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ARTICLE INFO ABSTRACT
Dataset link: https://github.com/narslab/manu In this work, we applied scenario discovery to explore emission reduction potentials and identify decarboniza-
script-newhaven-emissions-forecast tion pathways over multiple sectors, using the New Haven-Milford Metropolitan statistical area as a case study

in regional planning. We first generated a diverse set of future emission states using Latin hypercube sampling
(LHS), and then applied Gaussian mixture modeling to cluster outcomes based on emission percentage changes
between 2021 and 2050 (EPC) and cumulative emissions percentage change (CEPC). This analysis identified
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XGBoost four decarbonization scenarios: Mild, Moderate, Deep, and Near Net-Zero. We further examine the pathways
Emissions associated with these decarbonization scenarios and the parameter combinations that could drive progress
Planning toward the decarbonization targets, as well as shifts in the relative importance of these activity parameters

under different target-year assumptions. The results indicate that achieving Near Net-Zero requires parameter
shifts exceeding 50% of their feasible sampled ranges for electrification rates, fuel economy (MPG), truck
vehicle miles traveled (VMT), and commercial emissions, as well as earlier action in achieving this transition.
Furthermore, we trained an eXtreme Gradient Boosting (XGBoost) model to predict EPC and CEPC. XGBoost
model revealed the most relevant factors in each scenario. In particular, residential natural gas consumption is
a key driver of emissions reduction in Near-Net Zero, followed by commercial emissions, highlighting an effort
to improve the efficiency of residential and commercial building energy consumption. Overall, we demonstrate
that not only the level of reduction of each activity parameter is important for emissions reduction, but also
the pace of the parameter change over the prediction horizon.

1. Introduction be achieved through policy measures and actions for a variety of
stakeholders such as policy makers, educational institutions, business

Cities are becoming increasingly important in shaping the future companies, and society [10-13].
of carbon and climate in this century [1] and perhaps beyond. They Historically, scenario planning has been used to facilitate decision-
contribute between 60 and 70% of global greenhouse gas (GHG) emis- making under uncertainty. Classic scenario planning relies on exploring
sions, largely due to energy consumption, transportation and industrial a small number of divergent or extreme futures. The usefulness of

activity [2-4], and this share continues to rise annually [5,6]. Crucially,
urban centers are also leading efforts to develop and advocate for
climate solutions [3]. Although global efforts set an ambitious cli-
mate target, the practical implementation of emissions mitigation often
depends on decisions made at the national and regional level [7,8].
For example, the emissions profile can differ significantly between
metropolitan regions, and thus a one-size-fits-all approach cannot be
applied to every region, highlighting the need for localized strate-
gies [9]. Therefore, it is important to discover climate mitigation
scenarios or the decarbonization pathway to meet specific goals of
reducing GHG emissions at the city and regional level, as these path-
ways can offer insight into exploring how certain reduction goals can

the insights gained from these efforts depends on the choice of sce-
nario narrative and the quality of the respective assumptions made
in each. These approaches, while still widespread, are inadequate for
addressing multidimensional uncertainty in complex systems [14]. Al-
though optimal strategies or solutions may be found in the enumerated
deterministic scenarios and then compared in an effort to aid de-
cision making, critical pathways or vulnerabilities are prone to be
missed. Thus, traditional scenario planning is not well suited for robust
decision-making (RDM) applications [15].

In the last two decades, scenario discovery (SD) [14,16,17] has
emerged as a viable framework for analyzing multidimensional future
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outcomes across a set of given strategies for robust decision-making un-
der deep uncertainty (see Fig. 1). Rather than the top-down approach of
traditional scenario planning, SD relies on quantifying the uncertainty
of key model input parameters governing the outcomes of interest.
From the estimated distributions, representative joint outcomes (or
“states”) are generated through computational experimental design ap-
proaches, such as Latin hypercube sampling (LHS) [18-22] and Monte
Carlo simulations [23]. The high-dimensional input spaces could be
achieved to cover the full range of possible futures for exploration.
These states are then evaluated by the model under the proposed
strategies, which represent potential policy decisions. The resulting set
of futures can then be classified by thresholding the performance of
the future outcomes relative to the regret minimization strategy in
each corresponding state (as exemplified by [24]) or clustered to more
flexibly represent a variety of performance outcomes [25]. Data mining
algorithms can then be used to uncover combinations of uncertain
parameter inputs leading to high-interest outcomes. Such an approach
allows the data to speak for itself and facilitates the identification of
robust strategies (i.e., those with minimum failure under performance
thresholds of interest). Vulnerabilities across strategies can also be
analyzed to obtain robust policy pathways.

