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Designing policies to achieve a more sustainable electricity system requires policy-makers to weigh different
electricity futures against a wide range of societal, economic, environmental, and technical implications. There is
controversy on multiple fronts, as no technology satisfies all the demands of sustainability. Moreover, electricity
systems include combinations of interacting technologies, meaning it is not enough to analyze technologies
individually. We present a methodology for evaluating the sustainability of a region’s electric generation
portfolio, using multi-criteria decision analysis. Our framework focuses on long-term capacity planning for resource adequacy and sustainability. We used a regional electricity model and pay close attention to controversies
involving offshore wind, natural gas pipelines, and the retirement of nuclear plants. We evaluate a set of generation portfolios under nine illustrative stakeholder preference scenarios across seven sustainability metrics. We
find that under many stakeholder preferences, increasing offshore wind from 1.6 to 10 GW and eliminating oil
generation scores well. If stakeholders are concerned about the full range of sustainability metrics – including
costs, climate change, pollution, land-use, jobs, and safety alongside water conservation and nuclear concerns –
then the most sustainable solution is to increase nuclear (to 9.2 GW from 3.5) alongside wind, and back them up
with base levels of natural gas and hydro (18.7 and 3.3 GW respectively).

1. Introduction
Regions around the world have goals to increase the sustainability
of their electricity systems, consistent with the World Bank Sustainable
Development Goals and the Paris Climate Change Agreement [1,2].
Sustainability, however, is multi-dimensional, making it difficult to
evaluate [3]; and the metrics used for evaluation of a sustainable energy system vary across the literature [4,5]. Previous studies have used

multi-criteria decision analysis (MCDA) approaches to evaluate the
sustainability of individual generation technologies one at a time. Some
papers use a global perspective [6–8], while others focus on specific
regions, including the USA [9], Egypt [10], Australia [11], Finland
[12], Italy [13], Jordan [14], Taiwan [15], Tunisia [16], and Turkey
[17]. Maxim [8] compared 14 technologies across 10 sustainability
indicators in a global context, while Klein and Whalley [9] compared
13 electricity options across eight decision-maker preference scenarios

Abbreviations: CO2, carbon dioxide; EIA, US Energy Information Administration; ENS, energy not supplied; FTE, full-time equivalent; GHG, greenhouse gas; HD,
hourly demand; IPCC, Intergovernmental Panel on Climate Change; ISO-NE, Independent System Operator of New England; LCOE, levelized cost of electricity;
MCDA, multi-criteria decision analysis; NG, natural gas; NOX, nitrogen oxides; O&M, operations and maintenance; PM, particulate matter; SO2, sulfur dioxide; UN,
United Nations; USA, United States of America
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for the USA. Cartelle Barros et al. [6] compared 10 technologies across
16 sustainability indicators obtaining a sustainability index for each
technology in a global context. They found that renewable energy
technologies would make a greater contribution to sustainable development than conventional generations. These analyses, however, miss
important interactions between technologies, especially when high levels of intermittent renewables are included.
Four papers examine sustainability and reliability for an overall
system, using MCDA techniques in combination with an electricity
model. Atabaki and Aryanpur [5], Lo Prete et al. [18] and Brand and
Missaoui [16] optimize for least-cost technology options, rather than
using cost as just one component of sustainability. Atabaki and Aryanpur [5] focused on comparing different optimization objectives and
the resulting electricity systems. Lo Prete et al. [18] focused on comparing the sustainability of micro-grids when combined with the current centralized grids in Europe. Brand and Missaoui [16] focused on
evaluation of electricity portfolio options for the Tunisian power system
in terms of energy security, cost, socio-economic, and ecological criteria
using a linear optimization model in combination with MCDA analysis.
The fourth paper, Hong et al. [11], evaluate generation portfolios using
an MCDA framework to optimize portfolio mixes under a range of
stakeholder preferences, with a focus on nuclear scenarios. This paper
does not address the intermittency of resources in the system.
Some gaps in the literature remain. (1) There is a need to consider
economic viability as just one sustainability criterion rather than the
key objective. (2) Most systems globally are dominated by centralized
power systems; thus, it is crucial to address these. (3) The set of social
and environmental sustainability metrics in these papers is limited. (4)
It is important to represent hourly, seasonal, and annual variation in
resource availability and demand. (5) The impacts of generation technologies depend on both their capacity and their energy generation.
In this paper, we expand the literature and address these gaps by
introducing a methodology for evaluating the system-level sustainability of a region’s electricity generation portfolio. This method evaluates the sustainability of the system under multiple metrics, while
simultaneously capturing the interactions between technologies. This
provides policy makers with quantitative estimates for the tradeoffs
between electricity system futures against multiple sustainability metrics.
In order to explore how regions can transition to more sustainable
power systems, we analyze and evaluate the electricity system in terms
of portfolios of generation technologies, rather than individual technologies one by one. This is important, because the impact of the
electricity system as a whole may be quite different than the impacts of
individual technologies considered alone. For example, the levelized
cost of electricity (LCOE) of an individual technology does not capture
the cost to serve the entire system’s demand; it is well-known to be a
flawed metric when comparing the economic attractiveness of intermittent and conventional generation [19]. Similarly, while individual
intermittent technologies have low pollution and water consumption,
their employment may nevertheless lead to significant emissions and
water use from the conventional generation technologies used as
backup [20,21].
In our analysis, we first require candidate portfolios to reliably satisfy the region’s electricity demand. We then evaluate the portfolios
under a mix of sustainability metrics, including societal, environmental,
and economic factors (i.e. LCOE, land use, water consumption, jobs,
fatalities, emissions). These metrics are evaluated considering the impact of both energy and capacity. This contrasts with the literature,
which used lifecycle estimates for metrics, assuming typical energy use
based on historical capacity factors, for a given amount of capacity. At
the system level, however, a fixed amount of capacity can produce
varying amounts of energy, depending on the composition of the
electricity portfolio. Our method provides a holistic picture, as we explicitly distinguish the sustainability impacts of installed capacity
versus electricity produced.

Our specific contribution is to combine a number of aspects in order
for a holistic analysis. First, this is the first MCDA study to differentiate
between the sustainability impacts of capacity and the sustainability
impacts of energy. This is new in the literature, and is crucial for
evaluating system-level impacts. Second, we integrate an MCDA model
with a centralized regional power system model that addresses intermittency and integration. This is crucial since electricity technologies
interact in important ways. It is almost nonsense to discuss the sustainability, or even the cost, of individual technologies, without a
system perspective. A region’s ultimate performance depends on the
overall system and the portfolio in which they find themselves. Third,
our model is grounded in historical bidding strategies, rather than using
cost-minimization, reflecting imperfections in the actual system and
allowing economic viability to be treated as a sustainability criterion,
giving better insights into metric tradeoffs. Fourth, we consider a larger
set of social and environmental sustainability metrics than other
system-level models in the literature. Fifth, we use a large data set
capturing important seasonal variation. Sixth, our intention is not to
arrive at a single best portfolio like the optimization papers in the literature, but rather to facilitate energy planning discussions by clarifying the sustainability tradeoffs between various generation portfolios. Energy stakeholders (i.e. policy makers, utility managers, voters,
residential consumers) can use our analysis to better understand how
integrating various technologies into their power systems will impact
overall system sustainability.
We apply our method to the New England power system. New
England has been a leader in moving toward a more sustainable electricity system in a number of ways, yet faces many controversies in the
best way forward, including questions about expanding hydro from
Quebec, maintaining nuclear, expanding natural gas pipelines, and
adding large amounts of offshore wind. While different systems will
face somewhat varying questions, many of the themes of New England
transitioning to a more renewable system can be seen in other regions
The rest of the paper is organized as follows. Section 2 presents our
integrated electricity and sustainability model. Section 3 presents the
results of our New England case study. Section 4 concludes with some
policy implications. The specific data used in our analysis can be found
in Appendices A and B.
2. Methodology
We apply a two-step methodology to evaluate the sustainability of
electricity generation portfolios (Fig. 1). We define a portfolio to be the
combination of power plants that reliably satisfy a region’s electricity
demand. Candidate portfolios are defined in terms of installed generation capacity for each technology. When evaluating the reliability of
a given portfolio, we use the electricity not supplied (ENS) metric,
which is defined as the difference in the energy demand and the
available energy supply. The electricity model, in Section 2.1, calculates energy supplied by each technology, under the constraint that
demand is satisfied for every hour over a period of 5 years. If demand is
not satisfied, the generation portfolio is deemed unreliable, and more
capacity is added into the system. The sustainability model, in Section
2.2, uses the capacity and energy contribution of each technology as
inputs to evaluate a set of metrics for each portfolio. Using MCDA, the
portfolios are ranked under multiple illustrative preference scenarios,
which apply exogenously-defined sustainability metric scaling coefficients. Table 1 presents a list of variables that will be used throughout
this section.
2.1. Electricity model
The structure of our electricity system model is generalizable, but
the specific model is inspired by the New England electricity system.
We focus on generation capacity adequacy, assuring that there is never
a mismatch of supply and demand. We define generation adequacy, as
656
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Fig. 1. Flow chart for portfolio evaluation.

