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ABSTRACT

We test for and measure misallocation of public subsidies for green investment projects in private

firms. The context of our study is a major green investment subsidy program in Norway over

the period 2012–2023. Combining a model of optimal subsidy allocation with detailed data

on project-level carbon emissions and subsidy amounts for both marginal and inframarginal

investment projects, we find that policymakers could have achieved the same level of carbon

emission reductions with 59% less expenditure. Leveraging unique data on both ex-ante expected

and ex-post realized carbon emission reductions for each project, we isolate two distinct sources

of misallocation: Prediction errors and intentional over-allocation to specific, favored green

technologies and sectors. Finally, we show that relying on average, as opposed to marginal,

returns when testing for and measuring misallocation introduces substantial bias.

Keywords: Green investment subsidies, climate finance, misallocation.

∗Gaarder: University of Chicago. Grindaker: University of Chicago. Meling: Fisher College of Business, The Ohio
State University. Mogstad: University of Chicago, Statistics Norway, NBER, and Norwegian Fiscal Studies. We are
grateful for feedback from seminar participants at BI Norwegian Business School, Norwegian School of Economics,
and IFAU. Correspondence: Morten Grindaker, e-mail: morten.grindaker@gmail.com.



I. Introduction

At least since Pigou (1927), economists have argued that the optimal way to address externality

problems such as climate change is through corrective taxes (e.g., carbon pricing) that equate

price and social marginal cost. In practice, however, climate policy increasingly takes the form of

discretionary interventions where governments target specific technologies and sectors with subsidies

to achieve carbon emission reductions. For example, the U.S. Inflation Reduction Act and EU Green

Deal, respectively, provide $360 and $250 billion in subsidies for specific technologies, such as solar

and wind power, and industries, such as manufacturing and transportation.

Advocates of such discretionary climate policies argue that subsidies for certain technologies and

industries can deliver particularly high emission reductions per subsidy dollar. Critics, however,

question the government’s ability to reliably identify the right technologies and industries, and

argue further that emission effects may be diluted by other motives, such as industrial and place-

based objectives (Gillingham and Stock, 2018; Aldy, 2024). At the core of this debate lies a key

unresolved question: How wasteful are targeted climate subsidies when policymakers are unable or

unwilling to pick the projects that yield the highest carbon emission reductions?

Answering this question is challenging for several reasons. Conceptually, it requires a model of

optimal subsidy allocation that accounts for the policymaker’s prediction errors and motives beyond

carbon emission reductions, which can be informed by data. Empirically, it requires estimates of

both the actual carbon emission reductions and the counterfactual emission reductions that could

have been achieved by reallocating subsidies to alternative projects or policies. Additionally, to

assess the policymaker’s ability — rather than willingness — to target the projects with the highest

carbon emission reductions, one needs information on both the policymaker’s ex-ante expectations

and the ex-post realized carbon emission reductions of each individual climate project.

We address these challenges in the context of Enova, a major public program for green invest-

ment subsidies in Norway. As explained in Section II, our analyses are made possible by several

key strengths of the data and the institutional setting. First, our dataset includes information
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on both the ex-ante expected carbon emission reduction per subsidy dollar as well as the ex-post

verified carbon emission reduction for each subsidized climate project over the period 2012–2023.

Second, all funding through Enova has the same mandated objective — to reduce carbon emissions

in private firms. However, funding is allocated across so-called program areas that target specific

technologies and industries. Within each program area, Enova selects the projects it anticipates

will yield the highest carbon emission reductions per subsidy dollar. This allocation rule, combined

with the detailed data, allows us to directly observe the expected and realized carbon emission

reductions of both marginal and infra-marginal projects within each program area.1

In Section III, we present our model, which mirrors the institutional setting. The purpose of

the model is to make precise our tests and measures of misallocation of green investment subsidies.

We consider a decision-maker who can achieve emission reductions by allocating climate funds

from a fixed budget to specific Enova programs or to an alternative green policy. We allow the

decision-maker to have preferences over programs beyond their emission reductions. For example,

certain programs may be favored because they are popular among politicians or expected to benefit

certain regions or interest groups. We also incorporate the possibility that the decision-maker has

imperfect foresight about the eventual impact of green investments on emissions.

In the model, the decision-maker may fund projects with inferior carbon emission reductions

either because she has motives beyond emission reductions, is unable ex-ante to identify the highest-

impact climate projects, or both. To assess misallocation, we contrast this allocation with a

counterfactual first-best allocation in which the decision-maker has no motives beyond emission

reductions and has full knowledge of ex-post emission outcomes. This decision-maker simply funds

the projects with the highest ex-post emission reductions, optimally equalizing marginal realized

1Comparing the investment behavior of subsidy winners and losers in a difference-in-differences specification, in

Section II.D, we find that winners, on average, increase their investment by nearly the exact amount promised in

their subsidy applications. This is consistent with Enova successfully targeting subsidies to green investments that

would not have been undertaken without support. If projects had been completed even without a subsidy, contrary

to the data, our estimates of misallocation would be even larger; see Appendix Section I.G for details.
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emission reductions across Enova’s program areas and the alternative green policy.

Accordingly, one can test for misallocation by comparing marginal emission reductions across

Enova’s programs and between Enova and the alternative policy. The intuition is simple: If marginal

outcomes are not equalized, the decision-maker could achieve greater emission reductions for the

same total spending by reallocating funds. In turn, our measure of misallocation compares to-

tal emission reductions under the decision-maker’s actual and first-best allocations, which can be

decomposed into parts driven by non-emission motives and prediction errors, as well as by over-

spending on Enova relative to the alternative policy and misspending within Enova.

In Section IV, we explain how we implement the tests and measures of misallocation given our

data. To test for misallocation, the model implies that we need data on realized emission reductions

for marginally accepted Enova projects as well as on the counterfactual emission reductions that

could have been achieved under an alternative green policy. In the data, we directly observe Enova’s

expectations about each project’s emission reductions, as well as the ex-post realized emission

reductions, allowing us to identify the marginally accepted projects in the decision-maker’s actual

allocation and their outcomes. As the alternative policy, we consider the purchase and deletion of

carbon emission quotas from the EU Emission Trading System (EU ETS).2

While it is straightforward to test for misallocation given our data, it is more challenging to

quantify the total amount of misallocation. The main data challenge is that we do not observe

the carbon emission effects of rejected Enova projects. To address this challenge, in Section IV.B,

we show that total misallocation can be expressed as the sum of forgone emission reductions from

wrongly rejected projects (Type I error) and wrongly accepted projects (Type II error). This

decomposition allows us to construct bounds on misallocation under weak or no assumptions. To

achieve point identification, we follow Cingano et al. (2025) in imposing stronger assumptions and

2The EU ETS is a carbon emission trading scheme that began in 2005 and is designed to lower carbon emissions

in the EU. It is the largest cap-and-trade program in the world and has been extensively studied in both finance and

economics (e.g., Akey et al., 2024; Martinsson et al., 2024). In robustness analyses, we consider other alternative

green policies and find even larger estimates of misallocation.
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extrapolating outcomes from marginally accepted to rejected Enova projects.

We present our main results on misallocation in Section V. We begin by testing for misalloca-

tion. We find substantial dispersion in marginal emission reductions across Enova’s programs and

strongly reject the null of equalized marginal emission reductions. Moreover, a large majority of

Enova programs have marginal emission reductions below those achievable in the alternative policy;

we can strongly reject the null that Enova’s marginal emission reductions are equal to those of the

alternative policy, suggesting pervasive misallocation at least on the margin.

Next, we construct a lower bound on total misallocation. The lower bound corresponds to

the loss in carbon emission reductions from accepting Enova projects with emission effects below

that of the alternative policy, which is directly observed in the data. We find that by optimally

reallocating funds, the decision-maker could have increased carbon emission reductions by at least

0.046 tons of CO2 per Euro, equivalent to 70% of the average on accepted Enova projects. Scaling

this estimate by total spending implies 2.16 million tons of forgone emission reductions, or about

4% of Norway’s total annual emissions. Our point estimate is 0.048 tons of CO2 per Euro and the

upper bound is 0.118 tons of CO2 per Euro, all indicating substantial misallocation.

To understand the drivers of misallocation, we first decompose our point estimate of misallo-

cation into parts driven by the decision-maker’s non-emission motives and by errors in predicting

projects’ eventual emission return. This is possible because we observe both ex-ante expected and

ex-post realized emissions for all accepted projects. We find that misallocation is almost entirely

driven by non-emission motives: 96% of misallocation can be attributed to non-emission motives,

compared to only 4% for prediction errors, suggesting the decision-maker is able to predict returns

but is unwilling to systematically select the highest-returning projects. Constructing bounds on

the contribution of non-emission motives, we conclude under minimal assumptions that at least

45% of misallocation is accounted for by the decision-maker’s non-emission motives.

In addition, we decompose our estimate of misallocation into parts driven by overspending on

Enova relative to the alternative green policy and by misspending within Enova. We find that
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the most important margin for reducing misallocation is to reduce spending on Enova relative to

the EU ETS. By optimally reallocating funds away from Enova, the decision-maker could increase

emission reductions by 0.041 tons of CO2 per Euro, corresponding to 62% of the average on accepted

projects. That said, misallocation within Enova is also non-negligible. By optimally reallocating

funds across Enova’s programs, the decision-maker could further increase returns by 0.007 tons

of CO2 per Euro, corresponding to 11% of the average. Further decomposing the overspending

and misspending components, we find that non-emission motives are the primary driver of both,

indicating that errors in predicting returns play only a minor role in explaining misallocation, both

across Enova’s program areas and between Enova and the alternative policy.

Our research connects to several literatures. First, an existing literature estimates the average

carbon emission effects of environmental policies, documenting substantial variation in carbon

emission reductions per subsidy dollar across policies (e.g., Hahn et al., 2024, Hoppe et al., 2023,

and Gillingham and Stock, 2018 for a review).3 However, as explained by Heckman et al. (1998)

and Canay et al. (2023), average outcomes are generally uninformative about marginal outcomes,

which are necessary to identify the optimal allocation and detect misallocation. Using unique data

on both marginal and inframarginal carbon emission returns, we provide systematic evidence on

the level and underlying sources of misallocation in green investment subsidies. We also show that

relying on average returns to detect misallocation leads to substantial bias.4

Our work also contributes to the growing literature on climate finance. This literature has

primarily examined how financial markets price climate risk and, more broadly, the availability of

3A large literature evaluates the effect of specific environmental subsidies, such as electric vehicles (e.g., Allcott

et al., 2024; Jacobsen et al., 2023), energy efficiency programs (e.g., Allcott and Greenstone, 2012; Fowlie et al.,

2018), and solar power (e.g., Gerarden, 2023).
4Using data from a public investment subsidy program in Italy, Cingano et al. (2025) estimate that political

discretion increases the cost per new job created under the program by 11%. Unlike our setting, Cingano et al.

(2025) do not have data on inframarginal projects and instead extrapolate returns from a set of RD estimates to both

inframarginal accepted and rejected projects. Moreover, the authors only observe ex-post realized program effects,

preventing them from identifying the contribution of prediction errors to subsidy misallocation.
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financing for climate-friendly (green) projects (e.g., Baker et al., 2022 and Giglio et al., 2021 for

a review).5 An emerging strand of this literature investigates whether green bonds for climate-

related projects actually induce new climate-friendly investments (e.g., Flammer, 2021 and Lam

and Wurgler, 2024). Our findings show that green investment subsidies can, indeed, increase

firms’ investments in projects that reduce carbon emissions. However, the total carbon emission

reductions from these subsidies could be significantly higher if the most effective projects were

systematically selected. More broadly, we note that our empirical framework can be applied to

study misallocation in other areas of finance, such as venture capital funding allocation, provided

that similar project-level data on expected and realized outcomes become available.

Finally, we connect to ongoing policy debates in the U.S. and Europe. A key takeaway from our

results is that the effectiveness of discretionary climate policies can be undermined by policymakers’

non-carbon emission motives and their inability to identify the technologies and industries that

deliver the highest emission reductions per subsidy dollar. We show that these factors lead to

substantial misallocation of climate funds in the context of green investment subsidies in Norway.

Meaningful carbon emission reductions could be achieved for the same level of spending if decision-

makers reallocated funds toward projects with the highest emission returns.

II. Institutional Background and Data

We now describe the institutional context and provide an overview of the data.

5We also connect to a growing literature in finance that examines firms’ responses to carbon taxes and cap-and-

trade systems such as the European Emission Trading System, see, for example, Martinsson et al. (2024), Brown

et al. (2022), and Bartram et al. (2022).
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A. Institutional context

Context. Norway is a small open economy with a GDP per capita comparable to that of the

U.S.6 Under the Paris Agreement, Norway has promised to reduce its carbon emissions by 50% by

2030 relative to 1990 levels. Its climate policy is closely linked to that of the European Union (EU),

both through the European Economic Area Agreement and through cooperation to meet the Paris

Agreement’s 2030 climate targets. Norway also participates in the EU Emissions Trading System,

a carbon emission trading scheme launched in 2005 to reduce carbon emissions across the EU. The

Climate Action Tracker (2022) rates Norway’s climate efforts as “Almost sufficient,” meaning that

further action is needed to align with the Paris Agreement’s targets.

