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Overlap in funding for solar and plug-in electric vehicle (PEV) adoption

Sources: Lawrence Berkeley National Lab (LBNL), US Department of Energy (DOE)
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But what if solar and PEV are complementary goods?

1. Technology complementarity: Low marginal fuel costs

- Depends on consumption/charging behavior, solar generation

2. Policy complementarity: Net-metering

- Excess solar generation can reduce marginal electricity costs (“roll back the meter”)

3. Correlated preferences:

- Unobservable preference for “green” goods
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Summary

- Research question: What are the implications of complementarities for policy design?

→ What are the efficiency costs of overlapping incentive programs?

- Applications:

- Residential solar and PEV markets in California (CA) – existing (stated-preference) evidence
- Residential solar and EV markets in Connecticut (CT) – new revealed-preference panel

- Today:
1. Develop model of optimal second-best policies with complementary, clean goods

→ Independent Pigouvian subsidies are sub-optimal

2. CA structural evidence of complementarity in PV × PEV adoption
3. Likely welfare losses from observed overlapping policy regime in CA
4. New: CT revealed-preference panel validates direction; identification roadmap
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Model of optimal second best subsidies

- Develop stylized model to demonstrate the implications of cross-technology
complementarity for optimal (constrained) policy

- “Toy” model will motivate counterfactual analysis in structural model of co-adoption

- Main implications of complementarity:

1. Policymaker needs to know the full substitution matrix to reach second-best
2. ↑ complementarity, ↓ optimal constrained policy
3. Place greater subsidy on the technology with greatest substitutability

- Generalizes to other settings with overlapping subsidies for complementary goods
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Model setup
- N identical households consume a numeraire and four goods:

x1 = low-emissions electricity x2 = high-emissions electricity

y1 = low-emissions transportation y2 = high-emissions transportation

- Households face prices p = (px1 , p
x
2 , p

y
1 , p

y
2 , 1)

- Each of the two high-emissions goods produces a differentiated externality:

Ex = exNx2 Ey = eyNy2

- Assume x1 is a substitute for x2 and y1 is a substitute y2, i.e.

∂x1
∂px2

> 0
∂x2
∂px1

> 0
∂y1
∂py2

> 0
∂y2
∂py1

> 0

HH problem
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Social planner’s problem

- Social planner chooses per-unit taxes or subsidies, τ = (τx
1 , τx

2 , τy
1 , τy

2 ) to maximize
utility, accounting for externalities

- First-best policy: With no constraints on τ, the following portfolio is first-best

τx
1
∗ = 0 τx

2
∗ = exN τy

1
∗
= 0 τy

2
∗
= eyN

- Standard Pigouvian taxation result
- Tinbergen independence still holds

- But what if we constrain τx
2 = τy

2 = 0?
→ Could arise due to political constraints on direct Pigouvian taxation

Planner’s FOC
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Takeaway #1: Policymaker needs to know full substitution matrix

- Naive constrained policy: If government ignores potential interactions between electricity
and transportation, will set the following subsidies

τ̃x
1 = exN

(
∂x2
∂px1

)(
∂x1
∂px1

)−1

τ̃y
1 = eyN

(
∂y2
∂py1

)(
∂y1
∂py1

)−1

- Second-best policy: If government considers potential interactions between electricity and
transportation, will set the following subsidies

τ̄x
1 =

exN

|Ω̃|

(
∂x2
∂px1

∂y1
∂py1

− ∂x2
∂py1

∂y1
∂px1

)
+

eyN

|Ω̃|

(
∂y2
∂px1

∂y1
∂py1

− ∂y2
∂py1

∂y1
∂px1

)
τ̄y
1 =

exN

|Ω̃|

(
∂x2
∂py1

∂x1
∂px1

− ∂x2
∂px1

∂x1
∂py1

)
+

eyN

|Ω̃|

(
∂y2
∂py1

∂x1
∂px1

− ∂y2
∂px1

∂x1
∂py1

)

Naive policy

Second-best
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Takeaway #2: ↑ complementarity, ↓ optimal constrained policy

- Green electricity and
transportation are complements

- Optimal > naive policy when:

- Strong within-technology
substitution

- Weak cross-technology
complementarity
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Takeaway #3: Emphasize technology with greatest impact

