 28-day 35-day 42-day
Los Angeles 61 —1274 (-1.9%) —2489 (-3.7%) —4089 (—6.1%) -3507 (-5.3%) —4967 (-7.4%) —4274 (—6.4%)
Houston 61 9681 (3.6%) 10503 (3.8%) 2683 (1.0%) 5526 (2.1%) —4377 (-1.6%) —219 (-0.1%)
Boston 61 88 (0.2%) —2054 (-3.5%) —1354 (-2.3%) -1927 (-3.3%) —4071 (-6.8%) —3108 (-5.3%)
New York 61 2116 (-1.7%) —5380(—4.4%) —7196 (=5.9%) —6401 (=5.4%) —8859 (-=7.4%) —8698 (-7.3%)
Chicago 61 —5800 (-2.4%) —10165 (—4.1%) —15275 (-6.2%) —12672 (-5.4%) —18109 (-7.5%) -19773 (-8.2%)
Philadelphia 61 —198 (-0.2%) —1062 (-1.1%) =779 (=0.9%) 280 (0.3%) —1429 (-1.6%) —1381 (-1.5%)
Kansas City 61 3725 (10.0%) 1829 (4.9%) 780 (2.1%) 1670 (4.7%) 813 (2.3%) 603 (1.7%)
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C. Supplementary Figures and Tables for Chapter 4

Table C.1. The ACORN label description.

Acorn Category

Acorn Group

Acorn Type

1. Affluent Achievers

A. Lavish Lifestyles

1. Exclusive enclaves

2. Metropolitan money

3. Large house luxury

B. Executive Wealth

4. Asset rich families

5. Wealthy countryside commuters

6. Financially comfortable families

7. Affluent professionals

8. Prosperous suburban families

9. Well-off edge of towners

C. Mature Money

10. Better-off villagers

11. Settled suburbia, older people

12. Retired and empty nesters

13. Upmarket downsizers

2. Rising Prosperity

D. City Sophisticates

14. Townhouse cosmopolitans

15. Younger professionals in smaller flats

16. Metropolitan professionals

17. Socializing young renters

E. Career Climbers

18. Career driven young families

19. First time buyers in small, modern
homes

20. Mixed metropolitan areas

3. Comfortable
Communities

F. Countryside
Communities

21. Farms and cottages

22. Older couples and families in rural
areas

23. Owner occupiers in small towns and
villages

G. Successful Suburbs

24. Comfortably-off families in modern
housing

25. Larger family homes, multi-ethnic
areas

26. Semi-professional families, owner
occupied neighborhoods

H. Steady
Neighbourhoods

27. Suburban semis, conventional

attitudes

28. Owner occupied terraces, average
income

29. Established suburbs, older families

1. Comfortable Seniors

30. Older people, neat and tidy
neighborhoods
31. Elderly singles in purpose-built
accommodation

J. Starting Out

32. Educated families in terraces, young
children

33. Smaller houses and starter homes

4. Financially
Stretched

K. Student Life

34. Student flats and halls of residence

35. Term-times terraces

36. Educated young people in flats and
tenements
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L. Modest Means

37. Low costs flats in suburban areas

38. Semi-skilled workers in traditional
neighborhoods

39. Fading owner occupied terraces

40. High occupancy terraces, culturally
diverse family areas

M. Striving Families

41. Labouring semi-rural estates

42. Struggling young families in post-war
terraces

43. Families in right-to-bury estates

44, Post-war estates, limited means

N. Poorer Families

45. Pensioners in social housing, semis
and terraces

46. Elderly people in social rented flats

47. Low income older people in smaller
semis

48. Pensioners and singles in social rented
flats

5. Urban Adversity

O. Young Hardship

49. Young families in low cost private flats

50. Struggling younger people in mixed
tenure

51. Young people in small, low cost
terraces

P. Struggling Estates

52. Poorer families,
terraced housing

many children,

53. Low income terraces

54. Multi-ethnic, purpose-built estates

55. Deprived and ethnically diverse in
flats

56. Low income large families in social
rented semis

Q. Difficult

57. Social rented flats, families and single

Circumstances parents
58. Singles and young families, some
receiving benefits
59. Deprived areas and high-rise flats
6. Not  Private | R. Not Private | 60. Active communal population
Households Households 61. Inactive communal population

62. Business without resident

population

arcas
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Table C.2. Performance of variable reduction technique (VR) rules SV1-SV3 on benchmark datasets.