To achieve its climate goals, the Norwegian government employs a mix of direct carbon emission

taxation, emission quotas, and subsidies for firm investments in low-emission technologies, such as

electric heavy machinery, solar panels, and central heating systems. The vast majority of these

green investment subsidies are distributed through Enova, a state-owned enterprise tasked with

promoting carbon emission reductions among Norwegian firms. Over the period 2012–2023, Enova

awarded NOK 30.3 billion in subsidies to 7,754 firms across 22,260 projects.7 Little, if anything, is

known about the allocative efficiency of these green investment subsidies.

We next describe the four-step subsidy process of Enova, illustrated in Figure 1. In the course

of doing so, we also introduce some notation that will be useful both in the economic model in

Section III and the econometric analysis in Sections IV–V.

Step 1: Application. Firms apply for Enova subsidies by offering carbon emission reductions

through green investments. Applications are sent to so-called program areas, which define categories

of green investments eligible for subsidy. In 2022, there were 29 such programs (see Appendix

Table A.I for a full list). For example, a firm investing in a geothermal heating pump would send

6We refer to Mogstad et al. (2025) for a description of the Norwegian economy and a comparison to other OECD

countries.
7With a population of about 5.6 million, NOK 30.3 billion amounts to NOK 5,400 (USD 545) per capita.
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its application to the program “Heating Plants,” while a firm investing in a new electric fishing

boat would send it to “Electrification of Maritime Transport,” a separate program. However, all

programs share the same key objective — to maximize carbon emission reductions for a given

budget.

In the application, each firm specifies the green investment it seeks to make along with the

anticipated carbon emission effect, ∆A, from undertaking the investment. For example, a firm

seeking to invest in a geothermal heating pump may report that the investment will reduce its

carbon emissions by ∆A = 100 tons of CO2 relative to a counterfactual without the investment.

To substantiate ∆A, the firm must report detailed information on expected investment and energy

consumption over the project’s lifetime. The firm must also provide information about likely

investments and emissions for a counterfactual scenario without the subsidy.

Firms do not specify a subsidy amount in their applications. Instead, the subsidy amount,

denoted by c, is determined by the type of green investment being made, in accordance with EU

regulations on state aid. Since different programs target different types of investments, subsidy

rates vary across programs, covering 20–50% of the firm’s total investment costs.

Step 2: Evaluation. Applications are evaluated on a program-by-program basis. For each

project, a caseworker forms her own expectation of the carbon emission effect from undertaking

the stated green investment, E(∆). To do so, the caseworker must assess the firm’s expected

investment and resulting carbon emissions both with and without the subsidy.

To assess the likely carbon emissions with the subsidy, the caseworker reviews reported infor-

mation on expected investment and energy consumption over the project’s lifetime, and validates

(or rejects) these figures using independent sources on the energy use of different green technolo-

gies. To assess the likely carbon emissions without the subsidy, it is critical to gauge the extent to

which the subsidy generates additionality in investment. The caseworker therefore reviews reported

project-level information on expected cash flows and the applicant’s cost of capital. This allows

the caseworker to assess whether the stated investment would have been undertaken even without
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a subsidy, in which case the subsidy would generate no investment additionality and, therefore, no

impact on emissions. For example, while a firm investing in a geothermal heating pump may state

an emission effect of ∆A = 100 tons of CO2, Enova may expect the same investment to reduce

carbon emissions by only E(∆) = 75 tons of CO2 — either because the firm understates emissions

with the investment, overstates emissions without the investment, or both.

Step 3: Allocation. Within each program, applications are ranked by the expected carbon

emission effect per subsidy dollar, E(∆)
c , and subsidies are then assigned in order. As illustrated

in Figure 1, the highest-ranked application receives a subsidy first; the next-highest receives one if

funds remain, and so on. This process continues until the program’s budget is exhausted, creating

a cutoff rank qcr in the distribution of applications for program r. Applications ranked above this

cutoff are awarded a subsidy (D = 1), while those ranked below are rejected (D = 0).

It is useful to observe that the E(∆)
c of the marginal application at qcr may vary across programs

for two reasons. The first is that some programs may attract applications with higher E(∆)
c . For

example, in Figure 1, it could be that E(∆)
c differs between the marginal firm in Program 2 (Firm 6)

and the marginal firm in Program 3 (Firm 9), even if both programs receive the same funding and

accepted the same number of applications. The other reason is that some programs may receive

less funding than others. For example, it could be that Program 1 accepts only one application

(Firm 3) because it has very limited funding, but this application has a higher E(∆)
c than the

marginal applications in other programs that accept more applications because they receive higher

funding.

Regardless of program area, the legal obligations of subsidy winners (D = 1) remain the same.

When a subsidy is awarded, the firm and Enova enter into a contract in which the firm receives

the subsidy amount c conditional on making the specified green investment.

Step 4: Verification. After a project is completed, subsidy winners must submit a final report

detailing the green investment. Winners are required to share receipts and project performance
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Step 1: Step 2: Step 3: Step 4:
Application Evaluation Allocation Verification

Firm submits ∆A Enova forms E(∆) Enova ranks by E(∆)
c

Enova disburses c

Firm 1
Firm 2
Firm 3

Firm 4
Firm 5
Firm 6

Firm 7
Firm 8
Firm 9

Program 1

Program 2

Program 3

E(∆ | Firm 1)
E(∆ | Firm 2)
E(∆ | Firm 3)

E(∆ | Firm 4)
E(∆ | Firm 5)
E(∆ | Firm 6)

E(∆ | Firm 7)
E(∆ | Firm 8)
E(∆ | Firm 9)

Rank 1: Firm 3
Rank 2: Firm 2
Rank 3: Firm 1

qcr
c

Rank 1: Firm 4
Rank 2: Firm 6
Rank 3: Firm 5 qcr

c

Rank 1: Firm 8
Rank 2: Firm 9
Rank 3: Firm 7 qcr

c

Figure 1. A three-program illustration of the steps in the Enova subsidy process.

measures for up to ten years after completion. Enova disburses the subsidy amount c only after

verifying that the contracted green investment has been made. At this stage, Enova also assesses

the realized carbon emission effect of the project, denoted by ∆, which may differ from both the

stated (∆A) and expected (E(∆)) effects. For example, a geothermal heating pump may prove less

effective than both stated and expected — due to downtime or lower-than-anticipated efficiency —

and reduce the subsidy winner’s carbon emissions by only ∆ = 50 tons of CO2. These verifications

are carried out by Enova caseworkers or, in some cases, independent third-party experts.

B. Data and institutional information

Our paper combines three sources of data:

Enova data. We use a new data set on Enova subsidies covering all project applications sub-

mitted between 2012 and 2023. Our sample comprises 18,373 applications from 6,704 unique firms
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processed during this period.8 Each application contains complete information on the firm’s antic-

ipated carbon emission effect ∆A, and all accepted applications contain complete information on

Enova’s expected effect, E(∆), and the ex-post realized effect, ∆. For each application, we also ob-

serve the proposed green investment, the corresponding program area r, the firm’s tax identification

number, the project duration, and the amounts of funding requested and awarded.

Firm data. We link the Enova subsidy data to firm-level administrative records from Statistics

Norway. These data cover the universe of limited liability firms, the most common legal form in

Norway, and include detailed information on firm-level output (e.g., revenues), inputs (e.g., capital,

labor, and intermediates), industry classification codes, and geographical identifiers. See Akerman

et al. (2015) and Hvide and Meling (2023) for more details on these databases.

Institutional information. As discussed in Section II, Enova ranks applications by the expected

carbon emission reduction per subsidy dollar. In most program areas, Enova is instructed to only

consider the direct reduction in carbon emission that occurs in the firm that applies for the subsidy.

The Enova measures E(∆) and ∆ allow us to observe these quantities.

However, for a small set of program areas, caseworkers are also instructed to consider carbon

emission reductions from possible spillover effects on other firms.9 Such spillovers are neither

quantified in the applications nor in the caseworker’s expectations. As a result, we do not have

information about the existence or magnitude of spillover effects.

To address this issue, we hand-collect historical data from each program area’s funding calls on

how much weight, if any, caseworkers are instructed to place on possible spillovers relative to direct

8For our main misallocation measures defined in Section III, we require data on both expected (E(∆)) and realized

(∆) emission effects. We have therefore excluded a small number of projects with missing E(∆), and a larger number

of projects that are still in process by 2023 (the last year of our sample period) as these lack a recorded ∆.
9Note that for this set of programs, caseworkers are only allowed to consider direct and indirect carbon emission

effects. Other possible effects unrelated to carbon emission reductions, such as job creation, are outside its mandate

and should not be used to determine how projects are ranked.
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emission effects. These data show that caseworkers in a small set of programs, constituting about

15% of our sample of applications, are instructed to consider possible spillovers. In the remaining

programs, project rankings are based solely on direct effects, as captured by E(∆). In Section V.F,

we present a robustness analysis that restricts the sample to these programs, along with a bounding

exercise that clarifies the potential confounding effect of unmeasured spillover effects.

C. Summary statistics

In Table I, we present descriptive statistics from the full estimation sample.

Table I. Summary Statistics

Accepted Rejected
Mean Std.dev Mean Std.dev

Panel A: Project characteristics
Subsidy amount in million NOK (c) 0.62 4.10 4.11 35.69
Stated carbon emission effect (∆A/c) 0.17 0.77 0.10 0.41
Expected carbon emission effect (E(∆)/c) 0.09 0.11 - -
Realized carbon emission effect (∆/c) 0.09 0.13 - -
Investment cost share 0.46 0.02 0.46 0.02
Project completion time (months) 6.9 10.14 - -

Number of projects 11,167 7,206

Accepted Rejected
Mean Std.dev Mean Std.dev

Panel B: Firm characteristics
Firm age 18.9 14.4 16.1 13.4
Employees 84.4 265.3 77.9 263.2
Sales 68.8 81.0 58.6 77.2
Wage cost 14.8 17.1 13.3 16.4
Capital cost 2.2 2.9 2.1 3.0
Materials cost 34.6 44.6 27.1 40.7

Number of firms 3,933 3,882

Notes: Panel A presents summary statistics for our sample of accepted and rejected subsidy applications. Carbon
emission effects are measured in tons of CO2 per subsidy EUR. ∆A is observed for all applications, while E(∆) and
∆ are observed only for accepted projects. The investment cost share is the share of the firm’s total investment cost
covered by the Enova subsidy. Completion time is defined as the duration between the subsidy decision date and the
date the project receives its final payment. Panel B presents summary statistics for the applicant firms. Financial
variables are reported in 2015 million NOK, and winsorized at the 1st and 99th percentiles.
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Project characteristics. Panel A of Table I summarizes project characteristics. About 61% of

applications are accepted, with an average subsidy amount, c, of about NOK 600,000, covering 46%

of the project’s total cost. On average, firms state in their applications that the project will reduce

carbon emissions by ∆A

c = 0.17 tons of CO2 per subsidy EUR, while Enova expects a reduction of

E(∆)
c = 0.09 tons of CO2 per subsidy EUR.10

Applicant characteristics. Panel B of Table I summarizes applicant firm characteristics. The

average applicant firm is about 19 years old, generates NOK 70 million in sales, and employs 84

people. Compared to the broader population of Norwegian firms, the firms in our sample are older

and larger. Applicant firms that ultimately receive investment subsidies from Enova are on average

slightly older and larger than those that apply but are rejected.

D. Descriptive evidence: Winning a subsidy

In Section III, we specify the decision-maker’s problem and analyze the misallocation of green

investment subsidies relative to an optimal allocation rule. Before turning to that analysis, we first

use our Enova and firm data to describe what it means to win an Enova subsidy.

To do so, we estimate regressions comparing firms, indexed by j, that are first-time Enova

subsidy winners in year t (Djt = 1) to firms that apply in year t but lose (Djt = 0), before and

after the application. Let e denote an event time relative to t, and let yjt+e denote an outcome

variable for firm j. For each event time e = −3, . . . , 4, our baseline regression model is:

yjt+e =
∑
e′ ̸=ē

1e′=eµte′ +
∑
j′

1j′=jψj′t +
∑
e′ ̸=ē

1e′=eDjtλte′ + εjte, (1)

10While the average values of E(∆)
c

and ∆
c

coincide, at 0.09 tons of CO2 per subsidy EUR, these averages mask

substantial variation across projects. For 64% of projects, Enova either underestimates (E(∆)
c

< ∆
c
) or overestimates

(E(∆)
c

> ∆
c
) the eventual carbon emission effect, with an average gap of 11%, indicating meaningful prediction errors.

For the remaining 36% of projects, the expected and realized carbon emission effects coincide.
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where λte is the change in the outcome for winners of a subsidy relative to the control group for

a particular pair (e, t) and ē = −2 is the omitted event time. The inclusion of firm fixed effects

in equation (1) controls for any time-invariant differences between winners and losers of Enova

subsidies — for example, fixed differences in productivity — while the inclusion of event time fixed

effects controls for any common shocks experienced by all firms during the time interval.11

Outcomes from the Enova data. The first set of outcome variables we consider comprises the

win probability and value of current and future Enova subsidies. These outcomes, presented in

Figure 2, allow us to describe the treatment associated with winning an Enova subsidy.