In environmental research, SD enables policymakers and
entrepreneurs to identify the conditions under which strategies are
most likely to succeed, providing robust pathways to achieve de-
carbonization targets. This is different from approaches that analyze
emissions reduction pathways under existing scenarios, which focus on
understanding outcomes given predetermined assumptions rather than
uncovering the conditions that achieve a specific target [12,26-28].
Despite the strength of this approach and numerous developments
and extensions throughout the years [14,16,24,29-34], SD has still
seen limited use in exploring decarbonization pathways and emissions
reduction scenarios with a few exceptions. For example, using a system
dynamics model combined with scenario discovery via Monte Carlo
simulations and sensitivity analysis, this work simulated multiple emis-
sions mitigation pathways by shifting people’s behavior from flights
to trains [23]. While their approach is comprehensive and captures
uncertainties by discovering the parameters that are most influential
to mitigation strategies via sensitivity analysis, it still has limits in
discovering which combination of assumptions of factor are most
robust across many possible world. Another study on scenario discovery
on emissions mitigation pathways looks at the energy system [35].
They generated a large ensemble of scenarios by varying eleven key
uncertainties to capture a wide plausible futures and obtained the most
strongly influence outcome via random forest. However, their work
focuses on a single sector: transport or energy, while a multisectoral
approach, including entire GHG inventories, could provide a more com-
prehensive understanding. Similarly, SD has been applied to discover
the combinations of uncertain socioeconomic and technological factors
that produce particular outcomes; however, it remains at an aggregated
system level rather than analyzing the sector-specific contribution
to the decarbonization pathways [25]. Moreover, even when studies
use uncertainty sampling to generate multiple scenarios, they did not
identify conditions that achieve specific targets to qualify as scenario
discovery. For example, by running a wide range of simulations in
combinations of public perception, technological change, and political
responsiveness, five distinct emissions pathways were identified [13].
While their clustering highlights broad patterns and key drivers, it does
not systematically examine the specific combinations of factors that
produce each pathway.

In summary, there remains a dearth of studies on discovering robust
emissions mitigation scenarios from a combination of activities that
spanning multiple sectors including transportation, energy consump-
tion, building, wastewater, and agriculture. In addition, no scenario
discovery effort has considered the uncertainty in the pace of activity
changes. In this study, we address this gap by applying SD in a forecast-
ing context to discover robust decarbonization pathways and driving
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factors for emissions reduction. In particular, we also incorporate the
target year for various mitigation actions as uncertain parameters.
Furthermore, most studies that integrate forecast and scenarios gener-
ate a fixed number of scenarios under certain assumptions and then
project emissions trajectories for those scenarios instead of focusing
on uncertainties [36-38]. Building on our previous study [39], which
focused on identifying influential parameters for robust regional miti-
gation strategies using scenario discovery as an exploratory tool, in this
work, we reconstruct the emissions trajectory for each scenario by back-
calculating from model outputs generated from scenario discovery and
producing an inferred emissions pathway, which allows us to quantify
temporal patterns and cumulative impacts of different scenarios. This
current work sequentially combines emissions forecasting with scenario
discovery to capture the trajectory of uncertainty, which has not been
reported to our knowledge in previous scenario discovery studies.

2. Objectives and framework

The primary objective of this paper is to study the typology of
the exploratory scenarios. Specifically, we use SD to generate and
classify a large ensemble of plausible decarbonization trajectories under
deep uncertainty in sectoral activity transitions. The goal is not to
rank strategies by robustness, but rather to identify emergent path-
way archetypes across sectors. Recent scenario studies use integrated
modeling approaches to explore cross-sector interactions and long-term
sustainability transitions [40,41]. Unlike this study, our study applies
scenario discovery to identify typologies of emissions trajectories and
the parameter conditions associated with each pathway.

Specifically, we used an Autoregressive Integrated Moving Average
(ARIMA) model framework to forecast base case (business-as-usual)
emissions from 2021 to 2050 (the “Base Case” scenario). We then
applied Latin Hypercube Sampling (LHS) to generate 32-dimensional
2 million states representing unique combinations of possible changes
in key activity changes by a given target. We then estimated the
emissions for each case, generating a corresponding number of futures,
and clustered these based on the percentage of emissions change from
2050 to 2021 (EPC) and the percentage of cumulative emissions change
(CEPC). Finally, we applied an XGBoost model to predict emissions
outcomes and to uncover priority actions relevant to each scenario. A
diagram of the framework is shown in Fig. 1.