- Green electricity and
transportation are complements

- Result depends on both

- Direct substitution
- Effect of cross-technology
complementarity
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Setting: solar and EV adoption in California

Sources: LBNL, CA Energy Commission

- CA: largest US market for residential
PV and EVs

- Overlapping state subsidies:

- PV: California Solar Initiative
(2007–2013)

- EV: Clean Vehicle Rebate Project
(2009–2023)

Income gradient
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Headline: ZEV adoption is 4× higher among PV households

- But adoption-level correlation:

1. Does not define complementarity
2. Is not a sufficient statistic for

welfare

- Need to recover cross-price
elasticities
→ Estimate Gentzkow, 2007

bundle-choice model with
complementarity

Source: California Energy Commission, CA Vehicle Survey

Stocks & flows Alt: 2SLS
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Model of co-adoption with complementarity

- Static discrete bundle choice (Gentzkow 2007). Indirect utility from bundle b:

uib = ∑
j∈b

α(pj − rj ) + θ′Xij + ξj︸ ︷︷ ︸
ūij

+Γb + ε ib

- Γb: bundle-specific complementarity term (Γb = 0 if |b| = 1)

- Identification:

- α from experimental price/rebate variation in conjoint + PV-rebate variation
- Γb from “one-shifters” that move utility of only one technology

- HOV-lane access (ZEV-only)
- Solar irradiance (PV-only)

Full estimates
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Result: Γ̂ > 0 and positive cross-price elasticities

Full estimates
13



Ignoring complementarity leads to possible welfare loss

- Optimal (max ∆ social surplus):
PEV $9K, Solar $16.5K

- Observed CA subsidies less than the
optimum on both axes ⇒ welfare loss
from ignoring Γ

- Validates theory takeaways #2 & #3

- Note: “Optimum” is

14



Outline

A Model of Optimal Second Best Subsidies

Evidence from California

New Evidence from Connecticut

Where We’re Going

Wrap-up



New: revealed-preference panel from Connecticut

SOLAR PV
CT state solar program

2005–2022

42,037
residential installations

VEHICLES
CT town property-tax records

2020–2024

9.5M
vehicle registrations

- Address-level merge ⇒ 798K-address panel
- Over 2020–2021: 1,277 households adopted both technologies
- Additional data:

- CoreLogic: CT solar building permits
- DataAxle, L2: Household-level demographics

Match details Panel composition
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CT Fact 1: PV adopters are 3.2× more likely to have a BEV
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PV−2019
PV−2020
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PV−2022

Unconditional rates:

- PV adopters: 5.92% BEV

- Never-PV: 1.85% BEV

- Ratio: 3.20×

BEV co-adoption is accelerating:

- PV-2015 by year 9: 5.2%

- PV-2020 by year 4: 5.6%
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CT Fact 2: PV adoption raises BEV adoption
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- Also observe income gradient: 5× larger in top vs. bottom quartile Heterogeneity details
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What the CT panel buys us: A dynamic Γ

- Adoption is sequential, with very different durables.
- PV (∼25-yr, near-irreversible) and EVs (∼10-yr, more reversible) face different option values

→ The order of adoption shapes the cross-elasticity

- Welfare counterfactuals are inherently dynamic.
- E.g., “Phase out net-metering faster?” “Front-load EV credits?”

→ Answering these requires modeling how anticipated subsidy paths shape adoption timing, not
just whether to adopt.

- Joint adoption is endogenously timed.
- Static Γ pools “intended both from day 1” with “PV today induces EV next year”

→ These imply very different counterfactual responses to subsidy reform

18
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Dynamic co-adoption model
- Household i chooses adoption sequence over t = 1, . . . ,T

- state sit ∈ {(0,0), (PV,0), (0,EV), (PV,EV)}
- Each period choose ait ∈ {wait, add PV, add EV, add both}; PV and EV are absorbing

- Flow utility from state s:

πi (sit ; a) = ∑
j∈sit

[
α(pjt − rjt) + θ′Xit + ξj

]
+ Γ · 1[sit = (PV ,EV )] + ε ia

- Bellman: Vt(sit) = maxa
{

πi (sit ; a) + β E
[
Vt+1(si ,t+1) | sit , a

]}
- Targets:

- Γ: bundle complementarity, now dynamic (forward-looking adopters)
- θ: rich household heterogeneity (income, urbanicity, etc.)
- Recovers welfare counterfactuals over the entire CT subsidy regime

- Estimator: ECCP / KSS (Kalouptsidi-Scott-Souza-Rodrigues) – linear IV regression on the
ECCP equation; finite dependence eliminates continuation values

19
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Identification: ECCP moments for (α, θ, Γ)

ECCP regression (KSS 2020): finite dependence in the {none, PV, EV, both} state space eliminates

continuation values; no dynamic program solution required.