Panel A shows the share of firms that are first-time subsidy winners. Mechanically, both treated

and control units have no wins prior to e = 0, so the effect is zero for e < 0. At e = 0, treated firms

win a subsidy for the first time, while control firms apply but do not win, which means the effect

equals one by construction. For e > 0, the estimates can be small or large depending on how a first

subsidy win at e = 0 affects the probability of winning again in future years. Panel B of Figure 2

shows the share of firms that win a subsidy in a given relative year, e. The results show that future

subsidy wins are only weakly correlated with past ones: A firm that is currently awarded a subsidy

is not much more likely to win a subsidy in the future. This suggests we can infer lagged responses

to a subsidy win by regressing outcomes measured in years e > 0 on winning in year e = 0.

As explained in Section II.A, subsidies are disbursed only after Enova verifies that the contracted

green investment has been made. In Panel C of Figure 2, the black line shows mean verified

investments among subsidy winners. At e = 0, the mean verified investment is NOK 1.8 million; by

e = 4, it reaches NOK 4.2 million. This is almost identical to the amount of investment promised in

the contract at e = 0, shown in blue. This reflects that the vast majority of projects are completed

and verified by e = 4.12 Since Enova covers no more than 50% of the investment costs, subsidy

11We restrict the estimation sample to first-time winners and losers that applied before 2020, so that all firms can

be followed for at least four years after the subsidy decision. Accordingly, the estimates in this section are based on

a slightly smaller sample of firms than the summary statistics in Table I, which use all project applications.
12In Appendix Figure A.1, we plot the share of projects that are completed over event time. By event time e = 2,
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Panel C: Contracted and verified investment

Figure 2. Visualizing the research design. This figure presents estimates from equation (1) of the impacts
of winning an Enova subsidy. The omitted event time is e = −2. The outcomes considered are: the probability of
winning an Enova subsidy for the first time (Panel A), the probability of winning an Enova subsidy in the current year
(Panel B), and the cumulative value of green investments verified by Enova (Panel C). In Panel C, the blue dashed
line shows the mean contracted investment among first-time winners at e = 0, while the green dashed line shows the
cumulative value of subsidy payments to the firm, reported separately by event year. Shaded areas represent 95%
percent confidence intervals. Specification details and sample definitions are provided in the main text.
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payments are lower than verified investments, as shown by the green line in Panel C.

Outcomes from the firm data. The next outcome variable we consider is the firm’s total

investments. Panel C of Figure 2 shows that subsidy winners, on average, increase their verified

green investments by nearly the exact amount promised in their contracts with Enova. However,

Enova only verifies green investments related to the accepted projects. It is possible that subsidy

winners would have invested even in the absence of a subsidy, in which case the actual investment

response is smaller than suggested by the estimates in Panel C of Figure 2.
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Figure 3. Average investment response. The figure presents estimates from equation (1) of the impact of
winning an Enova subsidy. The omitted event time is e = −2. The outcome is the firm’s fixed tangible assets.
Estimated effects are shown in orange, with shaded areas representing 95% confidence intervals. The blue line shows
the mean contracted investment among first-time winners at e = 0; the black line shows the cumulative value of green
investments verified by Enova. Specification details and sample definitions are provided in the main text.

We measure firms’ cumulative investments as the change in total fixed tangible assets relative

to the omitted event time e − 2, using the balance sheet data described in Section II.B. Figure 3

presents estimates from equation (1) with total fixed tangible assets as the outcome variable. At

e = 0, subsidy winners increase their fixed assets by NOK 2.18 million relative to losers; by e = 4,

the increase reaches NOK 4.6 million. The estimated investment response is nearly identical to

85% of projects are completed; by e = 5, the share increases to 90%.
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the verified green investment reported in Panel C of Figure 2, suggesting that winning an Enova

subsidy neither crowds out nor crowds in other investments.

The last set of outcomes we consider lets us study how firms adjust their use of other inputs

and their output after winning an Enova subsidy. We estimate equation (1) with firm-level revenue,

labor costs, and intermediate inputs as outcomes. In Table II, we find that subsidy winners increase

revenue and intermediate inputs by 8% and 11%, respectively, with no significant change in total

labor cost. This is consistent with intermediates being complementary to capital. Row (6) of

Table II shows that the increase in output is fully accounted for by higher input use, rather than

by a shift in productivity. Similarly, row (4) shows no significant evidence that winners increase

their R&D intensity, as measured (imperfectly) by the stock of intangible assets.

Table II. Firm Outcomes

Years after treatment

Pre e = 0 e = 1 e = 2 e = 3 e = 4 Post
(pooled) (pooled)

Panel A: Inputs
Log fixed tangible assets -0.01 0.08 0.18 0.18 0.19 0.14 0.18

(0.023) (0.048) (0.054) (0.061) (0.065) (0.085) (0.057)
Log materials 0.03 0.04 0.11 0.08 0.12 0.29 0.11

(0.040) (0.067) (0.070) (0.077) (0.078) (0.121) (0.069)
Log labor cost -0.02 -0.02 -0.04 -0.04 -0.05 -0.02 -0.04

(0.026) (0.040) (0.049) (0.055) (0.054) (0.074) (0.046)
Log fixed intangible assets 0.01 0.04 0.03 -0.01 -0.05 -0.01 -0.01

(0.059) (0.095) (0.123) (0.124) (0.131) (0.181) (0.114)

Panel B: Output
Log of sales 0.04 -0.02 0.07 0.07 0.08 0.09 0.08

(0.027) (0.044) (0.054) (0.058) (0.062) (0.085) (0.052)
Log sales - Predicted log sales (OLS) -0.05 -0.07 0.04 -0.00 -0.05 -0.02 -0.01

(0.041) (0.058) (0.067) (0.075) (0.076) (0.106) (0.067)
Log sales - Predicted log sales (LP) -0.01 -0.06 0.02 -0.02 -0.05 -0.02 -0.02

(0.030) (0.043) (0.049) (0.053) (0.056) (0.082) (0.049)

Number of firms 1484 1484 1484 1484 1484 1484 1484

Notes: The table presents estimates from equation (1) of the impacts of winning an Enova subsidy. The omitted
event time is e = −2. All variables from firms’ income statements and balance sheets are reported in 2015 million
NOK and subsequently log-transformed. Predicted log sales is calculated as follows: Using pre-treatment data only,
we first estimate the output elasticities of log capital, log labor cost, and log materials, separately using OLS and the
approach of Levinsohn and Petrin (2003). We then predict log sales by multiplying the estimated output elasticities
by the subsidy-induced increase in inputs. Standard errors are reported in parentheses.
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Investment additionality and misallocation. Overall, the evidence shows that subsidy win-

ners, on average, increase their verified green capital and capital stock by nearly the exact amount

promised in their contracts with Enova. This is consistent with Enova successfully targeting sub-

sidies to green investment projects that would not have been undertaken absent support.

While Enova appears able to induce additional green investment, this does not imply that its

subsidies are allocated efficiently.13 Misallocation can arise if spending is not optimally distributed

across Enova’s program areas and alternative green policies. For example, Enova may overspend

on politically favored programs that deliver low carbon emission reductions per subsidy dollar

compared to other Enova programs or to alternative green policies. In our context, spending more

on one program area lowers that area’s cutoff rank qcr, allowing more projects to be funded there,

but at the expense of fewer projects being funded in other programs or policies, as illustrated

in Section II.A. Next, we fully specify the decision-maker’s problem, define the optimal project

selection rule, and introduce our empirical tests and measures of misallocation in green investment

subsidies.

III. Measuring Misallocation

In this section, we first develop a parsimonious model in which a decision-maker allocates climate

funds across Enova’s program areas and an alternative green policy. The purpose of the model is

to make precise our tests for and measures of misallocation of green investment subsidies. Next, in

Section IV, we discuss how to implement the tests and measures given our data.

13If Enova’s subsidies fail to induce additional green investments — a case inconsistent with the data — Enova

will overestimate projects’ carbon emission effects. In that case, our lower bound estimates of total misallocation are

conservative; see Appendix Section I.G for details.
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A. Notation

We consider a decision-maker who can achieve carbon emission reductions by allocating climate

funds from a fixed budget, B̄, to specific Enova programs indexed by r, or to an alternative green

policy. We letBr denote the funding allocated to Enova’s program area r and defineB0 ≡ B̄−
∑

r Br

as the amount of funding allocated to the alternative green policy.

Within each program area, the decision-maker receives a continuum of project applications p.

Let D = 1 if the project application is accepted, in which the project receives a subsidy amount

c(p), and let D = 0 if the project application is rejected. Let Y1(p) denote the potential project-level

carbon emissions if the project is accepted, and let Y0(p) denote the potential carbon emissions

if the project is rejected. Observed project-level carbon emissions, Y (p), are related to potential

carbon emissions through Y (p) = Y0(p)+D(Y1(p)−Y0(p)). The causal effect on carbon emission of

accepting the project can therefore be expressed as ∆(p) ≡ Y1(p)− Y0(p). Similarly, let ∆0 denote

the per dollar carbon emission effect that can be achieved in the alternative green policy.

As discussed in Section II.A, the decision-maker does not necessarily know the true carbon

emission effect that would result from accepting the project, but forms an expectation E [∆ | p] of

the project’s emission effect. Given these expectations, the decision-maker ranks each application.

We let qr ∈ [0, 1] denote the percentile rank of project p within program area r. Given a budget

allocation Br to program r, climate funds are allocated within that program so that:

Br =

∫ 1

qcr

c(r, qr) dqr, (2)

where qcr denotes the lowest-ranked (marginal) accepted project within the program area. A pro-

gram’s total carbon emission reduction, Er, can then be expressed as:

Er =

∫ 1

qcr

E [∆|r, qr] dqr,
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The total carbon emission reduction from the budget allocations {Br}Rr=1 (Enova) and B0 (alter-

native policy) is then given by:

∑
r

∫ 1

qcr

E [∆|r, qr] dqr︸ ︷︷ ︸
Emission reductions: Enova

+ ∆0B0︸ ︷︷ ︸
Alternative policy

.

Decision problem. The decision-maker’s problem consists of choosing budget allocations

{Br}Rr=1 and B0 to maximize the objective function:

max
B0,{Br}Rr=1

∑
r

Emission reductions︷ ︸︸ ︷∫ 1

qcr

E [∆|r, qr] dqr +

Other motives︷ ︸︸ ︷
βrBr︸ ︷︷ ︸

Enova

+ ∆0B0︸ ︷︷ ︸
Alternative policy

, (3)

subject to the constraints:

i) B̄ = B0 +
∑
r

Br ii) Br =

∫ 1

qcr

c(r, qr)dqr

The objective function captures that the decision-maker is instructed to allocate Br to minimize

carbon emissions. However, it also allows for the possibility that the decision maker expresses other

motives or preferences in the budget allocation.14 These motives may reflect the decision maker’s

self-interest, or pressure to use funds to benefit other political goals and interest groups. For

example, certain Enova programs may be systematically favored because they are visible to the

public, popular among politicians, or expected to benefit certain groups or regions. These other

motives are captured by βr, which represents the utility derived from non-emission-related motives

per dollar spent on program r.15

14Work on public administration emphasizes that civil servants might pursue their own self-interest due to an

agency problem (Wilson, 1989), especially in settings like ours where there is little, if any, oversight or incentives to

align the interests of the decision-makers with the principal’s stated objectives.
15With this notation, we align with the literature on detecting bias in decision-making (e.g., Becker, 1957 and

21



B. The project selection rule

Given equation (3) and constraints (i) and (ii), the decision-maker’s optimal funding allocation

requires that the marginal benefit per subsidy dollar, E[∆|r,qr]
c(r,qr)

+ βr, is equalized across Enova’s

program areas and equal to the return ∆0 on the alternative policy. The resulting first order

condition lets us express the decision-maker’s project selection rule as follows:

D = I
{ E [∆|r, qr]

c(r, qr)
≥ ∆0 − βr

}
. (4)

Equation (4) makes precise three key determinants of how projects are selected. First, it cap-

tures the objective of maximizing carbon emission reductions per dollar while also allowing for

motives that tilt the decisions toward certain program areas. Second, it specifies the information

the decision-maker is using when selecting projects. We capture this through the conditioning

set (r, qr), which includes program and project-specific information from the individually ranked

applications. Third, the model specifies how the decision-maker forms beliefs about the effects

given the information available. The term E [∆|r, qr] denotes the expected carbon emission effect

given the beliefs of the decision-maker ex-ante, where the notation explicitly allows the subjective

expectation to deviate from ex-post realized effects, which we denote ∆(r, qr).

Throughout, we refer to emission reductions per dollar, ∆(r,qr)
c(r,qr)

, as returns. It is useful to define

the difference between the decision-maker’s expected return and the realized return as:

λ(r, qr) ≡
∆(r, qr)

c(r, qr)
− E [∆|r, qr]

c(r, qr)
. (5)

This allows us to express the project selection rule in terms of ex-post realized returns:

D = I
{ ∆(r, qr)

c(r, qr)
≥ ∆0 − βr + λ(r, qr)

}
. (6)

Canay et al., 2023), where βr is typically interpreted as a measure of “taste-based” discrimination.
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Equation (6) makes clear that the decision-maker accepts projects whenever the realized return

exceeds the return in the alternative policy, adjusted for motives unrelated to carbon emissions,

βr, and deviations between expected and realized returns, λ(r, qr). The decision-maker may fund

projects with inferior realized returns either because she has motives beyond emission reductions,

is unable ex-ante to identify the projects with the highest ex-post returns, or both.