Without VR Rule MV1 Rule MV2 Rule MV3
Instance Configuration Obj Time(s) Obj  Time(s) Gap(%) Obj Time(s) Gap(%) Obj Time(s) Gap(%)
Soybean 1 113.84 0.23 117.94 0.08 3.60 115.49 0.07 1.45 115.49 0.11 1.45
2 115.69 0.14 117.49 0.04 1.56 116.57 0.07 0.76 116.57 0.10 0.76
Protein 1 1269.33 0.70 1296.32 0.17 2.13 1279.68 0.19 0.82 1270.23 0.32 0.07
2 1262.61 0.54 1304.07 0.12 3.28 1273.63 0.14 0.87 1271.12 0.28 0.67
Iris 1 98.28 2.54 106.49 0.09 8.35 103.69 0.22 5.50 102.45 0.24 4.24
2 99.56 2.37 107.82 0.09 8.30 104.80 0.11 5.26 102.63 0.19 3.08
Wine 1 17,493.07 3.62 17,869.32 0.09 2.15 17,618.14 0.17 0.71 17,547.36 0.27 0.31
2 19,077.46 5.66 19,817.38 0.08 3.88 19,204.96 0.13 0.67 19,128.19 0.27 0.27
Ionosphere 1 817.34 17.46 838.02 0.13 2.53 848.92 0.21 3.86 827.69 0.35 1.27
2 838.53 15.96 856.76 0.08 2.17 866.84 0.21 3.38 848.17 0.37 1.15
Control 1 26,934.41 36.76 27,354.17 0.46 1.56 27,206.07 0.93 1.01 27,242.23 2.18 1.14
2 26,939.45 33.59 27,358.43 0.48 1.56 27,196.99 0.93 0.96 27,240.56 2.07 1.12
Balance 1 1466.41 225.97 1498.45 0.41 2.18 1572.22 0.79 7.22 1499.01 1.24 2.22
2 1471.80 206.73 1503.44 0.31 2.15 1586.60 0.74 7.80 1502.00 1.14 2.05
Yeast 1 252.22 14,835.61 261.10 2.23 3.52 261.08 10.18 3.51 257.89 46.81 2.25
2 260.32  2281.82 268.79 2.10 3.25 268.91 10.85 3.30 265.85 36.14 2.12
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Table C.3. Performance of variable reduction technique (VR) rules MV1-MV3 on benchmark datasets.

Without VR Rule MV1 Rule MV2 Rule MV3
Instance Configuration Obj Time(s) Obj  Time(s) Gap(%) Obj Time(s) Gap(%) Obj Time(s) Gap(%)
Soybean 1 113.84 0.23 113.84 0.10 0.00 113.84 0.06 0.00 113.84 0.06 0.00
2 115.69 0.14 115.69 0.06 0.00 115.69 0.05 0.00 115.69 0.06 0.00
Protein 1 1,269.33 0.70 1269.33 0.17 0.00 1270.23 0.12 0.07 1269.33 0.12 0.00
2 1,262.61 0.54 1262.61 0.11 0.00 1269.68 0.11 0.56 1269.02 0.12 0.51
Iris 1 98.28 2.54 98.28 0.10 0.00 98.28 0.07 0.00 98.28 0.18 0.00
2 99.56 2.37 99.56 0.10 0.00 99.56 0.07 0.00 99.56 0.10 0.00
Wine 1 17,493.07 3.62 17,704.69 0.15 1.21 17,823.49 0.11 1.89 17,772.26 0.12 1.60
2 19,077.46 5.66 19,237.92 0.15 0.84 19,237.92 0.19 0.84 19,423.55 0.20 1.81
Ionosphere 1 817.34 17.46 817.34 0.22 0.00 817.34 0.11 0.00 817.34 0.18 0.00
2 838.53 15.96 838.53 0.22 0.00 838.53 0.10 0.00 838.53 0.23 0.00
Control 1 26,934.41 36.76 27,000.07 0.44 0.24 26,934.41 0.64 0.00 26,934.41 1.01 0.00
2 26,939.45 33.59 27,021.48 0.46 0.30 26,939.45 0.60 0.00 26,939.45 1.03 0.00
Balance 1 1466.41 225.97 1474.83 1.19 0.57 1476.37 0.52 0.68 1474.83 0.73 0.57
2 1471.80 206.73 1482.55 0.96 0.73 1482.55 0.56 0.73 1487.69 0.89 1.08
Yeast 1 252.22 14,835.61 254.13 10.06 0.76 254.61 6.63 0.95 254.47 11.79 0.89
2 260.32  2,281.82 262.42 8.32 0.81 263.87 6.46 1.36 262.91 10.74 0.99
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Table C.4. Lagrangian relaxation performance at each iteration for the large UK Power
Networks dataset (UKPN-L).