- α (prices): CCP response to RSIP step-downs + CHEAPR + federal credit changes;
lagged prices instrument unobserved demand shocks

- θ (heterogeneity): ACS cousub demographics in X (income, urbanicity, housing stock)

- Γ (complementarity, dynamic Gentzkow): residual co-movement of PV & EV
adoption, conditional on roof visibility + Sunroof potential as PV-only shifters in X

- Cleanest for PV → EV; EV → PV awaits longer post-2021 PV coverage

Joint observability window: 2020–2021 (∼1,277 joint adopters); exploring CT building-permit data to extend

PV coverage through 2024.
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Wrap-up

- Today:
- Theory: optimal subsidy design depends on the full substitution matrix
- CA: Γ̂ > 0; observed subsidies over-subsidize both technologies
- CT: ∼3pp PV → BEV effect; observe adoption timing; steep income gradient

- Next:
- Identification: visibility + Sunroof as PV-only one-shifters?
- Estimator: ECCP/KSS vs. MSM / Hotz-Miller / NFXP?
- Counterfactuals: joint vs. separate subsidy design? NEM reform? Distributional impacts?

Thank you!
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CT match: tiered approach (full table)

Tier Method N matched

1 Exact match on composite key (zip5, street #, street name,
unit) after USPS suffix normalization

34,621

1b Same key dropping unit, for multi-unit buildings 667

2 Within-ZIP Jaro-Winkler on full address ≥ 0.93; drop ties
within 0.01 of best

2,496

3 Census-geocoded coordinates within 50m haversine; drop if
multiple vehicles within 25m

485

4 100m radius using RSIP install lat/lon, for PV mailing-vs-
physical mismatches (PO-box, dense-urban ZIPs)

330

5 250m spatial radius (town-restricted), select via Jaro-
Winkler between RSIP Host Customer and vehicle taxpayer
names (≥ 0.85, ≥ 0.05 above runner-up)

816

Total 39,415 / 42,037 (93.8%)

Coverage steps: Tiers 1–3 alone deliver 89.49%. list town ZIP-blank recovery for 2023+ registrations adds

∼215K vehicle addresses; Tiers 4–5 cover the residual to a final 91.34% of distinct PV addresses with a

confidence-weighted match.

Go back
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Panel composition and sample restrictions

Filter N addresses

Universe (any vehicle reg., 2020–2024) 1,740,970
In CT, single-match 1,310,245
≥ 3 years observed in vehicle panel 967,812
≤ 8 vehicles per year (excludes fleets) 798,144

sample primary 798,144
PV adopters (ever 2005–2022) 26,236
BEV adopters (ever 2020–2024) 15,812
Joint adopters (ever both) 2,265
Joint adopters in clean window (EV 2020–2021) 1,277

169 CT towns, 8 counties, 5 panel years (2020–2024). PV-side history extends to 2005, used for cohort

identification and RSIP-side calibration in the structural model.
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CT heterogeneity: steep income gradient

Distressed municipality Solarize−active town

Income (cousub median HH) Urban vs rural

Not distressed

Distressed

Non−Solarize town

Solarize−town

Q1 (lo
w) Q2 Q3

Q4 (high)
Rural

Urban
0.0%

5.0%

10.0%

0.0%

5.0%

10.0%
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20
24

Never−PV PV adopters

Per-stratum coefficient:

- Q1 ($66K): 1.84pp

- Q2 ($85K): 2.74pp

- Q3 ($98K): 5.31pp

- Q4 ($123K): 9.08pp

Other dimensions:

- Rural > urban (+56%)

- Distressed muni: 3.6× smaller

→ Disciplines preference heterogeneity in the dynamic model and drives distributional welfare counterfactuals.
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Toy model: Household’s problem
- The representative household maximizes:

U = u(x1, x2, y1, y2)−N [exx2 + eyy2] + µ

where u(·) is a concave, C 2 function; subject to the following budget constraint:

