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Abstract: Climate change mitigation measures are often projected to reduce anthropogenic carbon
dioxide concentrations. Yet, it seems there is ample evidence suggesting that we have a limited
understanding of the impacts of these measures and their combinations. For example, the Inflation
Reduction Act (IRA) enacted in the U.S. in 2022 contains significant provisions, such as the electric
vehicle (EV) tax credits, to reduce CO2 emissions. However, the impact of such provisions is not fully
understood across the U.S., particularly in the context of their interactions with other macroeconomic
systems. In this paper, we employ an Integrated Assessment Model (IAM), the Global Change
Assessment Model (GCAM), to estimate the future CO2 emissions in the U.S. GCAM is equipped
to comprehensively characterize the interactions among different systems, e.g., energy, water, land
use, and transportation. Thus, the use of GCAM-USA that has U.S. state-level resolution allows
the projection of the impacts and consequences of major provisions in the IRA, i.e., EV tax credits
and clean energy incentives. To compare the performance of these incentives and credits, a policy
effectiveness index is used to evaluate the strength of the relationship between the achieved total CO2

emissions and the overarching emission reduction costs. Our results show that the EV tax credits
as stipulated in the IRA can only marginally reduce carbon emissions across the U.S. In fact, it may
lead to negative impacts in some states. However, simultaneously combining the incentives and
tax credits improves performance and outcomes better than the sum of the individual effects of the
policies. This demonstrates that the whole is greater than the sum of the parts in this decarbonization
approach. Our findings provide insights for policymakers with a recommendation that combining
EV tax credits with clean energy incentives magnifies the intended impact of emission reduction.

Keywords: clean energy; climate change; carbon emissions; electric vehicles; incentives; inflation
reduction act; mobility; policy

1. Introduction

The primary objective of this paper is to evaluate the effectiveness of the Inflation
Reduction Act (IRA) enacted in 2022 at reducing anthropogenic carbon dioxide (CO2)
emissions in order to ameliorate the exacerbating incidences of climate change. Today,
climate change is one of the biggest challenges confronting the U.S. and the rest of the world.
CO2 emissions from the transportation sector have already become the largest source of
greenhouse gas (GHG) emissions in the U.S. According to the U.S. Energy Information
Administration (EIA), the U.S. transportation sector had the most significant increase in
CO2 emissions of all sectors in 2021 [1]. Evidently, the amounts of carbon emissions keep
growing with significant contributions to climate change [2–4].

Prior research highlights why climate change mitigation should become a necessary
regulatory component since the incidences of climate change not only are severe environ-
mental problems, e.g., increased heat, drought, and other outbreaks, but also come with
detrimental effects on the infrastructures, transportation, air, and water quality, and public
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health [5–7]. Furthermore, the rural economy is sensitive to climate change through its
consequences for agriculture, forestry, water resources, energy, and fisheries [8,9]. While
the drivers of climate change and its mitigation measures are well-documented [10–14], the
extents of the mitigation measures to curtail CO2 emissions and thus reduce the incidences
of climate change are rarely quantified, or seldom evaluated at best.

Significant aspects of the U.S. Government’s IRA are aimed at alleviating the detrimen-
tal effects of climate change. The IRA contains the largest investment in addressing climate
change in the history of the U.S. The IRA authorized $391 billion in spending on energy
and energy-related artifacts. This provision includes $36 billion in tax incentives for EVs
with the aim of decarbonizing the transportation sector by providing tax credits and grants.
This enactment also provides numerous grants supporting the adoption of clean energy
and related infrastructure. While the IRA aims to reduce the total CO2 emissions by 40% of
the 2005 level by 2050, the practical consequence of such carbon reductions that the policy
would achieve still remains unclear and not effectively quantified. Hence, it is essential
to examine the effectiveness of the IRA to further refine policy making. This examination
is on the backdrop of how firms and individuals respond to competitive pressures in the
context of regulatory risk, particularly on capacity investments in response to policy and/or
competition [15].