Itr LB UB Best LB Best UB  Gap (%)  Times(s)
1 -8,834,209.2 427,686.8 -8,834,209.2  427,686.8  2165.58 11.3
2 -130,841.6  1,063,037.4 -130,841.6  427,686.8 130.59 12
3 -266,636.2 412,347.5 -130,841.6  412,347.5 131.73 9.8
4 137,752.3 591,621.4 137,752.3  412,347.5 66.59 11.7
5 -1,145,948.5 412,347.5 137,752.3  412,347.5 66.59 10.7
6 77,900.8  1,008,482.2 137,752.3  412,347.5 66.59 10
7 -3,633,458.4 427,686.8 137,752.3  412,347.5 66.59 10.6
8 6,643.2 887,327.0 137,752.3  412,347.5 66.59 12.6
9 170,128.2 395,062.0 170,128.2  395,062.0 56.94 9.7

10 142,098.8 409,624.0 170,128.2  395,062.0 56.94 10.9

11 223,160.4 466,977.4 223,160.4  395,062.0 43.51 11.1

12 -461,465.1 412,347.5 223,160.4  395,062.0 43.51 10.1

13 190,888.5 387,790.3 223,160.4  387,790.3 42.45 11.5

14 298,257.5 401,520.7 298,257.5  387,790.3 23.09 11

15 299,402.4 385,215.0 299,402.4  385,215.0 22.28 11.5

16 306,973.7 390,555.6 306,973.7  385,215.0 20.31 10.7

17 317,459.1 406,711.0 317,459.1  385,215.0 17.59 10.5

18 295,391.6 427,686.8 317,459.1  385,215.0 17.59 10.7

19 330,248.0 439,143.9 330,248.0  385,215.0 14.27 11.8

20 297,631.6 405,332.1 330,248.0  385,215.0 14.27 11.5

21 336,769.5 383,633.4 336,769.5  383,633.4 12.22 10.9

22 348,000.0 409,256.8 348,000.0  383,633.4 9.29 10.1

23 346,615.4 396,855.5 348,000.0  383,633.4 9.29 11.5

24 353,502.6 408,537.5 353,502.6  383,633.4 7.85 10.9

25 347,759.9 393,181.1 353,502.6  383,633.4 7.85 11.3

26 355,453.9 375,237.4 355,453.9 3752374 5.27 10.6

27 357,898.8 381,921.0 357,898.8 3752374 4.62 9.7

28 357,449.3 381,193.0 357,898.8  375,237.4 4.62 10.5

29 358,943.7 368,066.8 358,943.7  368,066.8 2.48 10.6

30 359,425.0 384,215.6 359,425.0  368,066.8 2.35 11.5

31 359,809.4 368,978.9 359,809.4  368,066.8 2.24 10.7

32 359,658.1 380,069.8 359,809.4  368,066.8 2.24 10.3

33 360,413.2 367,855.7 360,413.2  367,855.7 2.02 11.4

34 360,499.8 366,984.0 360,499.8  366,984.0 1.77 11

35 360,480.2 386,179.2 360,499.8  366,984.0 1.77 11.3

36 360,754.2 367,982.2 360,754.2  366,984.0 1.70 10.8

37 360,520.7 378,331.1 360,754.2  366,984.0 1.70 10.1

38 360,842.2 365,659.7 360,842.2  365,659.7 1.32 10.5

39 360,924.2 366,651.9 360,924.2  365,659.7 1.30 11.2

40 360,908.2 366,888.3 360,924.2  365,659.7 1.30 10.9

41 360,965.1 368,555.2 360,965.1  365,659.7 1.28 10.7

42 360,937.8 366,450.8 360,965.1  365,659.7 1.28 9.8

43 361,077.5 364,569.5 361,077.5  364,569.5 0.96 10.6

44 361,080.8 369,862.8 361,080.8  364,569.5 0.96 10.2

45 361,122.7 370,139.0 361,122.7  364,569.5 0.95 11

46 361,108.9 367,798.2 361,122.7  364,569.5 0.95 10.4

160



47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96

361,138.8
361,126.1
361,169.0
361,171.2
361,193.2
361,198.5
361,205.4
361,203.1
361,216.1
361,218.1
361,233.3
361,228.5
361,246.7
361,248.6
361,250.8
361,255.2
361,253.6
361,255.6
361,261.1
361,257.9
361,267.8
361,268.7
361,270.3
361,272.2
361,271.6
361,273.4
361,273.7
361,274.9
361,274.8
361,279.2
361,278.3
361,280.0
361,279.3
361,280.5
361,281.6
361,281.9
361,282.1
361,283.0