3. Results
3.1. Data-driven discovery yields four decarbonization scenarios

Clustering the futures yielded four decarbonization scenarios,
namely: Mild, Moderate, Deep and Near Net-Zero. We plot the CEPC
versus EPC in Fig. 2. Boxplots of each of these metrics by scenario are
shown in Fig. 3. We observe distinct emissions profiles across each of
the scenarios.

The Mild scenario presents the smallest change from the base case,
while Near-Net Zero represents the most significant reduction, highlight-
ing the impact that intense action has on the reduction of cumulative
long-term emissions. The importance of different activity parameters
vary in each scenario, as shown in Fig. 4. For example, Near-Net
Zero cases are characterized by stronger reductions in industrial and
commercial sector emissions, lower residential gas consumption, lower
vehicle miles traveled (VMT), and cleaner electricity grids relative to
the Mild and Moderate. Additionally, the timing of these transitions
also differs among different scenarios. Near-Net Zero generally indicates
earlier action across sectors, with significant shifts in residential natural
gas consumption, commercial and industrial emissions, as well as truck
and car VMT reduction occurring closer to 2030-2035. In contrast,
Mild pathways have most changes until later decades, often closer to
2035-2040. The distribution of the timing further emphasizes that both
pace and scale of the activity parameters change differentiate the four
scenarios.
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Fig. 1. Flowchart describing the research framework, including data sampling, state and future generation, emissions forecast modeling, outcome clustering, and

scenario evaluation.
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Fig. 2. Scatter plot of the four decarbonization scenarios discovered (Mild, Moderate, Deep, and Near-Net Zero), with star markers indicating the centroid of
each, based on the mean value of the clustering metrics (% change in emissions from 2021 to 2050 and cumulative emissions % change vs. base case).

3.2. Scenarios are distinguished by pace and scale of activity changes

The decarbonization pathway relies on multisectoral contributions,
which vary depending on the scenarios (see Fig. 5). We find that higher
electrification rates, improved fuel economy (MPG), reduced truck
VMT, and commercial emissions, as well as e-Grid emissions factors
are strongly associated with Deep and Near-Net Zero. Specifically, an
electrification rate increase of approximately 0.5% (+0.25%), a 0.75%
improvement in fuel economy (MPG), a 0.75% reduction in commercial
emissions, and a 0.6% decrease in truck VMT are required to achieve
Near-Net Zero. In addition, Near-Net Zero requires earlier and more
aggressive transformations in most sectors, particularly in transporta-
tion electrification, industrial emissions, and decarbonization of the
electricity grid. In contrast, Mild reflects delayed or less ambitious
changes, with relatively modest parameter changes by the last year
on the horizon. The results illustrate that a successful decarbonization
pathway requires not only sector-specific action but also cross-cutting
coordination, investment, and equity-focused implementation.

3.3. Residential sector is the largest emitter by 2050

Although emissions in other sectors decline and stabilize by 2050,
residential sector emissions show little or no change throughout the
2021-2050 period, as shown in Fig. 6. In Near-Net Zero and Deep
scenarios, mobile combustion emissions fall rapidly and soon plateau.
Electricity consumption and commercial emissions also witness rapid
decreases and a large reduction by 2050. Surprisingly, the residential
sector remains almost unchanged over the planning horizon and be-
comes the largest contributor to emissions by 2050 across all sectors
in both scenarios, likely due to constant energy use patterns and
limited mitigation measures targeting household energy consumption,
highlighting the need to decarbonize residential buildings and prioritize
domestic energy demand.

3.4. Grid, buildings, and freight are most relevant to emissions changes

SHapley Additive exPlanations (SHAP) values were plotted for
each scenario to investigate whether there were differences in the
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Fig. 3. Boxplot of the values of two emissions metrics (% change from 2021 to 2050 and cumulative % change vs. base case) by scenario types.

classification of activity parameters among the top ten in each type in
the prediction model to predict. We observe that the driving factors for
EPC and CEPC differ significantly (see Figs. 7 and 8 A to D). In terms of
CEPC, we found that the year of achieving the commercial emissions
target is ranked as the first in Near-Net Zero, followed by electricity
consumption and emissions factors from the e-grid (as shown in Fig. 7).
The target year for truck VMT and truck VMT are among the five most
influential factors. For the rest of the scenario, electricity consumption
and e-grid emissions factors are the two strongest contributors.