Policy modeling is an important tool to assist climate change management strategies,
particularly with respect to their short- and long-term effectiveness. Integrated Assessment
Models (IAMs) have been used for a variety of applications including the prediction of
future emissions, land use, and water supply and demand under different policy scenar-
ios [16–18] and the evaluation of climate change mitigation policy [19,20]. Furthermore,
the assessment of the climate impacts of emission scenarios is also studied by applying
IAMs [21]. IAMs effectively capture the relationships between human activities and natural
systems. The insights from these complex models can inform policy-makers to understand
the pros and cons of certain policies [22]. For example, a recent study explores the im-
pacts of capital asset transformation on the decarbonization process by bridging between
demand-side policies and supply-side goals [23]. Other studies have examined the role of
policies on corporate firm-level emissions [24], and the role of uncertainties when modeling
for policy analysis [25].

Some previous efforts mainly focused on studying the projected impacts of policies
on socioeconomic parameters, such as gas price, electricity price, number of EVs, and
population size. For example, an Energy Policy Simulator modeling was adopted to study
the impacts of some sub-policies of the IRA on carbon emissions [26]. The results of
Mahajan et al. (2022) show that these policies would reduce U.S. carbon emissions by
37–41% below 2005 levels by 2030—however, not all of the IRA policies were modeled in
that study, especially the IRA policies that incentivize the use of EV tax credits. This is
particularly important because the fuel price is one of the most significant factors that will
influence carbon emissions from transportation [27–29]. In addition, it is also necessary to
consider the combination of different policies to assist future policymaking [30]. Hence, it
is crucial to understand how such policies and their combinations in an IRA regime would
influence future U.S. carbon emissions.

While the amount of EV tax credits is flexible in practice, the eventual allocation
depends on the characteristics of the purchased vehicle. For example, the credit amount is
$3750 if the vehicle meets the requirement of the critical mineral only. Another $3750 is
added if the vehicle meets the requirement of the battery components. Previous research
modeled the EV tax credits as one fixed amount, ignoring the effects of different levels
of tax credit [26]. To better assist policymaking, it is essential to understand the marginal
impacts of such policy on emissions in terms of cost, so the insights from this study can
help decision-makers determine the optimal level of incentives. In this study, we also
explore the impacts of different levels of EV credit on CO2 emissions, indicated by a policy
effectiveness index. Moreover, another study also investigates the potential impacts of the
IRA on public health, which is directly related to our daily lives [31]. The results indicate
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that the IRA may provide a firmer foundation for efforts to abate climate change and reduce
its negative impacts on public health. Meanwhile, IAMs can potentially be applied to
coordinate environmental, climate, energy planning, and air quality management [32–35].
Thus, it is necessary to understand how the IRA can influence GHG emissions, ultimately
improving public health.

Thus, the aims of this study are to further understand how clean energy incentivizing
policies and various levels of EV tax credits of the IRA will contribute to carbon emission
reduction at the national and state levels, and by energy source. Thus, we explore the policy
effectiveness index to understand the strength of the relationship between CO2 emissions and
the costs of emission reduction in the context of an IAM, the Global Change Assessment
Model (GCAM). Our results show that individual EV tax credits can only marginally
reduce carbon emissions across the U.S. and may result in negative impacts in some
states. However, combining policies could enhance mitigation outcomes. These results are
somewhat intriguing because, on the one hand, they show that a top-down policy that aims
financial investment at emission reductions may not always lead to the expected outcomes.
On the other hand, there was evidence from the bottom up that emission reductions may not
always provide firms with the financial gains expected of such efforts [36]. Of paramount
importance is the understanding that decarbonizing the transport sector would require the
persistence of initiatives as detailed in the IRA.

The remainder of this paper is organized as follows: Section 2 describes the materials
and methods, including simulation platform, methodology, scenarios, definition, and data
collation. Section 3 discusses the findings and results. Section 4 concludes.

2. Materials and Methods

Overviews of GCAM and GCAM-USA are provided in the following sub-sections,
followed by descriptions of our scenario design to project the effectiveness of IRA and test the
policy effectiveness index. In this section, we also present our data sources and collections.