the “ability of the electric system to supply the aggregate electrical
demand and energy requirements of customers at all times, taking into
account scheduled outages and reasonably expected unscheduled
outages of system elements” [22]. Our model is based on a deregulated
energy market where the generators are dispatched based on their bids
and transmission constraints. We abstract from transmission constraints, leading us to find a lower bound on generation capacity requirements. The analysis includes commercially available technologies
which currently contribute, and are projected to continue contributing,
to the New England electricity generation mix (i.e. hydro, wind, solar,
oil, natural gas, an nuclear). Storage is excluded from this analysis. This

is a first step in moving from a technology-by-technology calculation to
a sustainability calculation for the entire electricity system. Future work
includes understanding the role of storage, and integrating other components of the energy system (i.e. interactions between heating and
natural gas pipelines).
The purpose of the electricity model is to estimate the amount of
energy generated by each source. We do this using simple dispatching
rules for the different technologies. Specifically, we mimic the typical
merit-order found in the historical trends in New England. The flow
chart in Fig. 2 illustrates the rules governing the order in which generators are dispatched. Nuclear generation is allocated first, as nuclear

Table 1
Summary of Model Variables.
Symbol

Description

Units

A
CFiτ
Ccap, τ
CFuel, τ
CO&M,F
CO&M,V
CRF
DHeat,t
Dpv
Eiτ
ENSt,i
Eiτ
Fjτ
fτ
Giτ
h
HRτ
i
Ja
Jc
Jτ
LCOEiτ
NGi,t
PLt
TC
τ
t
Vjτ
WOτ
W

Total land area covered by the plant
Capacity factor of technology τ in portfolio i
Overnight capital cost
Fuel cost for fossil fuels, uranium
Fixed O&M cost
Variable O&M cost
Capital recovery factor
heating demand for natural gas (power-equivalent) at hour t
Depreciation, based on IRS Modified Accelerated Recovery System
Electricity generated by technology τ in portfolio i
Electricity not supplied at time t for portfolio i
Electricity generated by technology τ in portfolio i
Fixed value per unit of capacity per unit of electricity for metric j
Fuel per unit of electricity used by technology τ
Installed Capacity of technology τ in portfolio i
Hours in a year
Heat rate: fossil fuels, uranium
Portfolio
Annual operation jobs
annual construction jobs
Direct (construction and operation), indirect, and induced full time equivalent (FTE) jobs per MW
Levelized cost of electricity for technology τ in portfolio i
Electricity available from natural gas generation in portfolio i at hour t
Pipeline capacity (power-equivalent) at time t
Period of construction
Technology
Time
Variable value per unit of electricity for metric j
Ongoing variable water consumption from operations of the plant
Water consumption due to the fuel cycle per unit of fuel

m2
%
$/kW
$/Btu
$/kW
$/kWh
%
MWh
%
MWh
MWh
kWh
Varies
ton/MWh, MMscf/MWh, or kg/MWh, as appropriate
kW
hr
Btu/kWh
–
FTE/yr
FTE/yr
FTE/MW
$/kWh
MWh
MWh
Years
–
hr
Varies
L/MWh
L/MMscf for natural gas and L/kg for nuclear

WPτ
xijτ
yi

Lifecycle water consumption for the construction and installation of the power plant equipment
Sustainability value on metric j for technology τ in portfolio i
weighted sum of the normalized metrics

657
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Fig. 2. Merit-order dispatch flow chart for the electricity model. The diamonds containing HD are decision points where the model evaluates if there is any remaining
hourly demand after a generation technology has been deployed. If there is demand remaining then the next technology is dispatched, if not then the model
progresses to the next time period.

typically bids very low, or even negative, to avoid having to power
down. Next, solar is allocated, followed by onshore wind. Again, these
generators tend to bid zero. We allocate solar first because it is more
decentralized, thus more difficult to “spill”. If there is load remaining,
this gets allocated to offshore wind. The remaining load is divided between natural gas and hydro, with 87.5% to natural gas and 12.5% to
hydro. These percentages reflect the proportion of energy supplied by
these technologies in 2015 in our region of study. If there is remaining
demand, and if the natural gas pipeline is not operating at maximum
capacity, the demand is allocated to natural gas first, followed by
hydro, and finally to oil. Hydro is dispatched before oil because oil is
expensive and typically only used to cover the demand peaks. If the
natural gas pipeline is at maximum capacity, then oil is used to meet
demand followed by hydro. In this case, oil is dispatched before hydro
because we assume that if the pipeline is at capacity the heating demand is high, indicating low temperatures. During periods where the
temperature is low, hydro-power generators usually keep the reservoir
level higher to prevent the reservoir from freezing and protect fish
populations. We do not separately consider electricity imports. Instead,
our model defines the generation portfolio as the combination of power
plants that will supply electricity to the region, eliminating the need to
distinguish between imported and domestically generated electricity.
The outputs of the electricity model include the total energy supplied, the average power, and the capacity factor by each technology
over the 5-year time period. The capacity factor for technology τ in
portfolio i, CFiτ is calculated by dividing the total energy generated, Eiτ,
by the amount of energy technology τ would generate if it ran at full
capacity, Giτ, for every hour, h, over 5 years, Eq. (1).

CFi, =

h

Ei,
Gi,

illustrated in Eq. (2).

NGi, t = min[Gi, NG ; PLt

DHeat , t ]

(2)

Here NGi,t is the electricity available from natural gas generation in
portfolio i at hour t; Gi,NG is the generation capacity of natural gas in
portfolio i; PLt the pipeline capacity (power-equivalent in MWh); DHeat,t
the heating demand for natural gas (power-equivalent in MWh) at hour
t. The power-equivalent for both parameters is calculated using a power
plant heat rate, or efficiency, of 10,408 Btu/kWh for a steam electric
generator. This is a simplifying assumption: in reality the amount of
fuel required to generate electricity varies by types of generators, power
plant emission controls, and fuel quality. We convert the pipeline capacity, reported in fuel per day, to energy capacity per hour through
tracking the natural gas used from the pipeline over a 24-h time period.
Once the fuel used has reached the maximum amount for that day we
set PLt = 0, indicating no more natural gas power can be generated
until the beginning of the next 24-h time period.
We abstract from transmission (and its related complications such as
Kirchhoff’s laws), thus assuming that there is an unconstrained network, meaning necessary investments in transmission capacity have
been made to ensure reliable supply of electricity to demand centers.
When evaluating the reliability of a given portfolio, we use the ENS
metric, defined in Eq. (3):

ENSt , i = Dt

Et , i

(3)

where ENSt,i is the electricity not supplied at time t for portfolio i; Eti is
the electricity generated by portfolio i at time t; and Dt is the demand of
electricity at time t. Let ENSi be the maximum energy not supplied for
portfolio i over the time period of the model:

(1)

ENSi = max(ENSti )

Each technology is dispatched up to its constraints. All technologies
are limited by the overall capacity of the technology in the portfolio.
Nuclear is limited by planned outages, which are based on previous
data. Hourly data on solar radiation, onshore, and offshore wind speed
(see Appendix A) are used to determine the maximum energy output
based on the portfolio-specific capacity levels. Natural gas capacity is
the minimum of installed generation capacity and pipeline capacity, as

t

(4)

If ENSi > 0 the candidate portfolio i is considered unreliable and
capacity is added.
The electricity model was validated using the 2015 data for the ISONE region. Upon validation we found our model output similar electricity contributions by technology for 2015.
658
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Table 2
List of the three types of sustainability and their metric.
Sustainability

Metric

Units

Economic Sustainability

Levelized Cost of Energy (LCOE)

$/kWh

Environmental Sustainability

Life cycle greenhouse gas (GHG) emissions
Life cycle air pollution (SO2, NOX, PM)
Land use (on-site, direct, operational)

Gram of CO2 equivalent (gCO_2eq)/kWh
Milligram (mg)/kWh

Life cycle Water consumption (on-site, direct, operational)

Square meters (m2 )/MWh
Liters(L)/MWh

Fatalities
Jobs
Nuclear aversion

Fatalities/GWh
Full-time equivalent (FTE)/GWh
unitless

Social Sustainability

2.2. Sustainability model

Table 3
Parameters used to calculate the sustainability for various portfolios.