For EPC (as shown in Fig. 8), the consumption of residential natural
gas outweighs other factors in most scenarios. Commercial emissions
are among the most significant in Near-Net Zero and Deep, followed by
the year in which the target value in commercial emissions is reached
as well as the e-grid emissions factors. Truck VMT, electricity consump-
tion, car VMT, industrial emissions are among the few highly influential
factors. These results indicate that targeted energy management is
needed in residential sectors, as it is among the largest contributors
to deep decarbonization, which corroborates the results in Fig. 5.

4. Discussion

4.1. Robust decarbonization requires prioritizing actions across multiple
sectors

The four representative decarbonization scenarios (Near-Net Zero,
Deep, Moderate, Mild) reveal multisector pathways to decarbonization.
For example, achieving Near-Net Zero requires substantial progress
across several sectors, including promoting electrification, improving
vehicle fuel economy, and reductions in truck VMT. This suggests that
coordinated policy interventions across different sectors (transporta-
tion, freight, and building construction) are important in achieving
emissions reduction. In addition to identifying sectoral contributions,
the scenario discovery framework also provides insight into the early
progress in key sectors, particularly in transportation, grid decarboniza-
tion, and improvement in fuel economy. Delaying the implementation
of these measures reduces the range of policy options available to
achieve the target.

4.2. Residential emissions mitigation and early commercial action identified
Residential natural gas consumption is the most significant factor in

emissions reduction, as shown in Fig. 8. Besides, we found that there
is a growing contribution of residential emissions over the planning

horizon, which suggests that residential energy consumption becomes
an increasingly important bottleneck to achieve deep decarbonization
targets. Based on this, a combination of policy levers to address this
problem includes promoting building electrification, targeting retrofit
programs for inefficient housing stocks, establishing stronger building
energy codes for new building construction, switching fuels, and finan-
cial incentives to help the cost barriers associated with building retrofits
and expansion and installation of heat pumps [42]. Those measures
can ensure that the residential sector keeps pace with the progress of
decarbonization in the transportation and electricity systems.

In addition, we also found that the target year for achieving com-
mercial emissions reduction strongly influences cumulative emissions
percentage change (CEPC), which suggests that the timing of decar-
bonization in the commercial sector is essential to determine the overall
emissions outcomes and the delay in reaching emissions reduction may
limit the ability to achieve the system-wide decarbonization targets.
From a policy standpoint, this highlights that early intervention or
action in commercial sector such as commercial building electrification
may reduce long-term mitigation pressures on other sectors.

4.3. Study limitations

One limitation of this work is that it relies on aggregated and top-
down data and simplified behavioral and technological assumptions,
which may not fully capture local heterogeneity in energy use, behav-
ioral responses, and technology adoption. Those limitations are due to
the lack of sufficient and granular data. Future work could address this
by integrating more comprehensive datasets, higher-resolution spatial
information, and empirically grounded behavioral models to better
represent real-world system dynamics. In addition, trade-off between
cost and decarbonization targets for a more robust analysis of pathways
should also be considered.

While this study incorporates electricity consumption associated
with electric vehicle adoption in the model, a more detailed investiga-
tion of how changes in electricity and electric vehicle charging demand
interact with other strategies will be conducted, as explored in this
study [43]. We plan to explore interaction effects among key param-
eters, such as the combined impact of electrification and reductions in
vehicle miles traveled, to identify potential nonlinear synergies.

5. Conclusions

This study applied scenario discovery and backcasting emissions
forecasts as exploratory tools to identify potential decarbonization
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Fig. 5. Decarbonization pathways: the year reaching the target are indicated on the y-axes while corresponding activity parameter changes are shown on the

x-axes for each of the scenarios.