2.1. GCAM and GCAM-USA

GCAM is a partial equilibrium model that links the five major systems, the global
energy system, water, agriculture and land use, the economy, and the climate sectors, with
a suite of coupled gas-cycle, climate models integrated into the model [32,37]. For over
30 years, GCAM has been used to explore the energy and technology pathways, and the
projection of future emissions [38–41]. GCAM has also been used in studies of the impacts
of climate change mitigation measures, and testing the effectiveness of specific policies
and other designed scenarios [42–44]. GCAM enables users to investigate hypothetical
scenarios, quantifying the consequences of potential future circumstances. GCAM serves
as a means to evaluate the potential effects of various assumptions about future conditions.
GCAM takes external “scenario assumptions” related to critical factors like population,
economy, technology, and policies into account, and subsequently evaluates how these
assumptions impact important scientific or decision-related outcomes.

GCAM is solved in five-year time steps from 2005 to 2100. GCAM operates as a dynamic–
recursive model, where decisions made in a specific time period are based solely on the
information available during that period. However, the outcomes of those decisions, such as
resource depletion and the accumulation of capital stock, have an impact on decisions made
in subsequent periods [37,45]. The detailed descriptions of model structures, integrated dy-
namics, data sources, and solution-made procedures, are presented in the documentation [46].
The GCAM Data System contains diverse datasets while systematically including various
future assumptions. Incorporating input data from the GCAM Data System, the GCAM Core
serves as the central component driving the dynamic nature of GCAM. GCAM receives a
set of initial assumptions and subsequently processes these assumptions to generate a com-
prehensive scenario encompassing prices, energy conversions, and other transformations, as
well as commodity flows across regions and into the future. GCAM encompasses five distinct
interdependent systems and their interactions occur within the GCAM Core.
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Within GCAM, the energy system framework includes depictions of both the energy
supply and demand sectors for each geographical region. This framework also takes into
account the interregional trade of primary resources, such as coal, natural gas, oil, and biomass.
The main processes of energy systems consist of three main elements: energy resources, energy
transformation, and final energy demands. GCAM also includes various types of clean energy.
GCAM’s renewable resources include wind, solar, geothermal, hydropower, and biomass.
In GCAM energy systems, wind, solar, geothermal, and hydropower are considered only as
options for producing electricity and are not available for trading between different regions.
Traditional biomass is only used by the building sector in selected regions [46]. The cost of
electricity generation from renewable sources consists of the sum of the resource costs, the
technology costs, and, in some cases, backup-related costs. These technologies compete within
the energy market, where their relative attractiveness is determined by variations in costs.

GCAM also contains a detailed representation of transportation energy use and service
demands, with the sector divided into four service demands, including four final demands:
long-distance passenger air travel, (other) passenger travel, international freight shipping,
and (other) freight [47,48]. Each sector contains up to five nesting levels, corresponding to
different modes (e.g., road, rail), sub-modes (e.g., EV, FCEV), size classes, and correspond-
ing technologies. GCAM can be considered as a process model for CO2 emissions and
reductions. CO2 emissions change over time as fuel consumption in GCAM endogenously
changes. GCAM also considers the emissions from road transportation. GCAM outputs
include regional technology utilization, fuel use, GHG, and air pollutants or emissions.

A snapshot of the modeling constructs in GCAM is shown in Figure 1 [49]. The fun-
damental operating principle underlying GCAM is market equilibrium. Within GCAM,
agents utilize price information, along with other pertinent data, to make decisions re-
garding the allocation of resources. These representative agents are present throughout
the model, representing various sectors like regional electricity, regional refining, regional
energy demand, and land users who must allocate land for different crops within specific
land regions. Markets serve as the means through which these representative agents inter-
act. GCAM intends to determine a set of market prices that balance supply and demand
across all these markets within the model. The GCAM solution process involves iteratively
adjusting market prices until this equilibrium is achieved. These markets can exist to
physical flows such as electricity or agricultural products, but they can also cover other
types of goods and services, such as tradable carbon permits.

Figure 1. Conceptual schematic of the operation of the GCAM core.
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GCAM-USA is built on the base of GCAM but it subdivides the whole U.S. energy
system to represent each of the 50 states and the District of Columbia. GCAM-USA can be
used to analyze a suite of state-level, and sectoral-level energy and environmental manage-
ment policies. These policies can be implemented by applying designed scenarios, such as
carbon taxation, emission limits, technology and fuel standards, tax credits or incentives,
energy efficiency improvement measures, and clean energy portfolio standards [32].