Using the selection rule in equation (4), we can express the total realized return achieved under

the decision-maker’s allocation as:

∑
r

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr︸ ︷︷ ︸

Return on Enova projects

+ b0 ∆0︸ ︷︷ ︸
Return on alternative policy

(7)

where b0 denotes the share of the total budget (B̄) allocated to the alternative policy when the

decision-maker selects projects according to the selection rule in equation (4).

C. Tests and measures of misallocation

To test for and measure misallocation, we first consider a counterfactual first-best allocation in

which the decision-maker has no motives beyond carbon emission reductions and full knowledge of

ex-post returns.

We define the first-best allocation by setting β = λ = 0. Let fr denote the percentile rank of

projects based on ex-post realized returns. The first-best selection rule is then:

D̃ = I
{ ∆(r, fr)

c(r, fr)
≥ ∆0

}
. (8)

Here, the decision-maker simply funds the projects with the highest ex-post realized returns. We

let f cr denote the marginally accepted projects in this allocation, whose return is ∆0.

Test for misallocation. Assuming an interior solution (that is, the decision maker would opti-

mally allocate some funds to both the alternative policy and to each Enova program), equations
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(6) and (8) imply there is misallocation whenever the marginal returns on Enova’s program areas

differ from the marginal return in the first-best allocation:

∆(r, qcr)

c(r, qcr)
̸= ∆(r, f cr )

c(r, f cr )
= ∆0 (9)

To see why the inequality above implies misallocation, note that if marginal returns are not equal-

ized across programs and not equal the return of the alternative policy, the decision-maker can

increase carbon emission reductions for the same level of spending by reallocating funds.

Measure of misallocation. We measure misallocation as the difference in total realized returns

achieved under the selection rules in equations (6) and (8):

M ≡
∑
r

∫ 1

fc
r

∆(r, fr)

c(r, fr)
dfr + bf0∆0︸ ︷︷ ︸

First best allocation

−
∑
r

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr + b0∆0︸ ︷︷ ︸

Actual allocation

(10)

where bf0 denotes the share of the total budget (B̄) that is allocated to the alternative policy when

the decision-maker selects projects according to the first-best selection rule in equation (8). The

first two terms in equation (10) represent the total carbon emission return achieved by a decision-

maker with no motives other than carbon emission reductions and who knows ex-post realized

returns; the last two terms represent the total return achieved by the actual decision-maker whose

allocation may reflect other motives or prediction error about the ex-post realized returns.

D. Decomposition: Sources of misallocation

To understand the underlying sources of misallocation, we can decompose M from equation (10)

into two parts: One that arises because the decision-maker may have other motives than carbon

emission reductions, and one that arises because the decision-maker selects projects based on ex-

ante expected returns, which may differ from the ex-post realized returns.

To perform this decomposition, it is useful to first define a second-best allocation in which the
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decision-maker has no motives other than emission reductions (β = 0) but selects projects based

on ex-ante expected returns (λ could differ from zero). The second-best selection rule is:

DSB = I
{ E [∆|r, qr]

c(r, qr)
≥ ∆0

}
, (11)

which implies that the ex-ante expected marginal returns are equalized across all program areas

within Enova and is equal to the return of the alternative policy:

E [∆|r, qsr)
c(r, qsr)

= ∆0, ∀ r

where qsr denotes the marginally accepted projects in this allocation, whose expected return is ∆0.

The total realized return achieved under the selection rule in equation (11) is given by:

∑
r

∫ 1

qsr

∆(r, qr)

c(r, qr)
dqr︸ ︷︷ ︸

Return on Enova projects

+ bs0 ∆0︸ ︷︷ ︸
Return on alternative policy

(12)

As we show in Appendix Section I.A, we can decompose misallocation into components that

isolate the contribution from other motives and prediction errors by adding and subtracting the

second-best allocation in equation (12) from our measure, M , of misallocation in equation (10):

M︸︷︷︸
Misallocation

= Mβ︸︷︷︸
Other motives

+

Misallocation from prediction errors︷ ︸︸ ︷
Mr︸︷︷︸

Ranking error

+ Λ︸︷︷︸
Realization error

, (13)

where

Mβ︸︷︷︸
Other motives

=
∑
r

∫ 1

qsr

E [∆|r, qr]
c(r, qr)

dqr + bs0∆0︸ ︷︷ ︸
Second best: Expected return

−
∑
r

∫ 1

qcr

E [∆|r, qr]
c(r, qr)

dqr + b0∆0︸ ︷︷ ︸
Actual: Expected return

,
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and

Mr︸︷︷︸
Ranking error

=
∑
r

∫ 1

fc
r

∆(r, fr)

c(r, fr)
dfr + bf0∆0︸ ︷︷ ︸

First best: Realized return

−
∑
r

∫ 1

qsr

∆(r, qr)

c(r, qr)
dqr + bs0∆0︸ ︷︷ ︸

Second best: Realized return

,

and

Λ︸︷︷︸
Realization error

=
∑
r

( ∫ 1

qsr

λ(r, qr) dqr︸ ︷︷ ︸
Second best: Realization error

−
∫ 1

qcr

λ(r, qr) dqr︸ ︷︷ ︸
Actual: Realization error

)
.

The component Mβ captures that the decision-maker may allocate too much funding to Enova as

opposed to the alternative policy, or favor certain Enova program areas over others. The compo-

nents Mr and Λ capture misallocation due to prediction errors. These errors can distort project

rankings, as captured by Mr, and create discrepancies between ex-ante and ex-post returns for a

given selection of projects, as captured by Λ. While Λ contributes to misallocation relative to the

first-best allocation, it does not cause misallocation relative to the second-best allocation.

E. Decomposition: Margins of misallocation

The decision-maker has two choice margins in our model: She must choose how much to allocate

to Enova and, given this allocation, how to allocate funds across Enova programs. Consequently,

misallocation can arise both from overspending on Enova and misspending within Enova. We

now decompose M from equation (10) to quantify the relative importance of these margins of

misallocation.

To perform this decomposition, it is useful to define a first-best “autarky” allocation, where

the decision-maker cannot allocate funds to the alternative policy. Let fAr denote the marginally

accepted Enova projects in this first-best autarky allocation, where realized returns are equalized

across programs. The total return under the first-best autarky allocation is then:

∑
r

∫ 1

fA
r

∆(r, fr)

c(r, fr)
dfr (14)
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With this definition, we can rewrite our measure of misallocation from equation (10) as:

M =
∑
r

(∫ 1

fc
r

∆(r, fr)

c(r, fr)
dfr +

∫ fc
r

fA
r

∆0 dfr

)
︸ ︷︷ ︸

First best allocation

−
∑
r

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr + b0∆0︸ ︷︷ ︸

Actual allocation

(15)

The first term in the first-best allocation represents the return on funds allocated to Enova, where

the decision-maker selects all projects within the budget with a higher return than what is achievable

in the alternative policy. The second term represents the return on the remaining funds, which are

allocated to the alternative policy, funding all projects ranked between fAr and f cr .

Adding and subtracting the first-best autarky allocation in equation (14) from our measure of

total misallocation in equation (15), we can decompose M as follows:

M =

(∑
r

∫ fc
r

fA
r

∆0 −
∆(r, fr)

c(r, fr)
dfr

)
− b0∆0︸ ︷︷ ︸

Overspending on Enova: MO

+

(∑
r

∫ 1

fA
r

∆(r, fr)

c(r, fr)
dfr −

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr

)
︸ ︷︷ ︸

Misspending within Enova: MS

(16)

The component MO captures overspending on Enova, measured as the loss in realized return from

funding Enova projects that yield a return below that of the alternative policy. The component

MS captures misspending within Enova, measured as the loss in realized return due to differences

in marginal returns across Enova’s programs, for a fixed level of spending.

As we show in Appendix Section I.B, these two components can be further decomposed into

sources related to the decision-maker’s non-emission motives and prediction errors. We achieve

this by defining a second-best autarky allocation, analogous to the first-best autarky allocation

above, but where the decision-maker selects projects based on ex-ante rather than ex-post returns.

Adding and subtracting the return on the second-best autarky allocation, and using our definition

of λ from equation (5), we can then decompose M from equation (10) as follows:

M = MO
r +MO

β + ΛO︸ ︷︷ ︸
Overspending on Enova

+ MS
r +MS

β + ΛS︸ ︷︷ ︸
Misspending within Enova

, (17)
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where

MO
β =

(∑
r

∫ 1

qsr

∆0 −
E [∆|r, qr]
c(r, qr)

dqr

)
− b0∆0︸ ︷︷ ︸

Overspending due to other motives

,

and

MO
r =

∑
r

∫ fc
r

fA
r

∆0 −
∆(r, fr)

c(r, fr)
dfr −

∑
r

∫ qsr

qAr

∆0 −
∆(r, qr)

c(r, qr)
dqr︸ ︷︷ ︸

Overspending due to ranking errors

,

and

ΛO = −
∑
r

∫ qsr

qAr

λ(r, qr)dqr︸ ︷︷ ︸
Realization errors for overspending

,

and

MS
β =

∑
r

∫ 1

qAr

E [∆|r, qr]
c(r, qr)

dqr −
∑
r

∫ 1

qcr

E [∆|r, qr]
c(r, qr)

dqr︸ ︷︷ ︸
Misspending due to other motives

,

and

MS
r =

∑
r

∫ 1

fA
r

∆(r, fr)

c(r, fr)
dfr −

∑
r

∫ 1

qAr

∆(r, qr)

c(r, qr)
dqr︸ ︷︷ ︸

Misspending due to ranking errors

,

and

ΛS =
∑
r

∫ 1

qAr

λ(r, qr)dqr −
∑
r

∫ 1

qcr

λ(r, qr)dqr︸ ︷︷ ︸
Realization error for misspending

.

IV. Implementing the Tests and Measures of Misallocation

We now explain how we implement the tests and measures of misallocation introduced in Section

III, before presenting our empirical findings in Section V.
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A. Testing for misallocation

To test for misallocation, it follows from equation (9) that we need data on realized carbon emission

returns, ∆(r,qcr)
c(r,qcr)

, for marginally accepted Enova projects as well as the counterfactual return, ∆0,

that could have been achieved in an alternative policy.

As explained in Section II.B, we directly observe the decision-maker’s expectation about the

carbon emission effect, E [∆|r, qr], as well as the ex-post realized carbon emission effect, ∆(r, qr), for

all accepted Enova projects. In addition, we observe the subsidy amount, c, for all Enova projects.

This allows us to compute E[∆|r,qr]
c(r,qr)

and ∆(r,qr)
c(r,qr)

for all accepted projects. Consistent with the model

and the institutional arrangement, we rank all accepted projects based on E[∆|r,qr]
c(r,qr)

to identify qcr as

the marginally accepted Enova projects in the decision-maker’s actual allocation. We repeat this

ranking by program area and year.

In our main analysis, we use the purchase and deletion of carbon emission quotas from the

EU Emission Trading System as the decision-maker’s alternative policy.16 Since these emission

quotas are traded on a spot market, they have a known price and return. We measure the carbon

emission return in the alternative policy as ∆0 = 1
p , where p denotes the EUR price per ton of

CO2 emissions in the EU ETS.17 In robustness analyses in Section V.E, we present results based

on other alternative policies.

B. Measuring misallocation: The anatomy of the identification problem

While it is straightforward to test for the presence of any misallocation, it is more challenging to

quantify the total amount of misallocation. The key data challenge in measuring misallocation

is that we do not observe the expected and realized carbon emission returns for rejected Enova

16This policy has previously been implemented by Germany, which voluntarily canceled carbon emission quotas

in 2023 after closing two coal-fired electricity generators in 2022; see, e.g., European Commission (2024).
17As explained in Section III.A, we assume that the carbon emission effect in the alternative policy, ∆0, is unaffected

by the policymaker’s total level of spending on the alternative policy, B0. This is a reasonable assumption in our

setting since the EU ETS market for emission quotas is large relative to Norway’s spending.
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projects. To clarify the identification challenge, it is useful to rewrite M from equation (10) in

terms of the decision-maker’s loss in returns due to Type I errors (wrongly rejected projects) and

Type II errors (wrongly accepted projects):

Lemma 1: Total misallocation, M , can be expressed as the sum of lost realized returns due to

Type I (wrongly rejected projects) and Type II errors (wrongly accepted projects):

M =
∑
r

1

B̄

∫ 1

0
I[D̃ > D]

(
∆(r, fr)

c(r, fr)
−∆0

)
c(r, fr)︸ ︷︷ ︸

Type 1: Wrongly rejected projects

+ I[D̃ < D]

(
∆0 −

∆(r, fr)

c(r, fr)

)
c(r, fr)︸ ︷︷ ︸

Type II: Wrongly accepted projects

dfr (18)

Proof. See Appendix Section I.C.

The first term of Lemma 1 reflects the loss in realized returns from rejecting Enova projects with

returns that exceed the return of the alternative policy (Type I error), and the second term of

Lemma 1 reflects the loss in realized returns from accepting Enova projects with returns below

the return of the alternative policy (Type II error). However, since we do not observe the realized

returns on rejected Enova projects, we cannot measure the Type I errors. In the following, we take

two approaches to resolving this identification challenge.