pathways. We identified four scenarios: Mild, Moderate, Deep, and Near
Net-Zero, each corresponding to a different decarbonization target.
Each scenario demonstrates different combinations of activity param-
eters and the year of reaching that targets. Near Net-Zero is achieved
when these parameters move beyond the midpoint of their explored
decarbonization bounds, accompanied by an earlier timing of these
transitions. We also found that the residential emissions stay consistent
over the planning horizon while emissions from other sector decrease.
This suggests a need to prioritize residential energy and emissions
management. Furthermore, our XGBoost model highlights the need
for greater emissions mitigation efforts in the residential sector. Fu-
ture work will further investigate the cost-benefit analysis of these
decarbonization targets and the potential synergies and interaction
effects among different activity parameters. While this study focuses
on specific metropolitan regions, the framework could be used to
study other urban areas with similar socioeconomic and energy system
characteristics. By combining the exploratory scenario generation and
planning with policy insights from the model outcomes, this framework
can support the climate planning efforts to achieve ambitious emissions
targets with uncertainties in the future development.

6. Data & methods

We simulated emissions under varying growth or decay trajectories
of activity parameters and factors in all sectors. Firstly, we projected
a “Base Case” scenario using the ARIMA-based framework from year
2021 to 2050. Then, we applied LHS to sample uncertain growth rates
and the time for target achievement for 16 activity parameters (32
vectors in total) to a diverse set of futures. Afterwards, we applied
cluster analysis based on two metrics: emissions percentage change

from 2050 to 2021 (EPC) and cumulative emissions percentage change
(CEPQ). This is to identify the emissions patterns and discover effective
emissions reduction pathways.

6.1. Data

We collected activity parameters to calculate the GHG emissions
from the following sectors: Mobile Combustion, Electricity Consumption,
Stationary Combustion (comprising Residential, Commercial, and Indus-
trial subsectors), Agriculture, and Wastewater. The data sources for those
activity parameters are summarized in Table 1.

6.2. Base case forecast using ARIMA

We calculated the base case emissions trajectory, also called “Base
Case” scenario, denoted as EP2¢(r) for years ¢t € {2021, ...,2050} from
predicted activity parameters and factors from 2021 to 2050 using a
time series ARIMA model. The model is specified as ARI M A(p,d, q),
where p indicates the number of autoregressive (AR) terms (lagged ob-
servations), d represents the order of nonseasonal differences required
to make the time series stationary, and ¢ stands for the order of moving
average (MA) processes. The model equation is thus:

p q
xo(1) = ARTMA(xp31,p.d.q) = a + Z dJ,-xgi)(t —Dte+ Z Ok

j=1 k=1
(@)
X0 =0 - x0T -1, d>1 )
x(0) = xo(0) (3)
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Table 1
GHG emissions sectors, input data, and sources.
Sector Inputs Year Source
Vehicle miles traveled (VMT) 1966-2022 CTDOT [44]
Mobile Combustion Statewide vehicle type distribution 2021 FHWA, DOT [45]
Vehicle fuel efficiency 2021 LGGIT [46]
Electricity Electricity consumption 2016-2022 EnergizeCT [47]
Consumption
Household heating fuel consumption 2021 EIA [48]
Stationary Number of households using each heating fuel 2010-2021 ACS [49]
Combustion Statewide commercial emissions 1990-2021 DEEP [50]
Industrial facility emissions 2010-2022 FLIGHT [51]
Agriculture Statewide agricultural emissions 1990-2021 DEEP [50]
Wastewater Statewide wastewater emissions 1990-2021 DEEP [50]

x((t) denotes the activity parameters and associated factors used to
calculate the base case emissions, where the subscript O indicates the
base case level and ¢ represents time in the range [0, 7] (2021-2050). «
is the intercept (constant term), ¢ ; are the autoregressive coefficients
(G € {1,....p}), & is the error term (or innovation) at time 7 (¢, ~
N(0,6%)), and 6, are the moving average or lagged forecast error
coefficients with (k € {I1,...,q}). We then used the fitted model to
forecast activity parameters and factors from 2021 to 2050, assuming
no additional policies or interventions applied. The coefficient and
performance of ARIMA model are listed in Table 2. We selected the
optimal value for ARIMA(p, d, q) model using a grid-search procedure,
which was then systematically evaluated using p € {0, ...,8}, d € {0,3},
and ¢ € {0,...,8}. For each parameter combination, we assessed the
performance of the model using maximum likelihood on the training
set (70% of observations), and then generated the forecast for the
remaining 30% (test set). We examined the performance of the forecast
using mean absolute percentage error (MAPE), mean absolute error
(MAE), and root mean squared error (RMSE). We chose the final order
of the model (p*,d*, ¢*) based on the combination that minimized the

MAPE outside the sample in the test set. The coefficients for the ARIMA
model, including the autoregressive, moving average terms, and the
intercept, are presented in Table 3.