2.2. Scenario Design

The base scenario in GCAM and GCAM-USA follows a business-as-usual (BAU) con-
dition, which means no specific policy or modification is added. The modified scenarios
of this study mainly follow the IRA guidelines, named “Inflation Reduction Act Guide-
book” [50]. This report informs the details of the IRA provision and the requirement of
incentives. We also want to compare each individual policy implemented with the combi-
nation of both policies. The scenarios and descriptions are listed in Table 1 below. The EV
tax credit scenario is implemented by modifying the costs of battery electric vehicles (BEVs).
The clean energy incentives are designed to reduce both production costs and investment
costs of electricity generation based on the production tax credit (PTC) and investment tax
credit (ITC) described in the IRA Guidebook.

Table 1. Designed scenarios.

Name Description

Scenario 1 Reference scenario Business as usual (BAU)
Scenario 2 IRA EV tax credits $7500 tax credits on EV costs
Scenario 3a IRA PTC 30% of energy production cost reduction
Scenario 3b IRA ITC 30% of energy investment cost reduction
Scenario 4 Combined policy Both clean energy incentives and EV tax credits
Scenario 5 EV policy effectiveness index individual 15% higher tax credits on EV costs individually
Scenario 6 Energy policy effectiveness index individual 15% energy costs reduced individually
Scenario 7 Combined policy effectiveness index 15% EV and energy costs reduced

Scenario 1 is the reference scenario, used as the benchmark to compare with other
scenarios to test the effectiveness of certain provisions. Scenario 2 highlights the EV tax
credits. In this scenario, we reduce the $7500 of input cost of EVs used in all transportation
sectors, such as passenger cars and trucks, and the freight transportation sector. In Scenarios
3a and 3b, a clean energy incentive is applied, which reduces 30% of the input cost of solar,
wind, biomass, and geothermal. The only difference is the study period. In Scenario 3a
the tax credit is only applied to the production cost. In Scenario 3b, we implement the tax
credits only to reduce the investment cost by adjusting the “Fixed-charge-rate” in GCAM,
to analyze the effect of energy policy enactment on CO2 emissions. In Scenario 5, we study
a higher level of EV tax credits to analyze the EV policy effectiveness index, as we discussed
before. To examine the EV policy effectiveness index, we increase 15% of tax credits on
EV costs. In Scenario 6, we implement a higher level of energy incentives to analyze the
energy policy implementation, shown in Table 1. To examine the impacts of combo-policy,
we implement both EV tax credits and clean energy incentives simultaneously, as shown in
Scenarios 4 and 7.

It is imperative to state here that this model incorporates numerous variables that
exhibit substantial variations among the states. Given that the objective of this research re-
volves around examining the potential effects of IRA EV tax credits, the analysis conducted
is deterministic but under scenario examinations. Specifically, the policy data is sourced
from the IRA-guided book. The values for tax credits and incentives are deterministic
and it is important to note that GCAM is not employed for predictive purposes in this
study. Instead, GCAM serves as a tool to simulate hypothetical scenarios, allowing for the
quantification of the consequences of different assumptions regarding future conditions.
Thus, this research is not inclusive of uncertainty analysis.
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2.3. Data Collection

The data is collected from the IRA guidance book, which includes the tax credit of each
specific program. This guidebook provides a program-by-program overview of the Inflation
Reduction Act, including who is eligible to apply for funding and for what purposes. The
clean energy section includes an overview of funding. For each funding program, more
details are explicitly introduced, such as Tax Mechanism, Base Credit Amount, and Bonus
Credit Amount.