C. Constructing lower and upper bounds on misallocation

The first approach involves constructing bounds on M . Using our data on the realized returns on

accepted Enova projects, we can construct worst-case bounds on M . While the worst-case upper

bound is infinite, the worst-case lower bound is informative as the Type I errors are weakly positive.

The following proposition gives an analytical expression of the worst-case bounds:

Proposition 1a: Worst case bounds: It follows from Lemma 1 that the worst-case upper and

lower bounds of misallocation, M , are given by:

M ∈
(
MLB,∞

)
,
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where MLB =
∑
r

1

B̄

∫ 1

0
I[D̃ < D]

(
∆0 −

∆(r, fr)

c(r, fr)

)
c(r, fr)︸ ︷︷ ︸

Type II: Wrongly accepted projects

dfr

By making assumptions about the Type I errors in Lemma 1, we can also construct an infor-

mative upper bound on M . To construct such an upper bound, it is useful to rewrite the Type I

term of Lemma 1 as:

Lemma 2: Misallocation due to Type I (wrongly rejected projects) can be written as:

∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 0]−∆0︸ ︷︷ ︸

Return on wrongly rejected projects

)
∗ E[c | r, D̃ = 1, D = 0]︸ ︷︷ ︸

Cost of wrongly rejected projects

∗ P[D̃ = 1 ∩D = 0 | r]︸ ︷︷ ︸
Prevalence of wrongly rejected projects

where the first term captures the difference in average returns between the wrongly rejected projects

and the alternative policy, the second term consists of the average subsidy cost of wrongly rejected

projects, and the last term is the share of projects that are wrongly rejected. While each of these

three terms are unobserved in the data, they can be bounded.

The share of wrongly rejected projects cannot exceed the total share of rejected projects, which

means that P[D̃ = 1 ∩ D = 0 | r] ≤ P(D = 0 | r). The misallocation due to Type I errors is

maximized if all rejected projects are wrongly rejected. We would then have that P[D̃ = 1 ∩D =

0 | r] = P(D = 0 | r) and E[c | r, D̃ = 1, D = 0] = E[c | r,D = 0], which is observed in the data.18

By assuming that the average realized return on correctly accepted projects is weakly larger

than that of wrongly rejected projects, we can also bound the return on wrongly rejected projects:

Assumption 1: Ex-post monotone treatment selection. The average return of correctly

accepted Enova projects exceeds the average return of wrongly rejected projects within the same

18While we do not observe the realized carbon emission returns, ∆
c
, of rejected Enova projects, we do observe the

requested subsidy amount, c, for both accepted (D = 1) and rejected (D = 0) Enova projects.
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program area.

E[
∆

c
| r, D̃ = 1, D = 1]︸ ︷︷ ︸

Return on correctly accepted projects: Observed

≥ E[
∆

c
| r, D̃ = 1, D = 0]︸ ︷︷ ︸

Return on wrongly rejected projects: Unobserved

This assumption is weaker than the common selection gains assumption in the treatment effects

literature (see, for example, Manski, 1997). It simply states that the returns of projects that are

correctly accepted are, on average, higher than those of projects that are wrongly rejected. This

would hold, for example, if the decision-maker observes a noisy measure of true returns.

Under Assumption 1, we can construct the following bounds on M :

Proposition 1b: Monotone treatment selection bounds. Under Assumption 1, it follows

from Lemma 2 that the lower and upper bounds on misallocation M are given by:

M ∈
(
MLB,MUB

)
,

where MUB =
∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 1]−∆0

)
E[c | r,D = 0] ∗ P [D = 0 | r]︸ ︷︷ ︸

Wrongly rejected projects: Upper bound

+MLB

Proof: See Appendix Section I.D.

D. Constructing lower and upper bounds on the sources of misallocation

It is also possible to construct bounds on the sources of misallocation. To do so, we first construct

bounds on Mβ (misallocation due to other motives), the source of primary interest, and then use

information about these bounds to construct consistent bounds on Mr and λ (misallocation due to

prediction errors).

To clarify the identification challenge, it is useful to rewrite Mβ from equation (13) in terms of

the decision-maker’s loss in expected returns due to ex-ante Type I errors (ex-ante wrongly rejected

projects) and ex-ante Type II errors (ex-ante wrongly accepted projects):
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Lemma 3: Mβ can be expressed as the total loss in expected returns due to ex-ante Type I errors

(wrongly rejected projects) and ex-ante Type II errors (wrongly accepted projects).

Mβ =
∑
r

1

B̄

∫ 1

0
I[DSB > D]

(
E [∆|r, qr]
c(r, qr)

−∆0

)
c(r, qr)︸ ︷︷ ︸

Type I: Ex-ante wrongly rejected projects

+ I[DSB < D]

(
∆0 −

E [∆|r, qr]
c(r, qr)

)
c(r, qr)︸ ︷︷ ︸

Type II: Ex-ante wrongly accepted projects

dqr

Proof: See Appendix Section I.E.

Since we observe the expected returns for accepted but not rejected projects, we can directly

measure the Type II errors of Lemma 3, but not the Type I errors. However, using our data on the

expected returns of accepted projects, it follows from Lemma 3 that we can construct worst-case

bounds on Mβ:

Proposition 2a: Worst case bounds: The worst-case upper and lower bounds on misallocation

from other motives, Mβ, are given by :

Mβ ∈
{
MLB

β ,∞
}
,

where MLB
β =

∑
r

1

B̄

∫ 1

0
I[DSB < D]

(
∆0 −

E [∆|r, qr]
c(r, qr)

)
c(r, qr)︸ ︷︷ ︸

Type II: Ex-ante wrongly accepted projects

dqr

To construct an informative upper bound on Mβ, we again assume that the average return on

correctly accepted projects is weakly larger than for wrongly rejected projects, but this time the

assumption is made for the ex-ante expected carbon emission returns:

Assumption 2: Ex-ante monotone treatment selection. The average ex-ante expected re-

turn of correctly accepted Enova projects exceeds that of wrongly rejected projects within the same
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program area.

E
[
E [∆]

c
| r,DSB = 1, D = 1

]
≥ E

[
E [∆]

c
| r,DSB = 1, D = 0

]

Under Assumption 2, we can construct the following bounds on Mβ:

Proposition 2b: Ex-ante monotone treatment selection bounds. Under Assumption 2, it

follows from Lemma 3 that the lower and upper bound of misallocation from other motives, Mβ, is

given by:

Mβ ∈
(
MLB

β ,MUB
β

)
,

where MUB
β =

∑
r

1

B̄

(
E
[
E [∆]

c
| r,DSB = 1, D = 1

]
−∆0

)
E[c | r,D = 0]P[D = 0 | r]︸ ︷︷ ︸

Upper bound on Type I: Ex-ante wrongly rejected projects

+MLB
β

Proof: See Appendix Section I.F.

It follows directly from Proposition 2b and the decomposition in equation (13) that it is possible

to construct bounds on the total prediction error, Mr + Λ. Since misallocation from ranking

errors, Mr, is defined as the difference in realized return between the first-best and the second-

best allocation, it follows that Mr > 0. This allows us to construct the following bounds on total

prediction errors (Mr + Λ), ranking errors (Mr), and the realization gap (Λ), which we state in

Proposition 3.

Proposition 3: Consistent bounds on Mr + Λ, Mr, and Λ:

a. The total prediction error Mr + Λ is bounded by:

Mr + Λ ∈
{
MLB −MUB

β ,MUB −MLB
β

}
.
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b. The ranking error Mr is bounded by:

Mr ∈ {0,∞} .

c. The realization gap Λ is bounded by :

Λ ∈
{
−∞ , MUB −MLB

β

}

E. Extrapolation to achieve point identification of misallocation

The second approach involves point identification of total misallocationM , the sources of misalloca-

tion (Mβ, Mr, Λ), and the margins of misallocation (MO, MS). The point identification argument

is useful for two reasons. First, if the assumptions hold, it allows us to draw stronger conclusions

than the bounds. Second, it is challenging to construct bounds on the margins of misallocation,

which means point identification is particularly useful for quantifying these margins.

To achieve point identification, we follow Cingano et al. (2025) in extrapolating expected and

realized emission returns from marginally accepted to rejected Enova projects. Given estimates of

the expected and realized returns of both accepted and rejected Enova projects, it follows from

equations (10), (13), and (16) that we can point-identify M , its sources, and margins.

Figure 4 illustrates the extrapolation approach for two major program areas, Program A (“En-

ergy and Climate Initiatives in Industry”) and Program B (“Heating Plants”). Panel A shows that

marginal realized returns are not equalized across these programs, allowing us to directly reject the

hypothesis of no misallocation. In particular, the decision-maker could achieve higher returns for

the same level of spending by reallocating funds from Program A to Program B. This reallocation

would shift the horizontal line in Figure 4 to the left, allowing previously rejected projects in Pro-

gram B to be accepted instead. How far an unbiased decision-maker (λ = 0 and β = 0) would shift

the line depends on the returns of rejected projects in Program B. While we do not directly observe
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these returns, we can estimate them by extrapolating from the accepted projects in Program B, as

shown by the dotted line in Panel B. In the baseline analysis, we extend this extrapolation until

marginal returns are equalized between programs, as illustrated in Panel B.

Extrapolating expected and realized emission returns far from the marginally accepted projects

can potentially create bias in our misallocation point estimates. We take several steps to examine

and mitigate this concern. First, we apply our extrapolation procedure to stated returns reported

by firms in their subsidy applications, which are observed for all projects, including rejected ones.

This allows us to compare the accuracy of the prediction procedure to a known ground truth. The

results are presented in Figure 5. Reassuringly, the extrapolated stated returns closely follow the

observed stated returns for rejected projects, suggesting that the extrapolation method performs

well when applied to a set of universally-observed carbon emission returns.

Another step we take to address concerns about the extrapolation approach is to report esti-

mates using a wide range of estimation bandwidths, as illustrated in Panel C of Figure 4. Since

reducing the estimation bandwidth limits the extent of reallocation the decision-maker can imple-

ment relative to the (unrestricted) decision-maker considered in Section III, it mechanically lowers

the estimated misallocation. As a final sensitivity check, we will also report estimates where we con-

servatively assess misallocation by imposing a steeper slope on the extrapolation from marginally

accepted to rejected projects, as illustrated in Panel D of Figure 4.

V. Tests and Measures of Misallocation

We now present our main results on misallocation. First, in Sections V.A and V.B, we test for

and measure misallocation. Next, in Sections V.C and V.D, we decompose misallocation into its

sources and margins. In Sections V.E–V.F, we conduct a wide range of robustness tests.

Throughout this section, we estimate returns for our bound and point estimates separately

by program area and year. We use these returns to rank projects within each program area and

year and to identify the first- and second-best allocations. Next, we calculate the annual carbon
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Figure 4. Illustration: Extrapolating returns. This figure illustrates how we extrapolate carbon emission
returns from accepted to rejected Enova projects in the context of two program areas, Program A (“Energy and
Climate Measures in Industry”) and Program B (“Heating Plants”). Panel A shows expected emission returns for
projects in Program A, sorted from highest (left) to lowest (right), and for projects in Program B, sorted from highest
(right) to lowest (left). The dotted line represents a linear extrapolation from the lowest-return accepted project in
Program B. Panel B illustrates the same setup but highlights the optimal allocation where marginal returns are
equalized. Panel C applies a narrower bandwidth for reallocation, restricting the extent to which funds can be shifted
between programs. Panel D illustrates a linear extrapolation where the slope is artificially reduced by 50%.
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Figure 5. Validation: Extrapolating stated returns. The figure applies our extrapolation procedure to stated
carbon emission returns reported by firms in their subsidy applications, which are observed for all projects, including
rejected ones. The blue line shows the stated return of accepted projects, plotted against the percentile rank of
stated returns among accepted projects. Accordingly, the leftmost point on the blue line corresponds to the accepted
project with the lowest stated return. The orange line shows the stated return of rejected projects, plotted against
the percentile rank of stated returns among rejected projects. Accordingly, the rightmost point on the orange line
corresponds to the rejected project with the highest stated return. The solid orange and blue lines are based on a
local linear regression with a bandwidth of 40 percentile rank points. The blue dashed line shows the extrapolation
from a linear regression of stated returns on the percentile rank for accepted projects.
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emission returns achieved under the first- and second-best allocations, as well as under the actual

allocation of accepted Enova projects. Finally, we combine these estimates to obtain annual cost-

weighted average differences in returns, which serves as our primary metric of misallocation. As

an alternative metric, we also scale this return estimate by the total amount of Enova spending to

express misallocation in terms of tons of forgone carbon emission reductions.

A. Testing for misallocation

Recall from equation (9) that we have misallocation whenever marginal realized returns are not

equalized across Enova’s program areas and not equal to the return of the alternative policy. We

present our tests of misallocation in Figure 6.

There are two key insights from Figure 6. The first is that there is considerable dispersion

in marginal realized returns across Enova’s program areas, with a standard deviation in marginal

returns of 0.043 tons of CO2 per euro. The differences in marginal returns are significant: We can

strongly reject the null hypothesis of equalized returns (with p-value smaller than 0.001).

The second is that a large majority of Enova programs have marginal returns that are below

the return of the alternative policy. We can strongly reject the null that these marginal returns

are equal to the return of the alternative policy at any conventional level of statistical significance

(with p-value smaller than 0.001), suggesting pervasive misallocation at least on the margin.