6.3. Scenario discovery design

6.3.1. Latin hypercube sampling of uncertain parameters

We jointly sampled 32 uncertain parameters, consisting of 16 ac-
tivity parameter values in year 2050 xfu, and 16 target years at which
these levels are reached (r; ) from LHS, with i indicating each state and
u indicating different types of uncertain parameters. Thus, each state s;
can be expressed as:
sp=1x] 7,0 = [x?jl,xzz, ,xzm,ri’l,‘r,«l, ‘ri’lﬁ] 4)
The lower and upper bounds of these uncertain parameters are shown
in Table 4.

The parameter ranges (upper and lower bound) used in the Latin
Hypercube Sampling were selected to reflect plausible transition path-
ways consistent with policy targets and findings from the recent energy
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Table 2

Summary of ARIMA model configurations and performance by sector.

Sector Activity parameters (p,d,q) # of local observations Test MAPE (%)
Mobile combustion Car VMT (0,1,0) 40 1.00

Truck VMT (6,1,49) 40 4.53

Bus VMT 1,2,7) 40 5.21
Electricity consumption Electricity consumption (0,0,1) 7 3.61
Stationary combustion (residential) Natural gas consumption (2,2,2) 32 2.52
Stationary combustion (commercial) Emissions (4,0,0) 32 5.09
Stationary combination (industrial) Emissions (1,0,0) 32 9.6
Agriculture Emissions (1,2,0) 32 4.6
Wastewater Emissions (1,1,4) 32 0.33

transition literature. For activity variables such as sector emissions
and vehicle miles traveled, we chose the range of —100% to 20%
relative change by 2050 to capture a wide range of potential states,
including aggressive mitigation measures, as well as moderate growth
reflecting continued economic and population growth. We selected the
range for the technology improvement parameters including vehicle
fuel economy (MPG), from O to 150%, which shows long-term effi-
ciency improvements. We sampled the electrification rates for cars,
trucks, and buses between 0 and 100%, which represents the full
spectrum from limited electrification to complete electrification in
deep decarbonization scenarios. Finally, we allowed the electricity grid
emissions factors to decrease by up to 100% to represent the complete
decarbonization of the power sector, consistent with net-zero electricity
pathways discussed in recent work on scenario-based energy system
analyzes [52,53].

6.3.2. Backcasting emissions trajectories for all futures

We modeled the trajectory of activity parameters xﬁ’u over time for
each future using the exponential decay function applied to the ARIMA
model prediction in each time step :

X = X~ exp (=71 1)

()

This ensures that x! = x! when ¢ = r,,, regardless of whether the

target is hit before 2050. Thus, the growth or decay rate y is computed
as:

1 X

I ST 6
T.-2021 T\ XT ©)

Vi =

xiTu is the projected value of activity parameter « in 2050 in the future

i, while xoTu is the projected value in 2050 for the Base Case scenario.

t;,, is the target year in which the desired activity value x” is reached.
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6.3.3. Sensitivity test across decay functions

To assess the sensitivity and robustness of the exponential functions,
we conducted the same study using other two functional forms to model
the temporal evolution of emissions: linear and logistic. These functions
differ in the assumptions about the pace and acceleration of emissions
reductions over time. The linear function assumes a constant rate of
change, the exponential function models a continuously compounding
rate of the change, and the logistic function shows a saturating effect
as emissions approach a lower bound, as shown in Fig. 9. By applying
these functions to the same set of activity parameters, we quantified
how variations in functional form influence the projected timing and
magnitude of emissions reductions.

The linear function is given in Eq. (8), and the logistic function is
given in Eq. (9).

ot
Xiy =X, ~ Vil 7

where x!

by 18 the initial emissions level, and y; is the linear reduction
rate.

: X, — X

iu — Xmin

max
X

+ min (8)
L+exp (=y; - (t —10))

where x;, and x,, are the minimum and maximum achievable emis-

sions, respectively. y; is the logistic rate parameter, and ¢, is the

inflection point at which the reduction rate begins to slow.

We compared the sensitivity results generated using the three trajec-
tory functions shown in Fig. 10. The exponential function produced the
largest average emissions reduction, while the outputs from the linear
and logistic functions were nearly identical. Therefore, in this study,
we proceeded with the exponential function to compute the emissions
trajectories.