2.4. Per Unit Cost of Emission Reduction

To assess the performance of the proposed policies, we define the policy effectiveness
index, ρ, an evaluation metric, as the ratio of the change in emissions relative to the change
in cost, i.e., the per-unit cost of emission reduction as shown in Equation (1):

ρ =
∆ Emissions %

∆ Cost %
(1)

In Equation (1), the numerator represents the change in total carbon emissions, which
includes emissions from transportation, power generation, and other sectors. The denomi-
nator indicates the change in mitigation measures costs reduced by policy implementation.
The cost information is contingent upon the type of policy being considered. For example,
in the case of the EV tax credit scenario, our emission reduction costs pertain to the costs
of EVs. To avoid the scale issues, we use a percentage of the change instead of the true or
actual values. In other words, ρ is informative of how a one percentage decrease in either
EV costs or clean energy costs will affect the change in total emissions. The margins, ρ′ > 0
and ρ′′ > 0, imply that ρ is a strictly increasing function of policy effectiveness, i.e., a higher
value of ρ indicates a more efficient implemented policy.

It is important to note that we have not utilized specific dollar amount changes as
the denominator of the policy effectiveness index since there are certain challenges with
employing this metric at this juncture [51]. First, the parameters in GCAM undergo a
complicated conversion process. For instance, the conversion of costs related to EVs
entails a series of intricate steps. Each of the steps may result in some scaling differences.
Specifically, an EV tax credit conversion involves “conversion to 1990 US dollars”, number
of passengers per car, average annual distance per car, the lifetime of a car in years, annual
discounted rate, etc. Therefore, to levelize such differences, we assess the marginal impacts
of policy in terms of reduction costs. Second, the energy investment tax credits realized
in GCAM are not quantified in dollars. They are represented by a parameter called “fixed
charge rate”, that is a factor used to levelize capital cost. We modify this parameter to
equivalently reduce the investment cost of certain clean energies as the IRA guidebook
suggested. At this stage, using “per dollar” as the denominator will not be suitable for
quantifying the extent to which cost reductions in mitigation efforts translate into final
emission reductions.

3. Results and Discussion

In this section, each proposed scenario is implemented and tested in GCAM and
GCAM-USA individually. The effectiveness of policies is examined by comparing design
scenarios to the reference scenario. The comparison is first carried out at the national
level, followed by an assessment of state-level results. The state-level policy scenarios
combine PTC and ITC together to examine the effectiveness of clean energy incentives. The
state-level policy effectiveness index adjustment is presented and interpreted. The results
of each scenario and its corresponding implications are presented below.

3.1. U.S. National-Level CO2 Emission Reductions

Figure 2 shows the comparisons of CO2 emissions between the designed scenarios
and the reference scenario.
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Figure 2. National-level CO2 emissions.

This plot depicts the total U.S. national-level carbon emissions of each scenario. The
PTC can reduce the highest emission amounts by four percent of the reference scenario
when comparing these two results in Year 2030. Additionally, compared with the 2005 level,
the ultimate goal that IRA aims to achieve, PTC can reduce 16% of CO2 emissions. The ITC
can only reduce 0.6% of carbon emissions by the Year 2030 and rapidly move back to the
reference level by the Year 2040, compared with the reference scenario. The national scale
emission plots demonstrate that only PTC can achieve the goal of emission reductions. At
the sectoral level, the main emissions are reduced substantially from electricity generation
by traditional sources, such as coal and gasoline, according to Figure 3. Subsequently,
emissions are reduced from industrial and residential sectors.

Figure 3. CO2 emissions by sectors.

3.2. U.S. State-Level CO2 Emission Reductions under EV Tax Credits

The state-level reductions of carbon emissions achieved by the IRA EV tax credits are
shown in Figure 4.
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Figure 4. CO 2 emission reductions by EV tax credits.

The percentage of emission reductions is calculated relative to the reference scenario,
where there is no policy implemented. In this figure, the darker the color is, the higher
the reductions that are achieved. Maine state reduces 7.2% of carbon emissions, the
highest reductions, by only applying the EV tax credits, followed by California, Idaho,
and Oregon. The Pacific region, including Washington, Oregon, California, Nevada, and
Arizona, reduces more emissions on average than any other area. Following the Pacific
region, the New England area is the second place that reduces high portions of carbon
emissions. According to Figure 5, the dark-red-colored states are the areas whose gasoline
prices and population are higher than others [52].

Figure 5. U.S. state-level gasoline prices [52].