B. Measuring total misallocation

As explained in Section IV, the loss in realized returns from accepting Enova projects with returns

below the return of the alternative policy forms a so-called worst-case or no-assumption lower

bound on total misallocation. The lower bound can be computed directly from Figure 7, which

plots the realized return of accepted Enova projects together with the return on the alternative

policy. We find that approximately 60% of accepted Enova projects have realized returns below

what could be achieved in the EU ETS, resulting in a loss indicated by the gray-shaded area in

39



���

�

��

��

��

��

��
5P

OT
�P
G�$

0
��
QF
S�&

6
3

� �� ��� ���

.BSHJOBM�SFUVSO 3FUVSO�&6�&54

Figure 6. Testing for misallocation. The blue bars show the marginal realized carbon emission return on Enova
projects, calculated separately by program area and year. The marginal realized return is defined as the lowest
percentile return among accepted projects within a given program area and year. The gray spikes indicate 95%
confidence intervals based on bootstrapped standard errors. The horizontal dotted line indicates the cost-weighted
average return on carbon emission quotas in the EU ETS over the sample period.

Figure 7. We present the corresponding lower bound estimate of misallocation in column (1) of

Panel A, Table III. We find that by optimally reallocating funds, the decision-maker could have

increased carbon emission returns by at least 0.046 tons of CO2 per Euro, which corresponds to

70% of the average return on accepted Enova projects. Scaling this estimate by total spending, we

find that this lower bound estimate amounts to 2.16 million tons of forgone emission reductions,

or about 4% of Norway’s total annual emissions. In other words, Enova could have achieved the

current level of carbon emission reductions with 59% or less expenditure.19

We present our upper bound estimate of misallocation in column (3) of Panel A, Table III,

which is based on Proposition 1b. We obtain an upper bound of 0.118 tons of CO2 per Euro, which

19We arrive at this number by dividing the return on the actual allocation by the lower bound return for the

first-best allocation. The lower bound estimate of the return on the first-best allocation is given by the return on the

actual allocation (0.066 tons of CO2 per Euro) plus the lower bound estimate of misallocation (0.046 tons of CO2

per Euro).
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Figure 7. Bounding misallocation. The figure shows the percentile distribution of realized carbon emission
returns for accepted Enova projects. The horizontal dotted line indicates the cost-weighted average return on carbon
emission quotas in the EU ETS over the sample period. The gray shaded area represents the loss in returns from
funding Enova projects with returns below those attainable in the EU ETS.

means the decision-maker could achieve at most 0.118 higher returns — corresponding to 179% of

the average return on accepted projects — for the same level of spending by optimally reallocating

funds.

To obtain a point estimate of total misallocation, we extrapolate returns from marginally ac-

cepted to rejected Enova projects. Then, we measure misallocation as the difference between the

realized return in the decision-maker’s actual allocation and the counterfactual first-best allocation,

following equation (10). Our point estimate is presented in column (2) of Panel A, Table III. We

find that Enova could have increased its emission return by 0.048 tons of CO2 per Euro by opti-

mally reallocating funds, corresponding to 72% of the average return on accepted projects. Thus,

the point estimate is very close to the lower bound estimate in column (1).
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Table III. Misallocation and Its Sources

Return Emission

Lower Point Upper Lower Point Upper
bound estimate bound bound estimate bound
(1) (2) (3) (4) (5) (6)

Panel A: Total misallocation
M 0.046 0.049 0.094 2.123 2.261 4.337

Panel B: Misallocation due to other motives
Mβ 0.042 0.047 0.117 1.937 2.169 5.399

Panel C: Misallocation due to prediction errors
Mr+Λ -0.071 0.002 0.052 -3.276 0.092 2.399
Mr 0.000 0.002 ∞ 0.000 0.092 ∞
Λ −∞ 0.000 0.052 −∞ 0.000 2.399

Notes: Panel A shows our bounds and point estimate of total misallocation, M , as given by Proposition 1b and

equation (10), respectively. Panels B and C show our bounds and point estimates of the sources of misallocation, as

given by Proposition 2b, Proposition 3, and equation (13). We report misallocation in terms of tons of CO2 per Euro

(Return) and million tons of CO2 (Emissions).

C. Sources of misallocation

It follows from equation (13) that we can decompose our point estimate of misallocation into

parts driven by the decision-maker’s non-emission motives (Mβ) and prediction errors (Mr + Λ).

We present this decomposition in column (2) of Panel B, Table III. We find that misallocation

is almost entirely driven by non-emission motives. Specifically, 96% of total misallocation can be

attributed to the decision-maker’s non-emission motives, compared to only 4% for prediction errors.

Thus, the results suggest that the decision-maker is able to predict realized returns but is unwilling

to systematically select the highest-returning projects.

A possible concern with this conclusion is that it rests on the assumptions needed to achieve

point identification. It is therefore useful to also compute the bounds on the importance of the

decision maker’s non-emission motives. We present these bounds in columns (1) and (3) of Panel

B, Table III. We obtain lower and upper bound estimates ofMβ of 0.042 and 0.088. By dividing the
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upper bound onM by the lower bound onMβ, we conclude that at least 45% of total misallocation

is accounted for by the decision-maker’s non-emission motives. For completeness, we also compute

bounds on total prediction errors (Mr +Λ) and its components, following Proposition 3. As shown

in Panel C of Table III, these bounds are less informative because Λ can be either positive or

negative.

D. Margins of misallocation

It follows from equation (16) that we can decompose our point estimate of misallocation into parts

capturing overspending on Enova (MO) and misspending within Enova (MS). We present this

decomposition in Panel A of Table IV. We find that the most important margin for reducing

misallocation is to reduce spending on Enova relative to the alternative policy. By optimally

reallocating funds away from Enova, the decision-maker could increase returns by 0.041 tons of

CO2 per Euro, corresponding to about 62% of the average return on accepted projects. That

said, misallocation within Enova is also non-negligible. By optimally reallocating funds across

Enova’s programs, the decision-maker could further increase returns by 0.007 tons of CO2 per

Euro, corresponding to approximately 11% of the average.

In Panel B of Table IV, we further decompose our point estimate of overspending and mis-

spending into parts related to the decision-maker’s non-emission motives and prediction errors, as

described in equation (17). We find that non-emission motives are the primary driver of over-

spending, accounting for more than 80% of overspending on Enova. Non-emission motives also

dominate the misspending component. These results indicate that errors in predicting returns play

a minor role in misallocation compared to non-emission motives, both in the allocation of funds

across Enova’s programs and in the allocation of funds between Enova and the alternative policy.
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Table IV. Margins of Misallocation

Return Emission

Panel A: Margins of misallocation
MO 0.042 1.938

MS 0.007 0.323

Panel B: Decomposing the margins
MO

β 0.035 1.615

MO
r 0.000 0.000

ΛO 0.001 0.046

MS
β 0.012 0.553

MS
r 0.002 0.092

ΛS -0.007 -0.323

Notes: The table shows point estimates of the margins of misallocation and its decomposition, as given by equations

(16) and (17). We report misallocation in terms of tons of CO2 per Euro (Return) and million tons of CO2 (Emissions).

E. Sensitivity analyses

Extrapolation. As explained in Section IV, we observe expected and realized carbon emission

returns for the full portfolio of Enova projects, which allows us to test for and bound misallocation.

However, we do not observe the counterfactual returns of rejected Enova projects, which we need to

point-identify misallocation. Following Cingano et al. (2025), we address this issue by extrapolating

expected and realized returns from marginally accepted to rejected projects. In Section IV, we

show that our extrapolation performs well when applied to stated returns reported by firms in

their applications, which are observed for all Enova projects, including rejected ones.

Additionally, in Appendix Table A.II, we explore the sensitivity of our point estimates along

two dimensions: (i) restricting the bandwidth of the extrapolation and (ii) artificially increasing

the slope of the extrapolation. Limiting the bandwidth constrains the extent of reallocation the

decision-maker can implement, leading to more conservative estimates. Nonetheless, across all

specifications in Table A.II, we continue to find substantial misallocation. For example, in our
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most conservative specification, where the decision-maker is only allowed to reallocate 40% of the

optimal, we obtain an estimate of M at 0.018 tons of CO2 per Euro, corresponding to about 30%

of average returns on Enova projects. In the bottom rows of Table A.II, we find that increasing

the slope on the extrapolation by a stringent 50% has no material impact on our estimates.

Alternative benchmark returns. In Table III, we bound and estimate misallocation by com-

paring the emission returns of Enova projects to the returns that could have been achieved by buying

and deleting emission quotas in the EU ETS. In the second row of Appendix Table A.III, we re-

construct our lower bound estimate of M using an alternative climate policy benchmark; subsidies

for preventing deforestation in the Amazon. Since the alternative benchmarks yield higher returns

than the EU ETS, they lead to even larger lower bound estimates of misallocation. Naturally, point

and upper bound estimates are also higher under these alternative benchmarks.

F. Robustness to unmeasured carbon emission effects

When testing for and measuring misallocation, we use project-level carbon emission returns reported

by Enova. These returns are intended to capture all direct effects of the project on carbon emissions

as measured by Enova. However, projects may impact carbon emissions in ways that are not

measured by Enova, such as spillover effects on other firms. As explained in Section II.B, Enova is

permitted to consider such unmeasured indirect emission effects for a small set of program areas,

constituting around 15% of our sample. For the remaining program areas, constituting around 85%

of our sample, Enova only considers the direct carbon emission effects, which are captured in our

data. One concern is that our estimates of misallocation may be capturing differences in how the

decision-maker weights indirect carbon emission effects unobserved in our data.

As a first step to address this concern, we leverage the fact that for each program area, we know

the weight the decision-maker assigns to indirect carbon emission effects. Specifically, when ranking

projects, the decision-maker applies weights 1 − ω and ω to measured (direct) and unmeasured

(indirect) emission effects. These weights are pre-specified, fixed, and known to all applicants when
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they apply for funding. In the third row of Appendix Table A.III, we reconstruct our lower bound on

total misallocation, excluding the small set of programs that consider unmeasured carbon emission

effects when ranking projects, i.e., those with ω ̸= 0. To account for differences in total spending

across samples, we report misallocation in terms of emission reductions per subsidy dollar. We find

no meaningful differences in misallocation between the full and restricted samples, suggesting that

measurement error in emission returns does not materially impact our results.

As a second step, we assess how large unmeasured carbon emission effects would need to be to

eliminate misallocation. In Panel A of Appendix Figure A.2, we reconstruct our lower bound on

misallocation while allowing for unmeasured effects that are proportional to the measured effects.

Specifically, for accepted projects in program areas with ω ̸= 0, we replace the observed return

∆(r,qr)
c(r,qr)

with ∆∗ ≡ ∆(r,qr)
c(r,qr)

(1 + τ), where τ is varied across specifications. In practice, increasing the

value of τ involves tilting upward the orange line in Figure 7. We find that unmeasured effects

would need to be τ = 33 times larger than measured effects to drive the lower bound to zero. We

note that this exercise does not incorporate any unmeasured effects in the EU ETS, which would

further increase the value, τ , required to drive the lower bound to zero.

It is also useful to note that in Panel A of Appendix Figure A.2, we estimate τ for a fixed set

of projects, namely, those determined to be wrongly accepted according to the baseline decision-

maker’s project selection rule in equation (6), which is based on observable emission returns, ∆(r,qr)
c(r,qr)

.

In Panel B of Appendix Figure A.2, we present results from an alternative analysis where, in

addition to replacing ∆(r,qr)
c(r,qr)

with ∆∗ when measuring returns, we also allow project selection to be

based on ∆∗. In this analysis, there exists no value of τ that fully eliminates misallocation.

VI. Conclusion

We test for and measure misallocation of public subsidies for green investment projects. The

context of our study is a major green investment subsidy program in Norway over the period

2012–2023. Combining a model of optimal subsidy allocation with detailed data on project-level
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carbon emissions and subsidy amounts for both marginal and inframarginal investment projects, we

find that policymakers could have achieved the same level of carbon emission reductions with 59%

less expenditure. Leveraging unique data on both ex-ante expected and ex-post realized carbon

emission reductions for each project, we isolate two distinct sources of misallocation: Prediction

errors and intentional over-allocation to specific, favored green technologies and sectors.

Our findings show that green investment subsidies can indeed increase firms’ investments in

green projects that reduce carbon emissions. However, total carbon emission reductions from

these subsidies could be substantially higher if the most cost-effective projects were systematically

selected. We also show that the effectiveness of discretionary climate policies can be severely

undermined by decision-makers’ non-carbon-emission motives, even when decision-makers are able

to accurately predict the carbon emission effects of green investment projects.
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I. Derivations and proofs

A. Derivations: Sources of misallocation

Here, we decompose total misallocation, M , into components that isolate the contribution from

other motives and prediction errors. To do so, we first add and subtract the second-best allocation

in equation (12) from our measure of misallocation in equation (10):

M =

Ranking error Mr︷ ︸︸ ︷∑
r

∫ 1

fc
r

∆(r, fr)

c(r, fr)
dfr + bf0∆0︸ ︷︷ ︸

First best: Realized return

−
∑
r

∫ 1

qsr

∆(r, qr)

c(r, qr)
dqr + bs0∆0︸ ︷︷ ︸

Second best: Realized return

+

∑
r

∫ 1

qsr

∆(r, qr)

c(r, qr)
dqr + bs0∆0︸ ︷︷ ︸

Second best: Realized return

−
∑
r

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr + b0∆0︸ ︷︷ ︸

Actual: Realized return

.