Given the capacity and energy of each generation technology in a
portfolio, we calculate the sustainability of the portfolio, using a multicriteria decision analysis model, building on the work of Klein and
Whalley [9] and Maxim [8]. A key contribution of this paper is the
division of each sustainability metric, seen in Table 2, into its fixed (per
capacity) and variable (per energy) components. The ultimate measure
of sustainability will be driven by stakeholder preferences over multiple
metrics using the weighted sum method. To get at this, we consider a
number of illustrative preference scenarios. In order to operationalize
this, the preferences of stakeholders in New England would need to be
elicited. In the rest of this section, we define our set of sustainability
metrics, then discuss the calculations used to evaluate the sustainability
of generation portfolios.
We discuss the calculations for individual sustainability metrics in
Section 2.2.1, and how they are aggregated into portfolio metrics in
Section 2.2.2.

Fj,
hCFi

+ Vj,

Description

Value

Units

T
h
DR
N

Effective tax rate, includes state and federal taxes
hours in a 5-year period
Discount rate
Number of operational years

39.2
8760 * 5
4
30

%
h
%
years

technologies. LCOE is an economic assessment of the discounted total
cost to build and operate a power-generating asset over its lifetime
divided by the total electricity output of the asset over that lifetime.
Typically, LCOE is regarded as the average minimum price at which
electricity must be sold in order to break-even over the lifetime of the
project. We note that our LCOE will depend on how much electricity is
generated in each specific portfolio.
We calculate LCOE for individual technologies as seen in Eqs. (6)
and (7). The fixed and variable LCOE components are:

2.2.1. Definition of sustainability metrics for individual technologies
When analyzing portfolios rather than individual technologies, both
generation capacity and energy consumption need to be considered. If a
metric is proportional to capacity, such as direct land use, then using a
lifecycle estimate of per energy land use will be misleading if a technology generates only a small amount of energy within a portfolio.
Thus, we define a fixed and variable portion for each technology τ. Let
xijτ be the value of metric j for technology τ in portfolio i; and let Fjτ and
Vjτ represent the fixed value per unit of capacity and variable value per
unit of electricity for metric j, respectively. The total value of the metric
is as follows:

x ij =

Symbol

FL =

Ccap,

CRF (1
(1

TDpv )

T)

VL = CO & M , V + (CFuel,

HR )

+ CO & M , F

(6)
(7)

Here Ccap, τ is the overnight capital cost, CRF is the capital recovery
factor, T is the effective tax rate, Dpv is the depreciation, CO&M,F is the
fixed O&M costs, CO&M,V is the variable O&M costs, CFuel, τ represents
the fuel cost, and HR τ is the heat rate. All data for LCOE comes from
Klein and Whalley [9] except the portfolio-specific capacity factors,
CFiτ, which are derived from the electricity model.
Water consumption is defined as the portion of water withdrawn
from the environment and not directly returned to the ‘immediate
water environment’ [23]. Water consumption includes both a fixed
amount (Eq. (8)) from construction and installation, and a variable
amount (Eq. (9)), comprised of water used in the fuel cycle and operations of the plant.

(5)

where the capacity factor CFiτ depends on the specific portfolio i and
technology τ, and h is the number of hours in the study.
Following Klein and Whalley [9] we assume that all technologies
have a 30-year lifetime. This assumption accommodates the technologies that had multiple lifetime estimates in the literature, reduces
general variability, and provides consistency across sustainability metrics, a majority of which used a 30-year lifetime in reported values. The
wind technologies had lifetime estimates of 20 years, whereas nuclear is
estimated at 40 years. Changing the lifetime of the technologies would
primarily impact the estimated LCOE, changing the estimated cost of
nuclear and wind by about 25%. In our sensitivity analysis we show
that these differences have very little impact. Below, we discuss each
metric in turn, dividing them into categories depending on whether
they have only a fixed amount, only a variable amount, or both. Table 3
lists key parameters.

FW =

WP
GN

VW = W

(8)

f + WO

(9)

WPτ is the lifecycle water consumption for the construction and
installation of the power plant equipment. W is the water consumption
due to the fuel cycle per unit of fuel, and N is the number of operational
years. This is key in thermal power plants where drilling and mining the
fuel source uses significant amounts of water. Here fτ is the amount of
fuel per unit of electricity used by technology τ; this value was sourced
from the literature [23]. WOτ is the ongoing variable water consumption from operations of the plant, such as cooling.
The source of GHG and air pollution emissions varies by technology.
Emissions from fossil fuels depend most strongly on the operation of the
plant, while solar and wind create emissions primarily through the
production of their components. For natural gas and oil, we use a
lifecycle estimate of GHG emissions and air pollution, since the amount

2.2.1.1. Combined fixed and variable metrics: LCOE, greenhouse gas
(GHG) Emissions, air pollution Emissions, water consumption. These four
metrics have both a fixed and variable component for most
659
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of emissions created from construction are negligible compared to the
lifetime emissions. On the other hand, we assume that for the renewable technologies and nuclear, emissions are wholly fixed. GHG emissions include upstream (i.e. manufacturing, construction, and mining),
O&M, and downstream (i.e. decommission) CO2, CH4, and N20 emissions. Air pollution is the sum of the total lifecycle emissions of SO2,
NOX and PM.

Intergovernmental Panel on Climate Change (IPCC) [24], we assume
fatalities are wholly variable, and source values from Klein and Whalley
[9].
2.2.2. Portfolio-level metrics of sustainability
To calculate a metric for a portfolio, we take the weighted average
of the technology-specific metrics, scaling by the proportion of electricity generated by each technology in the portfolio:

2.2.1.2. Fixed metrics: Land use, jobs, and nuclear aversion. Land use by
power plants is a concern due to the direct and indirect impacts on the
environment. We use the maximum life cycle land use of power plants
presented in Klein and Whalley [9], which is defined as an upper bound
on the amount of land that will be used in each power plant. We assume
that land use is a fixed metric for all cases. This is clearly the case for
renewables since the size of the plant impacts the amount of raw
materials that will need to be mined for the plant (indirect land use)
and the amount of land needed to house the facilities (direct land use).
This assumption is less justified for fuel-based technologies because an
increase in demand for fuel will increase impacts on land. Thus,
assuming land use is wholly fixed lends itself towards over- (under-)
estimating the amount of land needed for fossil fuel and nuclear plants
when they produce a small (large) amount of electricity. However, due
to limited information regarding the amount of land used in the drilling
process, and radioactive waste storage requirements, we assume that
land use is entirely fixed, shown in equation (10).

FU =

Ai
Gi N

x ij =

Jc

TC
N

G

Ei
Ei

(12)

where xij is the aggregated value of metric j for portfolio i, and Eiτ is the
electricity generated by technology τ in portfolio i. See Appendix C for
more details regarding the aggregation.
In order to create a single value function combining all metrics, we
normalize each criterion to be on a scale of 0–1, where 1 is best, using
value normalization presented in Appendix D [8,9]. This normalization
is performed using the minimum and maximum values of the portfolio
metric scores across a broad group of 35 portfolios. We note that our
illustrative preference scenarios must be interpreted with these extreme
values in mind. See Table E1 in Appendix E for these values. In general,
if a new generation portfolio is defined that scores outside of the bounds
of the original minimum and maximum values, then it would require a
new preference elicitation [25,26].
A preference scenario represents a possible stakeholder weighting
across the metrics. In this analysis we use a linear additive value
function with linear individual value functions to calculate the sustainability score of various portfolios. In the absence of formal preference elicitations, we assume that sustainability metrics are mutually
utility and additive independent for all stakeholders [25]. Thus, the
scaling coefficient wj can be interpreted as a stakeholder’s preference
for moving from the worst to the best value for metric j, relative to all
the other metrics. The aggregate score for a portfolio, yi, is the weighted
sum of the normalized metrics. Section 3.3 presents the illustrative
preference scenarios we consider.
Data sources are discussed in Appendix B. Many papers have multiple estimates for each of the technology specific metrics. For the initial
portfolio comparison, we use the median values of technology specific
values sourced from the literature, and then present a sensitivity analysis of minimum and maximum values found in the literature in
Section 3.4.