6.3.4. Emissions futures calculation

For sectors with a given activity (e.g. miles driven by a certain vehi-
cle type or amount of electricity consumed), such as Mobile Combustion,
Electricity Consumption, and Residential subsector, the relevant emissions
factors were multiplied to obtain the GHG emissions estimate shown
below. This equation can be applied to all projected activity parameters
and factors to calculate the emissions for the sector mentioned above.
G, = iy, ©)
where G}, are the direct emissions from fuel combustion in year ¢ in
the future state i for sector s, p is the specific GHG emissions factor —
the amount of a given GHG emitted per unit of a certain activity — and
x;; is the quantitative measure of activity.

For the remaining sectors (Commercial, Industrial, Agriculture, and
Wastewater), the projections directly represent the emissions and there-
fore do not require additional calculation.

The total emissions, which represent each future state, are calcu-
lated by summing the projected emissions across all sectors.

G, =Y G 10)
s

6.3.5. Emissions metrics
We calculated two metrics: percentage change in emissions between
2050 and 2021 (EPC) and cumulative emissions percentage change
relative to the base case (CEPC;). The equations for calculating these
metrics are shown below. The histogram of the distribution of EPC and
CEPC is shown in Fig. 11.
Gir -Gy

0
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Table 3
Estimated ARIMA coefficients and statistical significance by sector.
Sector Activity (p,d,q) Coefficient Value p-value
Mobile combustion Car VMT (0,1,0) o? 5.00e-04 0.00
¢, —0.04 0.99
&, 0.79 0.55
b3 0.10 0.98
by 0.20 0.89
s —-0.05 0.92
Truck VMT (6,1,4) b —-0.05 0.89
0, 0.30 0.99
0, —0.82 0.97
0, -0.31 0.97
0, -0.19 0.97
o2 3.00e-04 0.96
¢, —-0.43 0.05
0, 0.24 0.20
0, -0.14 0.71
0, 0.08 0.85
Bus VMT (1,2,7) 0, 0.12 0.85
05 -0.17 0.78
0 0.20 0.58
0, -0.14 0.79
o’ 4.60e—07 0.01
c 5.45e+06 0.00
Electricity consumption Electricity consumption (0,0,1) ¢, 0.28 1.00
o2 1.08e+10 0.00
c 0.56 0.00
¢, -0.36 0.33
. . A *, -0.21 0.48
Stationary combustion (residential) Natural gas (2,2,2) 0, _4.69¢—05 1.00
0, —-1.00 1.00
o2 0.17 1.00
c —-0.05 0.97
¢, 0.51 0.10
. . . . *, 0.35 0.25
Stationary combustion (commercial) Emissions (4,0,0) s 0.00 0.99
by -0.20 0.75
o2 0.68 0.00
c 0.72 0.37
Stationary combustion (industrial) Emissions (1,0,0) b, 0.86 0.00
o2 0.16 0.02
. - ¢, -0.62 0.00
Agriculture Emissions (1,2,0) o 3.50 0.00
¢, 0.17 0.79
0, 0.33 1.00
. 6, —0.04 1.00
Wastewater Emissions 1,1,4) 0, 0.33 1.00
0, 1.00 1.00
o? 9.00e-03 1.00
Table 4

Uncertainty bounds for the 16 activity parameters used in Latin Hypercube Sampling (LHS). For transparency and reproducibility,
lower and upper proportional change bounds are explicitly reported for each parameter, even when identical across groups. The

target year range (z;,) is consistent across all parameters: 2021-2050.

Label Parameter % Change lower % Change upper Year lower Year upper
1 Electricity Consumption -1 0.2 2021 2050
2 Residential Natural Gas Consumption -1 0.2 2021 2050
3 Commercial Emissions -1 0.2 2021 2050
4 Industrial Emissions -1 0.2 2021 2050
5 Agricultural Emissions -1 0.2 2021 2050
6 Wastewater Emissions -1 0.2 2021 2050
7 Car VMT -1 0.2 2021 2050
8 Truck VMT -1 0.2 2021 2050
9 Bus VMT -1 0.2 2021 2050
10 Car MPG 0 1.5 2021 2050
11 Truck MPG 0 1.5 2021 2050
12 Bus MPG 0 1.5 2021 2050
13 E-Grid Emissions Factors -1 0.2 2021 2050
14 Car Electrification Rate 0 1 2021 2050
15 Truck Electrification Rate 0 1 2021 2050
16 Bus Electrification Rate 0 1 2021 2050

10
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Table 5

Performance metrics of the multi-output XGBoost model for the two emissions
reduction outcomes: percentage change in emissions from 2021 to 2050 (EPC),
cumulative emissions percentage change vs. base case (CEPC).