The emissions from the rest of the states are reduced moderately. Another interesting
finding is that the carbon emissions of several states increased after enacting EV tax credits,
such as Montana, Wyoming, and North Dakota. Montana emits the highest CO2, which is
1.63%, compared to the reference scenario. This finding is out of the expectation, showing
that EV tax credits result in negative impacts on carbon emissions. It is important to
note that the reason behind this result can be attributed to the discrepancy in EV usage
among states and the balance of power generation within the power grid. In the context
of GCAM-USA, the model calculates energy demand and emission levels by relying on
external assumptions regarding state-level factors such as population, GDP, and labor
productivity [41,53,54]. However, the amount of electricity generation is balanced among
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15 “grid regions”. In the initial step, GCAM-USA assigns the generation of electricity to
specific fuel sources within the generation segments. This allocation process utilizes a
heuristic method grounded in the concept that the total electricity demand within each
horizontal segment should match the supply from each respective segment.

Additionally, the model calculates the proportion of each fuel type within the gen-
eration segments at the grid region level and presumes that these proportions remain
consistent across all states within a given grid region [55,56].

Furthermore, GCAM-USA computes CO2 emissions by considering fuel consumption
and the carbon content of different types of fuels. As shown in the tables below, it becomes
evident that EV tax credits lead to varying levels of emission reduction in individual states
reflected by the different levels of increases in EV usage. Nonetheless, when it comes to
increased power generation, there is no notable discrepancy among states within the same
grid. As emissions from power generation rise in tandem with relatively lower reductions
from transportation, EV tax credits can result in adverse effects on specific states.

Specifically, Table 2 shows the outcome of the Northwest Grid. In Montana (negatively
impacted by EV tax credits), the improved usage of EVs triggered by tax credits is the lowest
among the states in the grid. This leads to the lowest reduction in transportation. Table 3
displays the outcome of Southwest Grid. The results demonstrate the same information
that, for Wyoming state, emission reduction from transportation is lower than emission
increases in electricity generation. These states provide more power to the grid than
required by themselves. Some previous research also shows that the impact of incentives
on buyers varies depending on sociodemographic and vehicle choice characteristics [57].
Additionally, another study finds out that acquiring an emission advantage requires that
EVs exceed specific aggregate utilization thresholds [58]. Our finding shows that, when
the usage of EVs is low, EV tax credits can result in an adverse influence on emission
reductions. Hence, EV tax credits result in negative impacts in specific states if EV usage is
not significantly improved.

Table 2. Northwest Grid region results.

State Pre-Policy EV Usage * Post-Policy EV Usage * Usage Difference * Energy Generation Difference **

OR 58,568.97 61,717.71 3148.73 0.002

WA 110,659.56 115,515.37 4855.81 0.009

ID 30,758.16 32,640.48 1882.32 0.001

NV 46,370.11 48,877.03 2506.92 0.002

UT 47,636.33 50,228.55 2592.23 0.008

MT *** 18,053.13 19,224.29 1171.16 0.008

* Unit: million pass-km, ** Unit: EJ, *** State: Negatively impacted by EV tax credits.

Table 3. Southwest Grid region results.

State Pre-Policy EV Usage Post-Policy EV Usage Difference Energy Generation Difference

AZ 28,273.34 49,215.56 20,942.22 0.013

CO 21,842.31 37,698.21 15,855.90 0.006

NM 8285.05 14,444.14 6159.09 0.004

WY *** 2589.12 4494.31 1905.19 0.007
*** State: Negatively impacted by EV tax credits.

3.3. U.S. State-Level CO2 Emission Reductions by Clean Energy Incentives

The emissions reduced by clean energy incentives (including both PTC and ITC) are
shown in Figure 6 below.
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Figure 6. CO2 emission reductions by clean energy incentives.

Carbon emissions in all the states are reduced by applying clean energy incentives,
especially in Montana. Montana is one of the states that reduce the most emissions. Those
states that generate more emissions due to EV tax credits now reduce a greater amount of
emissions than other states. Clean energy incentives reduce emissions in some states when
EV tax credits cannot. For example, Montana, Wyoming, West Virginia, Nebraska, North
Dakota, and Iowa are the states that can benefit much from clean energy incentives but not
EV tax credits.