(10)

where the subscript U stands for land use, N is the number of
operational years, A is the total land area covered by the plant in m2,
and Giτ is the installed capacity of technology τ in portfolio i.
We assume that jobs are proportional to capacity and not electricity
because, other than mining, the majority of jobs are generated through
construction of the power plant, and there are no mining or drilling
activities in New England. Moreover, even the operations of most
power plants are fixed rather than variable. To estimate jobs created in
the New England States, we use the Jobs and Economic Development
Impact (JEDI) models. The JEDI models estimate the number of annual
and construction jobs for a given technology at a specified capacity
level. The reported number of construction and annual jobs is converted
to a per MW value using the JEDI-specified capacity level, Gτ, and Eq.
(11).

FJ =

xij

3. New England case study

+ Ja
(11)

We investigate how generation capacity investments impact electricity contributions and the sustainability of different electricity futures. The methodology is generalizable, but this case study focuses on
New England. We provide insights into how policy makers can plan for
a more sustainable power system in 2035 and beyond, and illustrate the
policy implications of using a portfolio analysis in sustainability debates
as opposed to individual technology comparisons. We start by discussing how capacity relates to energy in different portfolios. Then we
discuss the results of the sustainability model, including a discussion of
sensitivity to key parameters, and end with a discussion of the role of
nuclear aversion.
The New England-based Regional Greenhouse Gas Initiative was the
first mandatory, market-based program to reduce emissions of carbon
dioxide (CO2) in the USA. The New England states participating in the
initiative include Connecticut, Maine, Massachusetts, New Hampshire,
Rhode Island, and Vermont. All of the states in New England have
Renewable Portfolio Standards, which require utilities to ensure that a
percentage of the electricity they sell comes from renewable resources,
with the aim of promoting domestic energy production to encourage
economic growth through job creation, and diversification of energy
resources [27].

where Jc is annual construction jobs; TC is the period of construction;
and Ja is annual operation jobs. The resulting total metric, Jτ measures
the direct (construction and operation), indirect, and induced full time
equivalent (FTE) jobs per MW. Indirect jobs are related to building the
plant, and occur in supporting industries, such as plant materials, and
financing. Induced jobs are created through reinvestment and spending
of earnings at local establishments. The data for the job calculation is
discussed further in Appendix B.
Nuclear Aversion. While nuclear generation is a low emission technology, many stakeholders are averse to adding nuclear to the generation fleet for a variety of reasons, including safety, proliferation, and
the long-term environmental impacts of radioactive waste. Thus, in
order to represent this preference and analyze the impact of nuclear
aversion on the sustainability of the portfolios, we define a metric representing aversion to nuclear. Nuclear technology is assigned a value
of 1 per unit of capacity; all other technologies, a value of 0.
2.2.1.3. Variable metrics: Fatalities. The evidence is not clear on the
proportion of fatalities that occur during construction versus during
operation (in developed countries). Thus, consistent with the
660
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Some states have additional energy targets as well. In 2008,
Massachusetts signed the Global Warming Solutions Act into law, requiring the Executive Office of Energy and Environmental Affairs, and
other state agencies, to set economy-wide goals to reduce the 2020
greenhouse gas (GHG) emission levels by 10–25% below 1990 levels,
and 2050 emissions by 80% [28]. In 2016, the Vermont Department of
Public Service released the “2016 Comprehensive Energy Plan,” with
goals of a 40% and 80–90% reduction below 1990 GHG emissions level
by 2030 and 2050, respectively. They specifically mention electrification of the transportation sector and moving toward solar, wind, and
hydro resources [29]. On the other hand, there is a push to reduce the
cost of electricity, similar to other regions around the world looking to
reduce energy poverty. According to the US Energy Information Administration (EIA) the average price of electricity for New England
customers in 2018 was 20 cents per kWh, significantly higher than the
USA average of 13.12 cents/kWh [30].
Despite the large push for sustainability, the region, similar to many
other regions going through energy transition, has seen considerable
debate over how to reach the goal of a sustainable power system. A
recent transmission plan aimed at connecting Canadian Hydro to
Massachusetts was voted down by New Hampshire at the last minute.
There is continuing controversy about new Natural Gas pipelines: with
the system operator of New England (ISO-NE) preferring new pipelines
to preserve electricity security and reduce dependence on expensive
imports of liquefied natural gas, but a number of different groups opposing the pipelines for environmental and safety reasons. In 2015,
there were three separate reports released evaluating the need for a
Natural Gas pipeline in New England [31], highlighting the debate over
the natural gas pipeline and energy security concerns.
ISO-NE has reported that 2200 MW of oil, nuclear, and coal capacity
will retire by May 2019, and an additional 5500 MW of coal and oil
capacity is at risk of being retired in future years. Moreover, there is
uncertainty surrounding New England's remaining 3300 MW of nuclear
power [32]. In 2018, Connecticut put out a request for proposals in
hopes of procuring up to 900,000 MWh/yr of renewable energy and
associated Renewable Energy Certificates from offshore wind and other
renewable energy sources. While recent legislation has carved out a
mandate of 1600 MW of offshore wind in the next 8 years, the failed
Cape Wind project, derailed by focused opposition on Cape Cod, hangs
over this development. If successful, the Cape Wind project would have
placed 130 3.6-MW wind turbines off of the coast of New England, for a
total installed capacity of 468 MW. The Cape Wind derailment by focused opposition illustrates the need to include multiple sustainability
criteria in power system evaluation.
The electricity model was validated using the 2015 data for the ISONE region. Upon model validation we found similar energy contributions were reported on a per technology basis for 2015.

portfolios vary by the levels of offshore wind, natural gas, and oil, with
portfolios 1 and 2 completely retiring oil, and adding combinations of
wind, natural gas, and hydro; and portfolio 3 maintaining oil and offshore wind at their base levels, while increasing natural gas and hydro
to meet demand.
Increasing Nuclear. While nuclear is currently out of favor due to
low gas prices and public opinion, some activists and analysts consider
it an important technology for addressing climate change. Thus, we
consider four portfolios with nuclear increased above the base case:
Portfolio 4 replaces oil with nuclear; Portfolio 5 replaces a combination
of natural gas and oil; and Portfolios 9 and 10 use nuclear to support
high levels of offshore wind.
Increasing Offshore Wind. We investigate five scenarios with
higher offshore wind, to investigate how the generation capacity used
to balance offshore wind impacts system sustainability. In Portfolios 6
and 7 we maintain base case values for all other technologies, except
oil, which is reduced, and add medium and high levels of offshore wind,
respectively. Portfolios 8–10 have high levels of offshore wind and no
oil capacity; they have elevated levels of hydro (Portfolio 8), nuclear
(Portfolio 9), and a combination of nuclear and natural gas (Portfolio
10). Portfolios 2 and 3, introduced above, are also relevant, having
medium and high offshore wind in a system with no nuclear. In addition to the above-mentioned portfolios we tested a portfolio in which
there was high offshore wind, no oil capacity, and increased levels of
natural gas capacity. This portfolio received similar sustainability
scores to Portfolio 6 in all categories, leading us to exclude this portfolio
from our analysis.
Tradeoffs between natural gas and Hydro. Given the prominence
of arguments around natural gas pipelines and transmission to
Canadian Hydro, we include four portfolios to investigate the tradeoffs
between hydro and natural gas, as both can provide flexibility.
Portfolios 11 and 12 follow the base case, but tradeoff between the level
of natural gas and hydro. Portfolio 11 has a higher level of natural gas,
while Portfolio 12 has a higher level of hydro. Along similar lines,
Portfolios 13 and 14 replace oil capacity with either natural gas or
hydro.
The results of the electricity model are presented in Fig. 3, showing
the energy contribution from each technology resulting from the portfolios. We highlight a few points: first, oil results in a capacity factor of
less than 1% in all portfolios, because it is dispatched last to cover peak
demand. Nevertheless, the capacity is required in order to meet demand
on certain days. We note that the model does not consider minimum
generation requirements of thermal generation; if it did, the contribution from oil might be slightly larger. Second, Fig. 3 highlights that the
energy contribution of each technology depends not only on the capacity of that technology, but the composition of the portfolio. For example, Portfolios 5 and 7 have similar capacities for hydro, but the
average energy is 9.9 and 12.2 GW, respectively. Third, we note that
natural gas plays a prominent role in energy, with over 42% electricity
contribution in all portfolios, except 4, 9 and 10, which have high levels
of nuclear. The sustainability model uses these results to rank the
portfolios under various stakeholder preference scenarios, discussed in
Sections 3.2–3.4.