Dataset EPC CEPC
R? MAPE R? MAPE
Training 0.9942 0.0098 0.9932 0.0120
Test 0.9941 0.0099 0.9931 0.0122
T T
= G't - Z = GOt
CEPC, = % 12)
Zz:o GO,t

where G, is the base case emissions in year ¢ and G, is the total
emissions in year T in each future i. We note that the emissions in year
0 (2021) is the same across all futures (including the base case), hence
we simply denote this as G,.
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6.3.6. Cluster analysis

We clustered all futures into groups based on their emissions out-
comes (EPC and CEPC). We used the Gaussian Mixture Model (GMM)
approach to perform the clustering analysis, which assumes that the
data are generated from a mixture of K Gaussian distributions [54,55].
The GMM is specified as:

K
p(x10) = Y mN (x| Zp)

k=1

13

where x is a multivariate observation (factor scores of each metro area),
0 is the vector of model parameters (r, { u;, X, }) and r; is the weight
of the mixture with ZkK=1 m=1and 0 < 7, < 1. N(x; | gy, Zp) is the
multivariate Gaussian, where y, and X, are the mean and covariance
matrix of the kth Gaussian component, respectively. We estimated 6
via the expectation—-maximization algorithm [56]. Following parameter
estimation, the posterior probability of membership (also known as the
responsibility) r,, of each group k for observation x, is obtained as
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(GMM) with number of components ranging from 2 through 10, and four different covariance specifications.

ru = p(z, = k|x,,0). The underpinning of this is a latent categorical
variable z € {1,..., K} that generates the observations x. Observations
are then assigned to the responsibility-maximizing cluster.

To determine the optimal number of clusters (components), we
performed a grid search, evaluating various numbers of clusters and
covariance specifications (spherical, tied, diagonal, and full) to identify
the model with the highest log-likelihood score and the lowest Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC).
We chose 4 clusters and a full covariance specification that yielded the
highest log-likelihood, BIC, and AIC value, as shown in Fig. 12.
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6.4. Predictive modeling

Using 16 activity parameters and their target years as input, we
fitted an Extreme Gradient Boosting (XGBoost) model [57] to predict
and explain emissions reduction outcomes. We considered two response
variables—the percentage change in emissions from 2021 to 2050
(EPC) and the cumulative emissions percentage change versus base
case (CEPC), which then followed by implementing a multi-output
regression framework. This framework uses the MultiOutputRegressor
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Table 6
List of mathematical symbols and their meanings.
Symbol Meaning
d Differencing order
Gy, Direct emissions from fuel combustion in year 7 in future state i for sector s
p Number of autoregressive terms
q Number of moving average processes
N Sector
T Year of 2050
t Any given year in the planning horizon
Types of uncertain parameters, with values ranging from 1 to 16
Xo(1) Activity parameters and their target years for Base Case emissions calculation
xp, Activity parameters in a specific year
X0, Differenced time series data at time ¢
a Intercept term in ARIMA model
y Decay rate
£ Error (innovation) term at time ¢ in ARIMA model
0, Moving average coefficients
i Sector-specific emissions factors for GHG
T The year the activity parameter hits the target value
@; Autoregressive coefficients

wrapper, which trains a separate XGBoost model for each target vari-
able. Subsequently, we partitioned the dataset into training and testing
subsets using an 85:15 split and calculated the model performance
using multiple complementary metrics, including the coefficient of
determination (R?), root mean square error (RMSE), mean absolute
error (MAE), and mean absolute percentage error (MAPE) for both
training and test datasets. The performance metrics of the model are
summarized in Table 5.

The relevant indicators were analyzed to predict emissions reduc-
tion using the SHAP framework, which measures the influence of a
feature on the model outcome for each individual data point [58]. Each
point in the plot represents the SHAP value for a specific instance,
indicating how much that feature pushes the prediction up or down.
The color gradient from blue to pink encodes the feature values, with
higher values generally having a more significant positive impact on the
model’s output. The mathematical symbols used throughout this paper
are listed in Table 6.
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