Collecting terms, we have that:

M = Mr︸︷︷︸
Ranking error

+
∑
r

∫ 1

qsr

∆(r, qr)

c(r, qr)
dqr + bs0∆0︸ ︷︷ ︸

Second best: Realized return

−
∑
r

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr + b0∆0︸ ︷︷ ︸

Actual: Realized return

.

Next, we use our definition of λ from equation (5) to express the second-best and actual allo-

cations in terms of the policymaker’s ex-ante expected returns:

M = Mr︸︷︷︸
Ranking error

+
∑
r

∫ 1

qsr

E [∆|r, qr]
c(r, qr)

+ λ(r, qr) dqr + bs0∆0︸ ︷︷ ︸
Second best: Realized return

−
∑
r

∫ 1

qcr

E [∆|r, qr]
c(r, qr)

+ λ(r, qr)dqr + b0∆0︸ ︷︷ ︸
Actual: Realized return

.

1



Rearranging, we have that:

= Mr︸︷︷︸
Ranking error

+

Realization error: Λ︷ ︸︸ ︷
∑
r


∫ 1

qsr

λ(r, qr) dqr︸ ︷︷ ︸
Second best: Realization error

−
∫ 1

qcr

λ(r, qr) dqr︸ ︷︷ ︸
Actual: Realization error

+

Other motives: Mβ︷ ︸︸ ︷∑
r

∫ 1

qsr

E [∆|r, qr]
c(r, qr)

dqr + bs0∆0︸ ︷︷ ︸
Second best: Expected return

−
∑
r

∫ 1

qcr

E [∆|r, qr]
c(r, qr)

dqr + b0∆0︸ ︷︷ ︸
Actual: Expected return

.

Main expression. Accordingly, we can express total misallocation as:

M︸︷︷︸
Misallocation

= Mβ︸︷︷︸
Other motives

+

Prediction errors︷ ︸︸ ︷
Mr︸︷︷︸

Ranking error

+ Λ︸︷︷︸
Realization error

.
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B. Derivations: Sources and margins of misallocation

Here, we decompose misallocation, M , into components that capture both the sources and margins

of misallocation. To do so, we first define a second-best autarky allocation, analogous to the first-

best autarky allocation in equation (15), but where the decision-maker selects projects based on

ex-ante rather than ex-post returns. Let qAr denote the marginally accepted Enova projects in this

second-best autarky allocation, where expected ex-ante returns are equalized across programs. The

total realized return under the second-best autarky allocation is then given by:

∑
r

∫ 1

qAr

∆(r, qr)

c(r, qr)
dqr (A.1)

Next, we define a second-best overspending component:

∑
r

∫ qsr

qAr

∆0 −
∆(r, qr)

c(r, qr)
dqr. (A.2)

Adding and subtracting equation (A.2) from equation (16), we get:

M =

(∑
r

∫ fc
r

fA
r

(
∆0 −

∆(r, fr)

c(r, fr)

)
dfr −

∑
r

∫ qsr

qAr

(
∆0 −

∆(r, qr)

c(r, qr)

)
dqr

)
︸ ︷︷ ︸

Overspending due to ranking errors: MO
r

+

(∑
r

∫ 1

fA
r

∆(r, fr)

c(r, fr)
dfr −

∑
r

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr

)
︸ ︷︷ ︸

Misspending within Enova: MS

+
∑
r

∫ qsr

qAr

(
∆0 −

∆(r, qr)

c(r, qr)

)
dqr − b0∆0.

(A.3)
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Adding and subtracting equation (A.1) from equation (A.3), we get:

M =MO
r +

(∑
r

∫ 1

fA
r

∆(r, fr)

c(r, fr)
dfr −

∫ 1

qAr

∆(r, qr)

c(r, qr)
dqr

)
︸ ︷︷ ︸

Misspending due to ranking errors: MS
r

+
∑
r

∫ qsr

qAr

∆0 −
∆(r, qr)

c(r, qr)
dqr +

∑
r

∫ 1

qAr

∆(r, qr)

c(r, qr)
dqr −

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr − b0∆0

=MO
r +MS

r +
∑
r

∫ qsr

qAr

∆0 −
∆(r, qr)

c(r, qr)
dqr +

∑
r

∫ 1

qAr

∆(r, qr)

c(r, qr)
dqr −

∫ 1

qcr

∆(r, qr)

c(r, qr)
dqr − b0∆0.

Using our definition of λ from equation (5), we have that:

M =MO
r +MS

r +
∑
r

∫ qsr

qAr

∆0 −
E [∆ | r, qr]
c(r, qr)

− λ(r, qr) dqr +
∑
r

∫ 1

qAr

E [∆ | r, qr]
c(r, qr)

+ λ(r, qr)dqr

−
∫ 1

qcr

E [∆ | r, qr]
c(r, qr)

+ λ(r, qr)dqr − b0∆0.

Rearranging and collecting terms, we have that:

=MO
r +MS

r +
∑
r

∫ qsr

qAr

∆0 −
E [∆ | r, qr]
c(r, qr)

dqr − b0∆0︸ ︷︷ ︸
Overspending due to other motives: MO

β

+
∑
r

∫ 1

qAr

E [∆ | r, qr]
c(r, qr)

dqr −
∫ 1

qcr

E [∆ | r, qr]
c(r, qr)

dqr︸ ︷︷ ︸
Misspending due to other motives: MS

β

+
∑
r

∫ qsr

qAr

−λ(r, qr)dqr︸ ︷︷ ︸
Realization errors for oversspending: ΛO

+
∑
r

∫ 1

qAr

λ(r, qr)dqr −
∑
r

∫ 1

qcr

λ(r, qr)dqr︸ ︷︷ ︸
Realization error for misspending: ΛS

.

Main expression. Accordingly, we can express total misallocation as:

M = MO
r +MO

β + ΛO︸ ︷︷ ︸
Overspending on Enova: MO

+ MS
r +MS

β + ΛS︸ ︷︷ ︸
Misspending within Enova: MS

.
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C. Proof: Lemma 1

Here, we show that misallocation, M , can be expressed as the sum of lost realized returns due to

Type I (wrongly rejected projects) and Type II errors (wrongly accepted projects). First, we note

that M from (10) can be expressed in terms of total emission effects over total costs:

M =
∑
r

1

B̄

∫ 1

fc
r

∆(r, fr)dfr + bf0∆0︸ ︷︷ ︸
First best allocation

−
∑
r

1

B̄

∫ 1

qcr

∆(r, qr)dqr + b0∆0︸ ︷︷ ︸
Actual allocation

. (A.4)

Using the selection equations (6) and (8), we can rewrite equation (A.4) as:

M =
∑
r

1

B̄

∫ 1

0
D̃ ∗∆(r, fr)dfr + bf0∆0︸ ︷︷ ︸

First best allocation

−
∑
r

1

B̄

∫ 1

0
D ∗∆(r, fr)dfr + b0∆0︸ ︷︷ ︸
Actual allocation

(A.5)

=
∑
r

1

B̄

∫ 1

0
(D̃ −D) ∗∆(r, fr) dfr +∆0(b

f
0 − b0). (A.6)

Next, both the first-best and actual allocations must satisfy the budget constraint B̄:

B̄ =
∑
r

∫ 1

0
D c(r, fr) dfr + B̄b0︸ ︷︷ ︸

Actual allocation: Spending

=
∑
r

∫ 1

0
D̃ c(r, fr) dfr + B̄bf0︸ ︷︷ ︸

First best: Spending

. (A.7)

Using this equality, it follows that:

(bf0 − b0) =
∑
r

1

B̄

∫ 1

0
(D − D̃) c(r, fr) dfr.
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Inserting this expression into equation (A.5), we get:

M =
∑
r

1

B̄

∫ 1

0
(D̃ −D) ∗∆(r, fr) dfr +

∑
r

1

B̄

∫ 1

0
(D − D̃)∆0 c(r, fr) dfr

=
∑
r

1

B̄

∫ 1

0
(D̃ −D)

(
∆(r, fr)

c(r, fr)
−∆0

)
c(r, fr) dfr

=
∑
r

1

B̄

∫ 1

0
I[D̃ > D]

(
∆(r, fr)

c(r, fr)
−∆0

)
c(r, fr)︸ ︷︷ ︸

Type 1: Wrongly rejected projects

+ I[D̃ < D]

(
∆0 −

∆(r, fr)

c(r, fr)

)
c(r, fr)︸ ︷︷ ︸

Type II: Wrongly accepted projects

dfr.

6



D. Proof: Proposition 1b

Here, we show that we can construct an informative upper bound on M by using information

about the average realized return of correctly accepted projects, the average subsidy cost of rejected

projects, and the prevalence of rejected projects. We start by repeating Lemma 1:

M =
∑
r

1

B̄

∫ 1

0
I[D̃ > D]

(
∆(r, fr)

c(r, fr)
−∆0

)
c(r, fr)︸ ︷︷ ︸

Type 1: Wrongly rejected projects

+ I[D̃ < D]

(
∆0 −

∆(r, fr)

c(r, fr)

)
c(r, fr)︸ ︷︷ ︸

Type II: Wrongly accepted projects

dfr (A.8)

From Proposition 1a, the second term forms a worst-case lower bound,MLB, on total misallocation,

M . To construct an upper bound on M , we make assumptions about the Type I errors in equation

(A.8). Applying Lemma 2, we first rewrite the Type I term of equation (A.8) as:

Type I: Wrongly rejected projects︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 0]−∆0︸ ︷︷ ︸

Return on wrongly rejected projects

)
∗ E[c | r, D̃ = 1, D = 0]︸ ︷︷ ︸

Cost of wrongly rejected projects

∗ P[D̃ = 1 ∩D = 0 | r]︸ ︷︷ ︸
Prevalence of wrongly rejected projects

The share of wrongly rejected projects cannot exceed the total share of rejected projects, which

means that P[D̃ = 1 ∩ D = 0 | r] ≤ P(D = 0 | r). The misallocation due to Type I errors is

maximized if all rejected projects are wrongly rejected. We would then have that P[D̃ = 1 ∩D =

0 | r] = P(D = 0 | r) and E[c | r, D̃ = 1, D = 0] = E[c | r,D = 0]. This implies that:

Type I: Wrongly rejected projects︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 0]−∆0︸ ︷︷ ︸

Return on wrongly rejected projects

)
∗ E[c | r, D̃ = 1, D = 0]︸ ︷︷ ︸

Cost of wrongly rejected projects

∗ P[D̃ = 1 ∩D = 0 | r]︸ ︷︷ ︸
Prevalence of wrongly rejected projects

≤
∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 0]−∆0︸ ︷︷ ︸

Return on wrongly rejected projects

)
∗ E[c | r,D = 0]︸ ︷︷ ︸

Cost of rejected projects

∗ P[D = 0 | r]︸ ︷︷ ︸
Prevalence of rejected projects

7



Under Assumption 1, it further follows that:

Type I: Wrongly rejected projects︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 0]−∆0︸ ︷︷ ︸

Return on wrongly rejected projects

)
∗ E[c | r, D̃ = 1, D = 0]︸ ︷︷ ︸

Cost of wrongly rejected projects

∗ P[D̃ = 1 ∩D = 0 | r]︸ ︷︷ ︸
Prevalence of wrongly rejected projects

≤

Observed︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 1]−∆0︸ ︷︷ ︸

Return on correctly accepted projects

)
∗ E[c | r,D = 0]︸ ︷︷ ︸

Cost of rejected projects

∗ P[D = 0 | r]︸ ︷︷ ︸
Prevalence of rejected projects

,

so that:

M ≤
∑
r

1

B̄

(
E[

∆

c
| r, D̃ = 1, D = 1]−∆0

)
E[c | r,D = 0] ∗ P [D = 0 | r]︸ ︷︷ ︸

Upper bound on Type I: Wrongly rejected projects

+MLB.

where all terms are observed in the data.
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E. Proof: Lemma 3

Here, we show that Mβ can be expressed as the total loss in expected carbon emission returns

due to ex-ante Type I errors and ex-ante Type II errors. To do so, we first note that Mβ can be

expressed in terms of total expected carbon emission effects over total costs:

Mβ =
∑
r

1

B̄

∫ 1

qsr

E(∆|r, qr)dqr + bs0∆0︸ ︷︷ ︸
Second best: Expected returns

−
∑
r

1

B̄

∫ 1

qcr

E(∆ | r, qr)dqr + b0∆0︸ ︷︷ ︸
Actual: Expected returns

. (A.9)

Using the selection equations (6) and (11), we can rewrite equation (A.9) as:

Mβ =
∑
r

1

B̄

∫ 1

0
DSB ∗ E(∆ | r, qr)dqr + bs0∆0︸ ︷︷ ︸

Secodn best: Expected returns

−
∑
r

1

B̄

∫ 1

0
D ∗ E(∆ | r, qr)dqr + b0∆0︸ ︷︷ ︸

Actual: Expected returns

(A.10)