3.1. Candidate portfolios
We evaluate a set of 15 candidate portfolios that vary in terms of
capacity in oil, offshore wind, nuclear, natural gas, and hydro (where
increases in hydro reflect transmission projects connecting Canadian
hydro to New England). These candidate portfolios reflect a number of
the discussions and arguments in New England today, as discussed in
the introduction. The 15 portfolios, described in Table 4 and Fig. 3,
were culled from a larger set of 35, to highlight these key questions and
controversies. Each portfolio has the minimum possible excess generation capacity needed to ensure reliability. Here we provide a discussion of how the portfolios relate to specific questions; and how the
composition of the portfolio impacts the energy contribution of specific
technologies.
Base Case. Portfolio 0 reflects ISO-NE’s current projections for
generation capacity for 2035 and is provided for comparison.
Decreasing Nuclear. Portfolios 1–3 reflect different ways to
achieve a power system where nuclear generation is retired. These

3.2. Sustainability results under equal scaling coefficients
In this section we present the results of the sustainability evaluation
under the preference scenario where all metrics have equal scaling
coefficients. We focus on the base values for all data, as sensitivity
analysis shows that results are quite robust to the full range of data (see
Appendix B). We consider two sets of metrics: one includes nuclear
aversion, the other does not. Under equal scaling coefficients, the role
of each metric is clear in its contribution to the overall sustainability
score.
Fig. 4 shows the portfolios ranked in terms of their relative sustainability scores excluding nuclear aversion. The striped portion of the
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Table 4
Description of portfolios.1

1
Note that high indicates that the generation capacity is larger than base case levels, and low indicates the generation capacity is below base case levels. The
colors represent the portfolios aimed at answering the different questions in our analysis. Orange: decreasing nuclear; Pink: increasing nuclear; Green: increasing
offshore wind; Blue: tradeoffs between natural gas (NG) and hydro

bars shows the additional impact on the sustainability score when nuclear aversion is included. A longer bar indicates a higher sustainability
ranking; for example, a longer portion for cost is synonymous with a
lower cost. The first key finding is that the top ranked portfolio does not
change with the addition of nuclear aversion – either way, high offshore
wind supported by high levels of nuclear ranks best under equal scaling
coefficients. These two technologies play a prominent role in general:
among the top five portfolios, four have high offshore wind and three
have high levels of nuclear. This implies that retiring nuclear completely may not be consistent with sustainability when all metrics are

given the same scaling coefficient. This is due to its large energy contribution of low-emission electricity. We delve further into the role of
nuclear aversion in Section 3.4.
Portfolio 9 scores well in all categories except cost and water consumption, which is due to the high cost of offshore wind and the large
water consumption of nuclear. The portfolio that contrasts with this one
is Portfolio 12 (ranked 8th), which has base level nuclear and some oil
capacity, scoring well on cost and water, but poorly on GHG and air
pollution emissions.
Comparing the top two portfolios highlights the role of offshore
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Fig. 3. Comparison of capacity and energy contribution of the portfolios. Solid bars represent capacity, measured on the left axis; striped bars represent energy,
measured as a percentage of the portfolio on the right axis.

wind in combination with nuclear. Both Portfolios 9 and 4 have high
nuclear and no oil, but Portfolio 9 has six times the amount of offshore
wind compared to portfolio 4. Portfolio 4, with slightly more nuclear, is
less robust to preferences, falling to 5th when nuclear aversion is included.
The results under the equal scaling coefficients are very robust to
uncertainty in the data. Under a sensitivity analysis for a wide range of
input parameters, including and excluding nuclear aversion, we found
that only nuclear capital costs and natural gas air pollution emissions
made any significant difference in overall sustainability rankings.
Portfolio 9 remains the highest ranked under the equal scaling preference scenario for all of the input parameters tested when nuclear
aversion is not included. When accounting for nuclear aversion, we see
a change in the highest ranked portfolio when the nuclear capital cost is

greater than $7680/kW (103% increase from base assumptions), or
when natural gas air pollution emissions are below 505 mg/kWh (49%
decrease from base assumptions). If either of these conditions is satisfied, Portfolio 6 (which keeps base level nuclear and slightly reduced
oil) becomes the top ranked portfolio. From these results we can see
that high renewable portfolios when combined with low emission
technologies do well when all criteria are weighted equally due to the
high scores in GHG and air pollution emissions.
To develop more intuition into the results, Fig. 5 presents a scatter
plot matrix, illustrating tradeoffs between pairs of metrics for each
portfolio. Each point within a square represents one of the 15 portfolios,
with the red solid point highlighting Portfolio 9. A score of one indicates that the portfolio scored the best in that category. This shows
that some metrics are clearly correlated with one another, for example

Fig. 4. Comparison of the generation portfolios under the equal scaling coefficients preference scenario.
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Fig. 5. Scatterplot matrix comparing the various sustainability metrics for generation portfolios. Each point represents a portfolio and shows the normalized score
under pairs of metrics. The red solid point signifies Portfolio 9.

nuclear aversion and water; or GHG, air pollution, and fatalities. There
is no tradeoff required between the metrics that are positively correlated. For example, if stakeholders only care about avoiding nuclear
and minimizing water consumption, then there is only one non-dominated portfolio, Portfolio 1, in which all of the oil and nuclear capacity
is retired. The metrics can be organized into five groups, with tradeoffs
between the groups: (1) nuclear aversion and water consumption; (2)
GHG, air pollution, and fatalities; (3) land use; (4) LCOE; (5) jobs. It is
only when we combine metrics from these five groups that we see
tradeoffs resulting in Pareto frontiers. From the figure we see that group
1 is negatively correlated with group 2, meaning that stakeholders will
be required to think carefully about these tradeoffs: saving water and
avoiding nuclear comes at a cost of higher GHG, pollution, and fatalities.
These results are driven by the specific set of technologies considered; in this case primarily by nuclear, natural gas, hydro, and offshore wind. The negative correlation between groups 1 and 2 is driven

mostly by nuclear, which is good on emissions and fatalities, but bad on
water and general concerns about nuclear waste and safety. Hydro
scores the worst on land use but very high on jobs.
3.3. Sustainability results under various stakeholder preferences
We further analyze the portfolios across nine possible stakeholder
preferences, presented in Table 5, to illustrate how preferences impact
which electricity systems are ranked as most sustainable. The scaling
coefficients (i.e. the relative importance of moving from the worst to
best value on each criterion) are created using the method similar to
Klein and Whalley [9] and Hong, Bradshaw, and Brook [11]. These
scaling coefficients are meant to be purely illustrative of different types
of stakeholders. Aversion to nuclear is excluded from this section.
First, we note that eight of the 15 portfolios are dominated by another portfolio across preference scenarios. A portfolio is dominated if
another portfolio ranks higher under all of the preference scenarios. A
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consumption were dominated across the preference scenarios. This is
because all of the preference scenarios we considered combined water
consumption with other environmental metrics, meaning that high
scores in water consumption were drowned out by low scores in landuse and air pollution. This highlights the value of taking a portfolio
approach, and the importance of eliciting preferences of stakeholders
regarding the relative importance of environmental sustainability metrics.
Our paper differs from previous papers, as it takes a system approach, considering the entire portfolio. The question in Maxim [8] and
Klein and Whalley [9] was which individual technology is most sustainable. But we find here that combinations of technologies are often
more sustainable than portfolios heavily weighted toward any one. For
example, both Maxim [8] and Klein and Whalley [9] identified nuclear
as the most sustainable technology (among the technologies evaluated
in our paper) under equal scaling coefficients; and Klein and Whalley
find that nuclear nearly dominates offshore wind, being better under all
scenarios except environmental [8,9]. In contrast, our analysis finds
that a combination of nuclear and offshore wind outscores portfolios
with a focus on one or the other. For example, Portfolio 9 has less
nuclear and more offshore wind than portfolio 4, yet is preferred under
more than half of the preference scenarios. Portfolio 4 only outranks
portfolio 9 when the economic sustainability criteria is given a weight
of 0.3 or higher, indicating that cost needs to be a high priority on the
stakeholder’s agenda to justify increasing nuclear at the expense of
offshore wind.