361,283.0
361,283.9
361,283.4
361,284.2
361,284.5
361,285.2
361,285.1
361,285.4
361,285.6
361,285.7
361,285.7
361,286.2

366,760.3
367,798.2
364,918.7
364,464.4
366,186.2
366,760.3
367,975.9
370,139.0
363,565.9
366,360.2
366,819.0
369,079.2
366,106.7
364,941.8
367,508.7
366,885.8
366,824.3
366,280.9
364,777.1
364,423.7
364,366.0
366,454.3
366,105.2
367,975.9
370,139.0
365,098.2
369,079.2
367,975.9
366,234.4
366,760.3
367,530.0
364,107.0
368,263.9
366,275.3
367,061.4
363,462.6
365,331.9
363,462.6
365,235.5
364,014.9
367,975.9
366,792.4
368,168.1
366,237.8
364,107.0
364,868.2
363,781.4
370,139.0
366,087.7
366,238.8

361,138.8
361,138.8
361,169.0
361,171.2
361,193.2
361,198.5
361,205.4
361,205.4
361,216.1
361,218.1
361,233.3
361,233.3
361,246.7
361,248.6
361,250.8
361,255.2
361,255.2
361,255.6
361,261.1
361,261.1
361,267.8
361,268.7
361,270.3
361,272.2
361,272.2
361,273.4
361,273.7
361,274.9
361,274.9
361,279.2
361,279.2
361,280.0
361,280.0
361,280.5
361,281.6
361,281.9
361,282.1
361,283.0
361,283.0
361,283.9
361,283.9
361,284.2
361,284.5
361,285.2
361,285.2
361,285.4
361,285.6
361,285.7
361,285.7
361,286.2
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364,569.5
364,569.5
364,569.5
364,464.4
364,464.4
364,464.4
364,464.4
364,464.4
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,565.9
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6

0.94
0.94
0.93
0.90
0.90
0.90
0.89
0.89
0.65
0.65
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.64
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.63
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60

9.7
10.2
10.5
10.7
10.3

9.7
10.7
10.1
10.7
10.2

9.8
10.1
10.6
10.6
10.3

9.6
10.7
10.1
10.9
10.8
10.3
10.9
11.6
11.2
10.8

10
11
10.3
11.2
10.7
11
10.8
10.4
11.2

9.9
10.9
10.3

11

9.9
10.3
11.4

9.9

11
10.4
10.8
11.7
11.4
10.3
11.1
11.8



97

98

99
100
101
102
103
104
105
106

361,286.2
361,286.3
361,286.3
361,286.4
361,286.4
361,286.5
361,286.5
361,286.7
361,286.7
361,286.7

370,139.0
367,798.2
370,139.0
366,467.2
368,524.5
363,794.3
365,249.4
366,205.7
366,824.3
367,814.6

361,286.2
361,286.3
361,286.3
361,286.4
361,286.4
361,286.5
361,286.5
361,286.7
361,286.7
361,286.7

363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6
363,462.6

0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60
0.60

10.2
12.2
10
11.2
10.4
10.8
11
9.9
12.6
10.2
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C.1. Daily electricity consumption for k-means clusters 1-15 (24 July 2009 to 20

igure

F
December 2009). In each subplot, labels H, L, and O refer to high-, low-, and other-income

households, respectively. Label C refers to the cluster average.
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Figure C.2. Daily electricity consumption for constrained p-median clusters 1-15 (24 July

2009 to 20 December 2009). In each subplot, labels H, L, and O refer to high-, low-, and

other-income households, respectively. Label C refers to the cluster average.
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