3.4. U.S. State-Level CO2 Emission Reductions by Combo-Policy

Applying both EV tax credits and clean energy incentives simultaneously into what we
term a combo-policy can significantly reduce carbon emissions for all the states. According
to Figure 7, the west region, which includes California, Oregon , Nevada, etc., reduces more
emissions than other regions.

Figure 7. CO2 emission reductions by combo-policy.

The southeast region also efficiently reduces emissions. By looking at the middle
region, the emissions of Montana state reduced by 8.38%, which is higher than most of the
states. In addition, Montana, Wyoming, and North Dakota also reduce more emissions
than when applying a single policy. This finding indicates that clean energy incentives
can effectively mitigate the negative impacts caused by EV tax credits. Furthermore, our
results show that combo-policy can achieve a better performance than the sum of individual
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policies. For example, individual EV tax credits can help California reduce 4.87% of CO2
emissions. With the aid of PTC and ITC, the CO2 emissions are reduced by 6.04% in total.
Implementing the combo-policy, including both EV tax credits and clean energy incentives,
can reduce 13.8% of total CO2 emissions, which is higher than the sum of individual policy
implementations.

3.5. U.S. State-Level Policy Effectiveness Index of EV Tax Credits

Figure 8 shows the policy effectiveness index of EV tax credits. The number on the
plot shows the percentage of emissions reduced by one percent, showing the marginal
impacts of reducing mitigation measure costs. As an illustration, let us consider California
and Washington. In California, the policy effectiveness index stands at 0.21, surpassing
that of Washington. This outcome suggests that reducing the equivalent percentage of EV
costs in California results in greater emission reductions. Conversely, a negative value in
Montana implies that cost reductions for EVs have led to an increase in carbon emissions.
Furthermore, a lower negative value signifies a more substantial increase in emissions.

Figure 8. Policy effectiveness index of EV tax credits.

The policy effectiveness index of each state shows a positive relationship to the per-
formance of corresponding EV tax credits. For those states that can achieve high emission
reductions when implementing EV tax credits, they also obtain a high value on the policy
effectiveness index. The states with higher emissions that are caused by EV tax credits also
have a negative value on the policy effectiveness index. These findings also indicate that
increasing the level of EV tax credits is not feasible to mitigate the negative impacts caused
in certain states.

3.6. U.S. State-Level Policy Effectiveness Index of Clean Energy Incentives

Figure 9 shows that greater reduction of the production cost of clean energy can
effectively reduce carbon emissions across the U.S.

Reducing clean energy production costs can always have a positive impact on state-
level carbon emissions when reducing clean energy cost. All states have a similar degree of
policy effectiveness index, indicated by the similar color across the U.S. except for Montana,
Nevada, and Utah. In particular, Montana reaches the greatest policy effectiveness index.
This result also shows a similar trend to the emissions reduced by clean energy incentives.
A state with higher emissions reduced by policy always has a higher degree of policy
effectiveness index.
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Figure 9. Policy effectiveness index of clean energy incentives.

3.7. U.S. State-Level Policy Effectiveness Index of Combo-Policy

The policy effectiveness index of the combo-policy is shown in Figure 10. By applying
clean energy incentives, some states, whose emissions are reduced by EV tax credits, obtain
a higher value on the policy effectiveness index. For example, the policy effectiveness of
the combo-policy in California is doubled after applying combo-policy, compared to the
individual EV policy. This result implies that implementing a combo-policy can enhance
the performance of such mitigation measures in terms of the policy effectiveness index.
For the states with a negative impact caused by EV tax credits, the policy effectiveness
index of the combo-policy is significantly increased. For example, the value on the policy
effectiveness index of the combo-policy in Wyoming is increased by six percent. This result
indicates that a combo-policy can also mitigate the negative impacts caused by EV tax
credits in certain policies. In Montana, in particular, the value of combo-policy effectiveness
changes from negative to positive. This result means that reducing one percent of costs can
significantly reduce the higher amount of emissions, showing that the combo-policy can
effectively enhance both policy performances at the same time.