Table 5
Scaling coefficients for illustrative preference scenarios.2
Preference
Scenarios

LCOE

GHG

Air Pollution

Land

Water

Fatalities

Jobs

Equal
Climate Change
Climate Changeeconomy
Economic
Environmental
Jobs
Jobs-climate
changeeconomy
Jobs-economy
Socio-economic

0.14
0.02
0.45

0.14
0.90
0.45

0.14
0.02
0.02

0.14
0.02
0.02

0.14
0.02
0.02

0.14
0.02
0.02

0.14
0.02
0.02

0.90
0.03
0.02
0.30

0.02
0.23
0.02
0.30

0.02
0.23
0.02
0.03

0.02
0.23
0.02
0.03

0.02
0.23
0.02
0.03

0.02
0.03
0.02
0.03

0.02
0.03
0.9
0.30

0.45
0.23

0.02
0.03

0.02
0.23

0.02
0.03

0.02
0.03

0.02
0.23

0.45
0.23

2
Note the bold values signify the highest weighted metrics in that preference
scenario.

portfolio is non-dominated if no other portfolio dominates it. Table 6
shows the rankings of the non-dominated set of portfolios under each
preference scenario. Portfolio 9 dominates Portfolios 6 and 10, while
Portfolio 4 dominates Portfolios 0, 3, 5, 11, and 13. This illustrates the
importance of retiring oil in electricity systems: portfolios with no oil
and high nuclear dominate those with base or low levels of oil. This is
largely due to savings on pollution and GHG emissions. Portfolio 8
dominates Portfolio 1, indicating that increasing natural gas to offset
retired nuclear plants may not be the best way to support high levels of
offshore wind. We note, however, that Portfolio 1 becomes non-dominated upon just a 7% increase in nuclear capital costs over base assumptions. Overall, using base assumptions, four of the six portfolios
including high natural gas are dominated by portfolios with increased
nuclear, due to the savings on emissions and fatalities.
Of note is how the energy diversity of the portfolios impacts the
sustainability rankings. There are four unique portfolios that are ranked
first in at least one of the preference scenarios, all of which contain
nuclear. Three of these four portfolios completely retire oil. Thus, full
electricity diversity may not be required for sustainability. All but two
of the non-dominated portfolios contain nuclear, with these two generally ranked low resulting from high GHG and air pollution emissions.
Portfolio 12, which ranks highest on the economy, is the most diversified; Portfolio 9, which ranks first most often, is one of the more
diversified portfolios, except for excluding oil.
We note here that none of the 15 portfolios are dominated across all
individual metrics. This shows the importance of understanding how
stakeholders value the combination of sustainability metrics and the
relative tradeoffs, as opposed to evaluating metrics individually. For
example, we found that some of the portfolios that scored well in water

3.4. The role of aversion to nuclear power
Policy makers may have an aversion to nuclear power, whether
from direct concerns about waste, safety, or proliferation, or indirectly
based on political pressure [33]. Changing preferences for nuclear
aversion would impact the sustainability ranking of portfolios with a
high level of nuclear capacity. To put this in perspective, consider a
situation in which all metrics have equal scaling coefficients except
nuclear aversion. If we hold the value of all other metrics constant, we
can look at the implied tradeoff between nuclear aversion and LCOE. If
the scaling coefficient on nuclear aversion is 0.2 then according to the
stakeholder preferences, they would be willing to increase the LCOE
from $0.12/kWh to $0.16/kWh in return for reducing nuclear from
9.5 GW to zero. If the scaling coefficient on nuclear aversion was 0.35,
then that stakeholder would be willing to increase the LCOE up to
$0.22/kWh in return for the same reduction in nuclear. This description
of preferences illustrates how we can use the results from our analysis
to understand how stakeholder preferences impact the sustainability
ranking of electricity futures. This tool can provide context and information to policy maker about the tradeoffs between different electricity systems.

Table 6
Sustainability ranking under nine preference scenarios for non-dominated portfolios.3

3
Dark blue indicates the best sustainability ranking (i.e. a ranking of 1), red the worst. A bold portfolio name indicates that the portfolio contains all technologies.
An X indicates both nuclear and oil were retired; \ signifies only oil is completely retired; / signifies only nuclear is fully retired. CC = climate Change;
EC = Economy; EV = environmental; JB = Jobs; SC = socioeconomic.
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Fig. 6. Sensitivity analysis of the impact of nuclear aversion under preference scenarios (a) Equal Scaling Coefficients and (b) Climate Change.

differ in the importance they put on either.
For the technologies considered in this study, we find that the metrics can be organized into five groups that have tradeoffs between
them: (1) nuclear aversion, and water consumption; (2) greenhouse gas,
pollution, and fatalities; (3) land use; (4) levelized cost of electricity; (5)
jobs. If stakeholders only consider category two then replacing all oil
capacity with nuclear is a dominant choice. On the other hand, if stakeholders were only concerned about water consumption and avoiding
nuclear power, then the ideal choice would be to retire all oil and nuclear capacity and include a high level of offshore wind backed up by
natural gas and hydro. Finally, if stakeholders are concerned about the
full range of sustainability metrics, then the most sustainable solution
may be to support high offshore wind with nuclear and keep a largely
diversified portfolio, while retiring oil. Understanding these trade-offs
are key to policy and electricity decision makers progressing toward a
more sustainable power system.
While this analysis was done for New England, the work presented
here can be applied to other electricity systems using regional information on electricity supply and demand and the jobs metric. The
results presented here indicate that in the transition to a high renewable
future, retiring oil makes sense, but retiring existing nuclear capacity is
less obvious. While maintaining the current level of nuclear is consistent with sustainability, there is a high cost to retiring nuclear entirely, especially in terms of greenhouse gas and air pollution. On the
other hand, our system analysis indicates that there is no single most
sustainable technology, with a combination of offshore wind and nuclear outscoring portfolios heavy in only one. Finally, while natural gas
is likely to remain an important part of the New England electricity
system, it is not the only gateway to renewables.
We note that this is a first step toward integrating multi-criteria

Changing nuclear aversion preferences impacts the sustainability of
portfolios, as seen from Fig. 6. In analyzing the equal scaling and climate change preference scenarios, we see each has a key break point,
where Portfolio 1, which was dominated prior to the inclusion of nuclear aversion, begins to outrank Portfolio 9. If the scaling coefficient
for nuclear aversion is high enough, it is desirable to retire nuclear and
oil and support high offshore wind with increasing levels of natural gas.
Under equal scaling this happens at a coefficient of 0.2; for climate
change preferences, at a coefficient of about 0.35. This indicates that in
regions were nuclear is very unpopular, the most robust portfolios have
a high level of offshore wind. In the transition to a more sustainable
future, renewables are likely to be a vital part of the energy mix.
4. Conclusions and policy implications
We evaluated electricity generation portfolios across economic, social, and environmental sustainability metrics, using an electricity
model to investigate the system-level interactions between technologies, particularly between renewables, flexible generation (i.e. natural
gas, hydro, and oil), and less flexible generation (i.e. nuclear). We
provided analysis using nine illustrative stakeholder preference scenarios, which highlight the trade-offs different stakeholders might make
when moving towards more sustainable electricity futures. This work
identified seven portfolios, among a large initial group, that were nondominated across all preference scenarios. The smaller group highlights
the importance of trade-offs between costs, greenhouse gas and air
pollution emissions, water consumption, and nuclear aversion. We
emphasize that sustainability is multi-dimensional, and so must reflect
tradeoffs between multiple metrics. Stakeholders may agree that reducing both costs and greenhouse gas emissions are important, but may
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decision analysis with an electricity system approach. The key contribution of this work is to move beyond simple lifecycle assessment,
incorporating a deeper understanding of the roles capacity investments
and subsequent energy contributions play in the sustainability evaluation of an electricity system. Disentangling the fixed and variable
contributions for each sustainability metric and using portfolio-specific
capacity factors is essential to understanding the role investments and
retirements of various generation capacities play in enhancing a regions’ overall sustainability. Future work will include adding storage
options, electric vehicles, and a larger integration of other aspects of the
energy system such as the heating sector.
The framework introduced in this paper takes a systems and sustainability approach to capacity planning. The results can inform regional discussions about the future of the power system by highlighting
the sustainability tradeoffs between generation capacity mixes. These
tradeoffs include balancing electricity costs, different types of environmental impacts, job creation, worker safety, and public acceptance
of infrastructure and generation, while maintaining reliability.
Understanding these tradeoffs can help steer electricity systems toward
a sustainable future and inspire new directions for investment and research, and can assist in bridging the gaps between research and implementation. A major issue faced by policy makers, regulators, and
electricity system operators in implementation is understanding the
system level impacts energy policies will have. Through our work we