=
∑
r

1

B̄

∫ 1

0
(DSB −D) ∗ E(∆ | r, qr)dqr +∆0(b

s
0 − b0). (A.11)

Next, both the first-best and actual allocations must satisfy the budget constraint B̄:

B̄ =
∑
r

∫ 1

0
D c(r, qr) dqr + B̄b0︸ ︷︷ ︸

Actual allocation: Spending

=
∑
r

∫ 1

0
DSB c(r, qr) dqr + B̄bs0︸ ︷︷ ︸

Second best: Spending

. (A.12)

Using this equality, it follows that:

(bs0 − b0) =
∑
r

1

B̄

∫ 1

0
(D −DSB) c(r, qr) dqr

9



Inserting this expression into equation (A.5), we get:

Mβ =
∑
r

1

B̄

∫ 1

0
(DSB −D) ∗ E(∆ | r, qr)dqr +

∑
r

1

B̄

∫ 1

0
(D −DSB)∆0 c(r, qr) dqr

=
∑
r

1

B̄

∫ 1

0
(DSB −D)

(
E(∆ | r, qr)
c(r, qr)

−∆0

)
c(r, qr) dqr

=
∑
r

1

B̄

∫ 1

0
I[DSB > D]

(
E [∆|r, qr]
c(r, qr)

−∆0

)
c(r, qr)︸ ︷︷ ︸

Type I: Ex-ante wrongly rejected projects

+ I[DSB < D]

(
∆0 −

E [∆|r, qr]
c(r, qr)

)
c(r, qr)︸ ︷︷ ︸

Type II: Ex-ante wrongly accepted projects

dqr

10



F. Proof: Proposition 2b

Here, we show that we can construct an upper bound onMβ by using information about the average

return of ex-ante correctly accepted projects, the average subsidy cost of rejected projects, and the

prevalence of rejected projects. We start by repeating Lemma 3:

Mβ =
∑
r

1

B̄

∫ 1

0
I[DSB > D]

(
E [∆|r, qr]
c(r, qr)

−∆0

)
c(r, qr)︸ ︷︷ ︸

Type I: Ex-ante wrongly rejected projects

+ I[DSB < D]

(
∆0 −

E [∆|r, qr]
c(r, qr)

)
c(r, qr)︸ ︷︷ ︸

Type II: Ex-ante wrongly accepted projects

dqr.

(A.13)

From Proposition 2a, the second term forms a worst-case lower bound,MLB
β , on total misallocation

due to other motives, Mβ. To construct an upper bound on Mβ, we make assumptions about the

Type I errors in equation (A.13). We begin by rewriting the Type I term as:

Type I: Ex-ante wrongly rejected projects︷ ︸︸ ︷∑
r

1

B̄

(
E[E(∆

c
) | r,DSB = 1, D = 0]−∆0︸ ︷︷ ︸

Return on ex-ante wrongly rejected projects

)
E[c | r,DSB = 1, D = 0]︸ ︷︷ ︸

... their cost

∗P [DSB = 1 ∩D = 0 | r]︸ ︷︷ ︸
... and their prevalence

The share of ex-ante wrongly rejected projects cannot exceed the total share of rejected projects,

which means that P[DSB = 1 ∩ D = 0 | r] ≤ P(D = 0 | r). Under the (worst case) scenario in

which all ex-ante rejected projects are wrongly rejected, we have that P[DSB = 1 ∩D = 0 | r] =

P(D = 0 | r) and E[c | r,DSB = 1, D = 0] = E[c | r,D = 0]. This implies that:

Type I: Ex-ante wrongly rejected projects︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r,DSB = 1, D = 0]−∆0︸ ︷︷ ︸

Return on ex-ante wrongly rejected projects

)
∗ E[c | r,DSB = 1, D = 0]︸ ︷︷ ︸

... their cost

∗P[DSB = 1 ∩D = 0 | r]︸ ︷︷ ︸
... and their prevalence

≤
∑
r

1

B̄

(
E[

∆

c
| r,DSB = 1, D = 0]−∆0︸ ︷︷ ︸

Return on ex-ante wrongly rejected projects

)
∗ E[c | r,D = 0]︸ ︷︷ ︸

Cost of rejected projects

∗ P[D = 0 | r]︸ ︷︷ ︸
Prevalence of rejected projects

.
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Under Assumption 2, it further follows that:

Type I: Ex-ante wrongly rejected projects︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r,DSB = 1, D = 0]−∆0︸ ︷︷ ︸

Return on ex-ante wrongly rejected projects

)
∗ E[c | r,DSB = 1, D = 0]︸ ︷︷ ︸

Cost

∗P[DSB = 1 ∩D = 0 | r]︸ ︷︷ ︸
Prevalence

≤

Observed︷ ︸︸ ︷∑
r

1

B̄

(
E[

∆

c
| r,DSB = 1, D = 1]−∆0︸ ︷︷ ︸

Return on correctly accepted projects

)
∗ E[c | r,D = 0]︸ ︷︷ ︸

Cost of rejected projects

∗ P[D = 0 | r]︸ ︷︷ ︸
Prevalence of rejected projects

,

so that:

Mβ ≤
∑
r

1

B̄

(
E
[
E [∆]

c
| r,DSB = 1, D = 1

]
−∆0

)
E[c | r,D = 0]P[D = 0 | r]︸ ︷︷ ︸

Upper bound on Type I: Ex-ante wrongly rejected projects

+MLB
β ,

where all terms are observed in the data.
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G. Proof: Conservative lower bound

Here, we show that if Enova systematically overestimates the carbon emission returns on its

projects, then our lower bound on total misallocation, M , is conservative.

Let ∆ ≡ Y (1) − Y (0) denote a project’s true carbon emission effect, where Y (1) represents

emissions with the subsidy and investment, and Y (0) represents emissions without. Suppose ∆ is

observed by both Enova and the econometrician. The first-best project selection is then:

D̃ = I
{ ∆(r, fr)

c(r, fr)
≥ ∆0

}
.

Based on Proposition 1a, the econometrician’s lower bound on M is:

MLB =
∑
r

1

B̄

∫ 1

0
I[D̃ < D]

(
∆0 −

∆(r, fr)

c(r, fr)

)
c(r, fr) dfr.

Suppose instead that Enova and the econometrician only observe ∆∗ = Y (1), which arises if Enova

assumes that Y (0) = 0 (no investment or emission effects absent subsidy) when ranking projects

and measuring carbon emission effects. The first-best project selection is then:

D̃(Y1) ≡ I[
Y1(r, fr)

c(r, fr)
≥ ∆0]

and the corresponding lower bound on M is:

M̃LB =
∑
r

1

B̄

∫ 1

0
I[D̃(Y1) < D]

(
∆0 −

Y1(r, fr)

c(r, fr)

)
c(r, fr) dfr (A.14)

To relate M̃LB to MLB, we can compare (i) the share of wrongly accepted projects and (ii) the

per-project loss. When Y (0) ≥ 0, we have ∆ ≤ Y (1), so D̃(Y1) ≥ D̃ pointwise. Hence

I[D̃(Y1) < D] ≤ I[D̃ < D].
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Also, for any (r, fr),

(
∆0 −

Y1(r, fr)

c(r, fr)

)
c(r, fr) ≤

(
∆0 −

∆(r, fr)

c(r, fr)

)
c(r, fr).

Combining these inequalities and integrating yields

M̃LB ≤ MLB,

with equality if Y (0) = 0.
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II. Appendix Tables

Table A.I. List of program areas active between 2012 and 2023

Means

Program area c E(∆) ∆
Batteries in Vessels 5.53 376 379
Biogas and Biofuels 29.14 10085 10068
Charging Infrastructure for Electric Cars 0.50 0 0
Commercial Piloting 2.06 184 206
Demonstration of New Energy and Climate Technology 1.69 263 272
District Heating and Cooling 4.24 1680 1516
Electrification of Maritime Transport 9.57 1711 1738
Energy and Climate Initiatives in Industry 0.79 361 358
Energy and Climate Measures in Industry and Construction 2.38 1063 1070
Energy and Climate Measures in Land Transport 1.76 231 246
Energy and Climate Measures in Shipping 4.87 1470 1453
Energy-Efficient New Buildings 6.56 355 357
Existing Buildings 0.96 252 268
Extended Heating Plants 1.56 60 1251
Full-Scale Innovative Energy and Climate Technology 19.01 5198 5343
Heavy Vehicles 2.12 202 205
Heating Plants 0.22 132 134
Hydrogen Infrastructure 7.59 0 0
Infrastructure for Municipal and County Transport Services 15.11 3263 3810
Introduction of New Technology in Buildings and Areas 4.20 155 194
Investment Support for Shore Power and Charging Infrastructure 4.72 784 784
New Technology for Future Buildings 0.97 10 36
Simplified Heating Plants 0.07 10 20
Support for Biogas Vehicles 0.17 0 163
Support for Energy Measures in Facilities 2.39 1748 1154
Support for Existing Buildings 1.78 565 594
Support for Existing Buildings and Facilities 4.84 3203 3002
Support for Introduction of New Technology 1.94 160 171
Support for New Energy and Climate Technology in Industry 20.11 3203 5561
Support for New Energy and Climate Technology in Transport 15.36 2926 1686
Zero-Emission Fund Chargers for Electric Vans 0.01 0 0
Zero-Emission Fund Electric Vans 0.06 25 34

Notes: The table provides an overview of Enova program areas active over the period 2012–2023. We restrict attention

to the program areas represented in our main estimation sample described in Section II.B. The subsidy amount, c, is

expressed in million NOK, while the carbon emission effects (E(∆), ∆) are expressed in tons of CO2.
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Table A.II. Sensitivity of the point estimates: Bandwidth and slope

Sources Margins

M Mβ Mr Λ MO MS

Baseline 0.049 0.047 0.002 0.000 0.042 0.007

Sensitivity to bandwidth

Bandwidth = 40 0.018 0.016 -0.002 0.004 0.012 0.006

Bandwidth = 60 0.031 0.030 0.005 -0.004 0.025 0.006

Bandwidth = 80 0.037 0.035 0.002 -0.001 0.030 0.007

Bandwidth = 100 0.049 0.047 0.002 0.000 0.042 0.007

Sensitivity to slope 0.048 0.046 0.002 -0.000 0.042 0.006

Sensitivity to bandwidth and slope

Bandwidth = 40 0.019 0.019 0.001 -0.001 0.014 0.005

Bandwidth = 60 0.028 0.025 0.000 0.003 0.022 0.006

Bandwidth = 80 0.038 0.036 0.001 0.001 0.032 0.006

Bandwidth = 100 0.048 0.046 0.002 -0.000 0.042 0.006

Notes: The first row reproduces our point estimate of total misallocation, M , its sources (Mβ , Mr, Λ) and margins

(MO, MS) from Table III–IV. Misallocation is measured in tons of CO2 per Euro. Rows (2)–(6) examines the

sensitivity of our estimates to the choice of bandwidth when extrapolating returns from accepted to rejected projects.

A bandwidth of 40 means that only 40% of funds each year can be reallocated; a bandwidth of 100% means all funds

can be reallocated. Row (7) examines sensitivity to reducing the slope of the extrapolation by 50%. Rows (8)–(12)

examine sensitivity to both the choice of bandwidth and reducing the slope of the extrapolation by 50%.
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Table A.III. Sensitivity of the lower bounds: Alternative policy and spillovers

Sources

M Mβ Mr Λ

Baseline 0.046 0.042 0.000 −∞

Sensitivity to alternative benchmark 0.105 0.110 0.000 −∞

Sensitivity to unmeasured carbon emission effects 0.048 0.042 0.000 −∞
Notes: The first row reproduces our lower bound on total misallocation, M , and its sources (Mβ , Mr, Λ) from Table

III. Misallocation is measured in tons of CO2 per Euro. Row (2) examines the sensitivity of our lower bound to using

subsidies to prevent tropical deforestation as the decision-maker’s alternative policy. Following Assunção et al. (2023)

and Harding et al. (2021), we use $6.5 per ton of CO2 as the return to this policy. Row (3) examines sensitivity to

excluding a small set of program areas that consider unmeasured emission effects when ranking projects.
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III. Appendix Figures
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Figure A.1. Project completion. The figure shows the probability that a project is completed after a given
number of years relative to the grant decision date. We measure completion using the date the project receives its
final payment, as payment is contingent on verification that the investment has been made. The figure is based on a
sample of projects accepted before 2020 that can be observed for at least four years.
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Figure A.2. Robustness to unmeasured carbon emission effects. In Panel A, we reconstruct our lower bound
on misallocation from Proposition 1b while allowing for unmeasured carbon emission effects that are proportional
to the measured carbon emission effects. Specifically, for accepted projects in program areas with that consider
unmeasured carbon emission effects, we replace the observed return ∆(r,qr)

c(r,qr)
with ∆∗ ≡ ∆(r,qr)

c(r,qr)
(1 + τ), where τ is

varied across specifications. In this exercise, we estimate τ for a fixed set of projects, namely, those determined to
be wrongly accepted according to the baseline decision-maker’s project selection rule in equation (6), which is based

on observable carbon emission returns, ∆(r,qr)
c(r,qr)

. In Panel B, we present results from an alternative analysis where, in

addition to replacing ∆(r,qr)
c(r,qr)

with ∆∗ when measuring returns, we also allow project selection to be based on ∆∗.
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