Figure 10. Policy effectiveness index of combo-policy.

3.8. Numerical Analysis

According to the statistics of numerical results shown in Table 4, both the average of
emissions reduced by EV tax credits, 2.52%, and by clean energy incentives, 4.57%, are
lower than the combo-policy average. The average reductions of the combo-policy are also



Sustainability 2023, 15, 16562 13 of 16

higher than the sum of emissions reduced by EV tax credits and clean energy incentives.
The standard deviations of each alternative are low. This indicates that these policies’
implementation does not create significant differences among states.

Table 4. Statistics of state-level results. Note: µ the is mean value and σ is the standard deviation.

Policy
EV Clean Energy Combined Policy

µ σ µ σ µ σ

Reduction in CO2 emissions 2.52% 2.28% 4.57% 1.37% 8.26% 1.92%

Policy effectiveness index 7.26% 11.40% 4.68% 2.21% 26.21% 18.16%

The average policy effectiveness index of EV tax credits is higher than clean energy
incentives. This result shows that the effectiveness of EV tax credits is more sensitive to the
level of policy, which means reducing more EV costs can lessen CO2 emissions. However,
the larger value of the standard deviation indicates that the previous observation might not
be applicable to all states. The results from the previous section show that individual EV
tax credits can cause negative impacts on some states. A higher value of the combo-policy
effectiveness index also demonstrates reducing emission reduction costs is more efficient.
The larger value of the standard deviation shows the significant differences existing among
states across the U.S.

4. Conclusions

A crucial driver for successfully achieving the goals of the IRA is that policymakers
must anticipate its projected effects and be able to make the requisite dynamic amendments
as the impacts evolve. While qualitative research focuses on identifying the drivers of
climate change, quantitative studies use empirical data to examine the relationship between
such drivers, or between other socioeconomic parameters and climate change. However,
to the best of our knowledge, how effective an enactment would be is less considered in
the literature.

This study uses GCAM-USA to evaluate the effectiveness of some of the provisions
of the IRA enacted in 2022 using two metrics, i.e., CO2 emission reduction and the policy
effectiveness index. The major provisions in the IRA, i.e., clean energy incentives and EV
tax credits, are modeled and evaluated. We draw some important insights that guide future
policymaking. For example, several components of the IRA may outperform expectations
on carbon emission reduction in some jurisdictions while underperform in others. To be
more specific, PTC can unilaterally reduce total CO2 emissions in the U.S. by 16% of the
2005 level. On the other hand, the ITC can only independently reduce 0.6% of carbon
emissions by the Year 2030, with the potential for emission levels to rapidly regress back to
the reference level by the Year 2040. However, clean energy incentives can only effectively
reduce carbon emissions from conventional fuels in electricity generation. It should be
noted here that the challenges relating to policy compliance or monitoring are assumed
to be nonexistent. Lower prices of clean energy options can also lead to some emission
reduction from the residential sector. We also identified that the positive impact of clean
energy incentives may become weakened and even negative over the years.

On the other hand, our results show that individual EV tax credits cannot significantly
reduce carbon emissions across the U.S. They may also result in negative impacts in certain
states, such as Montana and Wyoming. However, combining energy policies can bring
a better performance for both mitigation measures. Carbon emissions in several states
increased after enacting EV tax credits, such as Montana, Wyoming, and North Dakota,
without clean energy incentives. The results of the policy effectiveness index also indicate
that only clean energy incentives can mitigate the negative impacts caused by EV tax credits
in some states and improve the effectiveness of EV tax credits in other states. We note here



Sustainability 2023, 15, 16562 14 of 16

that the effect of technological learning or performance as often noted with clean energy
analysis [59,60] are ignored.

Overall, clean energy incentives are one of the most efficient policies to reduce carbon
emissions. The government is recommended to spend more money on the most common
clean energy development, such as wind, solar, and geothermal. On the other hand, EV tax
credits are not always the most effective way to reduce emissions, except when combining
with the clean energy incentives simultaneously. A higher tax credit on EVs might result in
better performance but is not efficient for all states. Combining two policies can enhance
the effectiveness of both policies.
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