have quantified the impacts and tradeoffs between different electricity
portfolios. Using this analysis, stakeholders can have informed discussions about which technologies they should use to increase the sustainability of their power systems.
From this work, it is clear that there are many paths towards a more
sustainable future. Determining that path will involve a careful discussion among stakeholders to understand societal preferences regarding the three pillars of sustainability and towards the special concerns around nuclear power.
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Appendix A. Electricity model data
A1 Electricity demand and generation capacities
Demand projections were generated using information from ISO-NE (Anonymous 2015), projecting an 11% and 6% increase in summer and
winter peak demand respectively, under the mean expected weather forecast. These were then used to project demand to 2035 for the set of
historical data from 2011 to 2015. The current generation mix for New England was gathered from ISO-NE [32]. These projected increases can
reflect increased electrification, and electric vehicle deployment. New England’s demand, Fig. A1, shows the changes in net energy demand over a
15-year period in New England. The demand projections we use were generated using information from ISO NE [2].
The demand profile for a week in January 2015 can be seen in Fig. A2 to illustrate how the electricity demand changes over the course of a week.
A2 Data on individual electricity generation technologies
Natural Gas. The natural gas monthly consumption data for the electricity and heating sectors in New England is derived from monthly
consumption data from EIA [34,35]. We assumed that natural gas deliveries to residential, commercial, and industrial customers were for heating,
while deliveries to electric power customers were for electricity. The overall pipeline capacity for New England was estimated using information
provided by the EIA (EIA 2015). We assume a power plant heat rate of 10,408 Btu/kWh for a steam electric generator; and the fuel heat content is
1,029,000 Btu per 1 Mcf. We present a snapshot of the NG deliveries for 2014 and 2015. In Fig. A3 we see how the heating demand in the winter
impacts the ability to source electricity from NG [34,36]. Historically in New England priority has been given to residential and commercial heating
customers. Therefore, we assume that the heating sector gets allocated natural gas first. Liquefied natural gas is not included in our model.
Onshore Wind. Onshore wind speed data was gathered from the National Climatic Data Center [37], and focused on three sites in the New
England region: Western Massachusetts, the Boston Airport, and Lower Eastern Massachusetts. Onshore wind turbines were assumed to be 5 MW
turbines, with rotor disk area of 12,469 m2 and hub height of 90 m. The cut-in and cut-out wind speeds are 3 and 25 m/s, respectively. This data was
extrapolated to hub height using Eq. (13):

Fig. A1. Demand projections for the net energy in New England power system.
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Fig. A2. Hourly demand profile for January 1–7, 2015.

Fig. A3. NG usage vs import capabilities in New England (NE) for 2014–2015.

Fig. A4. Onshore wind speed profiles for January 1–7, 2015.

Uhh = Um

z hh
zm

(13)

where Uhh is the wind speed at hub height, Um is the measured wind speed, zhh is the elevation at hub height, zm is the elevation of the measured
wind speed, and β is the wind shear coefficient. We assume the onshore wind shear coefficient, β, to be 0.15. Onshore wind speed data collected from
Logan Airport was recorded at an elevation of 14 m above sea level; for other locations, at 7 m above sea level. The onshore wind profiles for a week
in January 2015 can be seen in Fig. A4 to illustrate how the profiles change for the three different wind sites.
Offshore Wind. The offshore wind energy power calculation is based off of the General Electric 6 MW offshore wind turbine [38], with a rotor
diameter of 150 m, blade length of 73.5 m, rotor swept area of 17,860 m2, and hub height of 100 m. We assume the offshore wind shear coefficient, β,
to be 0.1, and extrapolate the wind speed to a hub height of 150 m using equation 14. We assume the same cut-in and cut-out wind speeds as onshore
wind.
The offshore wind speed data was gathered from the National Data Buoy Center [39] located at Buzzards Bay, 26 nautical miles away from Block
Island, the first offshore wind farm site in the USA. The anemometer height of the buoy at Buzzards Bay is 24.8 m above sea level. The offshore wind
profile for a week in January 2015 for the Buzzards Bay location can be seen in Fig. A5 to illustrate how the speed changes over the course of a week.
Solar. Solar radiation data was gathered from the National Solar Radiation Database through NREL [40]. This data was gathered from two sites:
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Fig. A5. Offshore wind speed profile for Buzzard’s Bay January 1–7, 2015.

Fig. A6. Solar radiation profiles for January 1–7, 2015.

Western Massachusetts and Lower Eastern Massachusetts. We assume each solar farm is at least 1 MW in capacity; that the panels used have a 3/4
performance ratio and 15% yield; and that a 1 MW solar farm spans an area of 9290.34 m2. The solar profiles for a week in January 2015 can be seen
in Fig. A6 to illustrate how the profiles change for the two different solar sites.
Nuclear, Hydro and Oil. Nuclear current capacity and retirement projections were gathered from ISO-NE [32,41], and the Nuclear Regulatory
Commission [42]. Nuclear outage data was obtained from the EIA [43].
Information regarding the current capacity of hydro and oil was gathered from ISO-NE reports [32].
Appendix B. Sustainability model data
In this section we discuss the data used to calculate the sustainability metrics.
B1 LCOE
Data on capital cost, depreciation, operation and maintenance (O&M) costs, fuel cost and heat rate came from [9], using a 5.37% inflation rate for
conversion of 2011 to 2015 costs, with the exception of the natural gas fuel cost [44,45], the oil fuel cost [46], and oil heat rate [35]. Other oil plant
parameters are set equal to natural gas plant parameters. The data used to calculate the LCOE for each technology is in Table B1.
B2 other sustainability metrics
Table B2 summarizes the fixed and variable values for all sustainability metrics. For most technologies and metrics, the values were based on data
Table B1
Data used to calculate LCOE for each of the considered technologies.
Technology

Capital Cost (CCap)
$/kW

Depreciation (Dpv) %

Fixed O&M Cost (Co&m,f)
$/kW

Variable O&M Cost (Co&m,v)
$/kWh

Fuel Cost (Cfuel)$/Btu

Heat Rate (HR) Btu/
kWh

Hydro
Offshore Wind
Onshore Wind
Nuclear
PV
Natural Gas
Oil

2636.4
3337
1940
3785
4511
1032
1032

54%
83%
83%
59%
83%
54%
54%

36.8795
116.9607
35.8258
150.6791
13.69
284.499
216

0.0063
0.033
0.011
0.019
0.0074
0.037
0.037

0
0
0
5.00E−07
0
2.96E−06
8.09E−6

0
0
0
10,350
0
6645
10,687
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Table B2
Sustainability metric input data (“Var” refers to the variable portion)4.
Technology

Hydro
Offshore wind
Onshore wind
Nuclear
Solar PV
Natural gas
Oil
4

LCOE

Life Cycle GHG

Air pollution
emissions

Land use

Water Consumption

Fatalities

Jobs

Nuclear
Aversion

Fixed
($/kW)

Var ($/
kWh)

Fixed
(gCO2eq/
kW)

Var
(gCO2eq/
kWh)

Fixed
(mg/
kW)

Var
(mg/
kWh)

Fixed
(m^2/MW)

Fixed (L/
MW)

Var (L/
MWh)

Var (Fatalities/
PWh)

Fixed
(FTE/
MW)

Fixed

234
331
160
427
303
362
362

0.0063
0.0326
0.0105
0.024
0.0074
0.0056
0.117

53
41
39
95
92
–
–

–
–
–
–
–
449
752

419
362
345
1,671
1,528
–
–

–
–
–
–
–
988
2,668

190,606
31
3,950
1,024
1,561
2,308
2,308

16,587
3,660
11,048
16,587
72,952
16,587
16,587

0.208
0.13
2.02
2,415
0
815
795

5.80
1.70
0.52
0.92
0.13
9.40
9.40

1.91
1.39
0.36
0.48
2.32
0.48
0.48

0
0
0
1
0
0
0

Note: all fixed values are annualized. The dash indicates that the life-cycle data was not able to be separated into separate fixed and variable components.

from Klein and Whalley [9]. Oil, which was not analyzed in Klein and Whalley [9], is assumed to have the same values as natural gas, except where
noted. Here we highlight cases where data was not sourced from Klein and Whalley [9].
Life cycle GHG emissions. The life-cycle GHG emissions per technology were presented as harmonized values [9] and thus not able to be
separated into their fixed and variable components. Here we assume the GHG emissions are more proportional with the operation for natural gas and
oil making it a variable metric, and with capacity for all other technologies. Although we assume the GHG emissions are primarily variable metrics
since these are life-cycle estimates the emissions produced from building the power plant are included in the values. If there is a natural gas plant that
is built and produces less energy than predicted this will lead to an under estimation of the emissions from the natural gas plant. The GHG value for
oil was calculated by taking the 2009 total CO2, CH4, and N2O emissions for oil power in the USA, and dividing this by the total amount of electricity
produced by oil for 2009 in USA [47].
Life cycle air pollution. Similar to GHG emissions it is assumed that the life-cycle air pollution emissions are more proportional with the
operation for NG and Oil making it a variable metric, and with capacity for all other technologies. The value for oil was determined using the 2015
Massachusetts SO2 and NOX oil emissions, as determined by the EIA, and the 2014 Massachusetts PM emissions, using data from the United States
Environmental Protection Agency [48]. The air pollution is taken as the sum of SO2, NOX, and PM emissions in mg per kilowatt-hour.
Water consumption. Data for water consumption for wind, solar, nuclear, and natural gas were sourced from [23], while information for
hydroelectric water consumption was sourced from [49]. This information was then converted into fixed and variable components, with fixed water
consumption being the water used in plant construction and manufacturing electrical components, and variable water use being the water used in
the fuel cycle and plant operations.
For solar, values from [23] were converted to L/MW under the assumption of a CF of 22%. Nuclear and hydro fixed water consumption for
construction are assumed to be the same as natural gas on a per-capacity basis. For hydroelectric, we do not consider the water flowing through the
turbines and back into the river as consumptive. For hydro water consumption from evaporation, we use 0.208 L of fresh water per MWh [50]. Oil
and natural gas plants are assumed to have similar water consumption for operation, except for the water used in hydraulic fracturing for natural gas.
Jobs. All job estimations, except nuclear and solar PV, were calculated using the JEDI model for the New England States [51]. JEDI estimates the
number of construction and annual jobs for a power plant using employment multipliers to represent FTE jobs per dollar spent in each economic
Table B3
Sensitivity analysis input parameters.
Sustainability Category

Input Parameter

Technology

Minimum Value

Base Value

Maximum Value

Source

Economic

Capital Cost ($/kW)

Offshore Wind
Nuclear
Natural Gas
Offshore Wind
Natural Gas

2333
2858
910
74
1.3

3337
3785
1032
116.96
2.96

6629
8286
2578
212
23.8

[9]
[9]
[9]
[9]
[44–45,53,54]

Nuclear
Natural Gas
Hydro (gCO2eq/kW)
Nuclear (gCO2eq/kW)
Natural Gas (gCO2eq/kWh)
Hydro (mg/kW)
Nuclear (mg/kW)
Natural Gas (mg/kWh)

378
15
7.62
31.54
307
91.4544
157.68
119

2415
815
53.35
94.61
449
419.17
1671.4
988

2725
4883
1257.5
867.24
682
746.8776
3185.136
1857

[23]
[23]
[9]
[9]
[9]
[9]
[9]
[9]

Hydro
Nuclear
Natural Gas
Offshore Wind

3.30E−07
7.40E−07
8.30E−06
1.10E−06

5.80E−06
9.20E−07
9.40E−06
1.70E−06

2.20E−05
1.20E−06
2.10E−05
3.30E−06

[9]
[9]
[9]
[9]

Fixed O&M costs
Fuel Cost ($/MMBtu)
Environmental

Variable Water Consumption (L/MWh)
Life cycle greenhouse gas emissions
Air Pollution Emission

Social

Fatalities/GWh
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sector. Thus, power plants with a high upfront capital or O&M cost will result in higher employment estimates. The JEDI model does not reflect the
economic impact of increases or decreases in electricity rates resulting from new electricity infrastructure, local economic development losses
associated with displacement of local resources, or the displacement of some economic activity resulting from investment in certain electricity
projects. JEDI models were unavailable for nuclear and solar PV so values were sourced from Klein and Whalley [9].
Construction times, N in Eq. (11), are sourced from Lazard [52] for all technologies except natural gas [40] and hydro [9]. Nuclear plants are
assumed to create the same number of jobs as natural gas plants per unit of capacity. This assumption is consistent with median job estimates for
nuclear and natural gas in Klein and Whalley [9]. The onshore and offshore wind FTE jobs were estimated for 2.3 MW and 6 MW turbines, respectively. The JEDI model assumes 0% of the natural gas fuel is produced locally in NE, meaning the local share would be zero for drilling
operations, and the revenue generated by fuel sales. For onshore and offshore wind, the local share for turbine equipment (i.e. blades, towers, etc) is
zero due to these components being constructed outside of the region, meaning that a large portion of the jobs created by additional plant capacity
would be outside of NE. Our estimates are in the bottom quartile of [9], implying a possible over-estimation of the jobs created by solar. There is,
however, a significant amount of solar manufacturing in NE. Moreover, all portfolios contain the same level of solar capacity.
B3 sustainability metrics for sensitivity analysis
The sensitivity analysis input parameters are presented in Table B3.
Appendix C. Calculating portfolio metrics
The sustainability score, xij, of portfolio i for metric j can be defined as the sum of the total levelized fixed value of the portfolio and the total
variable value of the portfolio:

Fj Gi

x ij =

Ei

+

Vj Ei
(C1)

Ei

where Giτ and Eiτ are the capacity and the average annual electricity for technology τ in portfolio i. Note that we can rewrite the equation (C1) for the
individual metrics xijτ as follows:

x ij =

Fj
hCFi

+ Vj =

Fj Gi
Ei

+ Vj

(C2)

The quantity on the left is derived by using the definition of CF and rearranging terms. Thus, combining equations (C1) and (C2), we show that
the portfolio metric can be calculated the individual metrics.
Appendix D. The sustainability score using an additive value function
Our MCDA involves the following steps: (1) identify sustainability metrics and a set of candidate portfolios reflecting a range of possible
electricity futures; (2) assemble the metrics data for each portfolio in a comparable format; (3) compute the raw MCDA scores; (4) rank the portfolios
under illustrative preference scenarios, which reflect the relative importance of each sustainability criterion. In order to combine the different
metrics j, each metric is normalized using Eqs. (D1) and (D2), resulting in each criterion being measured on a scale between 0 and 1. A measure of 1
and 0 reflect the best and worst calculated value of that metric across all portfolios being considered, respectively.

z ij =

x ij
x max

x min
(D1)

x min

where xmax is preferred

z ij =

x max
x max

x ij
(D2)

x min

where xmin is preferred.
Here xij is the raw score of portfolio i for metric j, zij is the normalized score of portfolio i for metric j. Eq. (C1) is used where a higher value is most
desirable (i.e. jobs). Eq. (C2) is used for where lower value is most desirable (i.e. GHG, water consumption, LCOE).
m
Let a vector of metric scaling coefficients represent a preference scenario, with the scaling coefficient on metric j, wj. j = 1 wj = 1. Using matrix
notation, the metric scaling coefficients, wj, and normalized scores of portfolio i for metric j, zij, are converted to weighted scores, yi, for each
portfolio. Note each row of the Z matrix represents the portfolios, and the columns represent the metrics. We do sensitivity analysis over a number of
different vectors of preference scaling coefficients representing a variety of potential stakeholder scenarios.

[ w1, w2,

, wm ] ×

z11

z1I

z m1

z mI

= [ y1, y2,

, yI ]

(D3)

In Eq. (D3) above m is the number of metric and I is the number of portfolios. When combined the normalized scores result in a rank order from
highest yi (most preferable) to the lowest yi (least preferable) for the set of portfolios.
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Appendix E. Minimum and maximum metric values
The minimum and maximum values for each of the metric across all of the portfolios are presented in Table E1. These represent the extreme
values for the 35 portfolios originally tested in our system, using median values for all parameters. These values effect the interpretation of the
meaning of the scaling coefficients.
Table E1
Minimum and Maximum Portfolio Metric Values.

LCOE ($/kWh)
GHG (gCO2eq/kWh)
Air Pollution (mg/kWh)
Land-Use (m^2/MW)
Water Consumption (L/MWh)
Fatalities/GWh
Jobs (FTE/MW)
Nuclear Aversion

Minimum

Maximum

0.12
113
248
3713
557
3.37E−06
0.46
2.3E−05

0.15
375
828
54,477
1576
8.62E−06
1.03
0.28
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