(px1 + τx
1 )x1 + (px2 + τx

2 )x2 + (py1 + τy
1 )y1 + (py2 + τy

2 )y2 + µ = m

- Assume that N is sufficiently large such that households do not internalize their impact
on aggregate consumption of the dirty goods:

x1

(
∂u

∂x1
− px1 − τx

1

)
= 0 x2

(
∂u

∂x2
− px2 − τx

2

)
= 0

y1

(
∂u

∂y1
− py1 − τy

1

)
= 0 y2

(
∂u

∂y2
− py2 − τy

2

)
= 0

- FOCs imply demand functions:

x1 = x1(p, τ) x2 = x2(p, τ) y1 = y1(p, τ) y2 = y2(p, τ)

Go back

5



Toy model: Social planner’s problem
- Government chooses a portfolio of per-unit taxes or subsidies, τ = (τx

1 , τx
2 , τy

1 , τy
2 ) ∈ R4,

with tax revenues: N [x1τx
1 + x2τx

2 + y1τy
1 + y2τy

2 ]

- Assuming lump-sum revenue recycling, government problem is

W (τ) = u(x1, x2, y1, y2)−N [exx2 + eyy2] +m

− (px1 + τx
1 )x1 − (px2 + τx

2 )x2 − (py1 + τy
1 )y1

− (py2 + τy
2 )y2 + τx

1 x1 + τx
2 x2 + τy

1 y1 + τy
2 y2

- Government’s FOC:
∂x1
∂px1

∂x2
∂px1

∂y1
∂px1

∂y2
∂px1

∂x1
∂px2

∂x2
∂px2

∂y1
∂px2

∂y2
∂px2

∂x1
∂py1

∂x2
∂py1

∂y1
∂py1

∂y2
∂py1

∂x1
∂py2

∂x2
∂py2

∂y1
∂py2

∂y2
∂py2


︸ ︷︷ ︸

≡Ω


τx
1

τx
2

τy
1

τy
2

 = exN


∂x2
∂px1
∂x2
∂px2
∂x2
∂py1
∂x2
∂py2

+ eyN


∂y2
∂px1
∂y2
∂px2
∂y2
∂py1
∂y2
∂py2


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Toy model: “Naive” constrained policy

- Naive constrained policy: Government sets policy ignoring all interactions between the
electricity and transportation goods

- In this case, the government’s problem becomes[
∂x1
∂px1

0

0 ∂y1
∂py1

] [
τx
1

τy
1

]
= exN

[
∂x2
∂px1
0

]
+ eyN

[
0

∂y2
∂py1

]

- The government sets the following policies:

τ̃x
1 = exN

(
∂x2
∂px1

)(
∂x1
∂px1

)−1

τ̃y
1 = eyN

(
∂y2
∂py1

)(
∂y1
∂py1

)−1
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Toy model: Second-best policy
- Second-best policy: Government sets policy accounting for all interactions between the
electricity and transportation goods

- In this case, the government’s problem becomes[
∂x1
∂px1

∂y1
∂px1

∂x1
∂py1

∂y1
∂py1

]
︸ ︷︷ ︸

≡Ω̃

[
τx
1

τy
1

]
= exN

[
∂x2
∂px1
∂x2
∂py1

]
+ eyN

[
∂y2
∂px1
∂y2
∂py1

]

- The government sets the following policies:

τ̄x
1 =

exN

|Ω̃|

(
∂x2
∂px1

∂y1
∂py1

− ∂x2
∂py1

∂y1
∂px1

)
+

eyN

|Ω̃|

(
∂y2
∂px1

∂y1
∂py1

− ∂y2
∂py1

∂y1
∂px1

)
τ̄y
1 =

exN

|Ω̃|

(
∂x2
∂py1

∂x1
∂px1

− ∂x2
∂px1

∂x1
∂py1

)
+

eyN

|Ω̃|

(
∂y2
∂py1

∂x1
∂px1

− ∂y2
∂px1

∂x1
∂py1

)
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CA Fact #1: Adoption rises with income

Source: California Energy Commission, CA Vehicle Survey
Go back

9



CA Fact #3: Stocks and flows are correlated

Go back 2SLS framework
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CA: descriptive 2SLS on stocks vs. flows

- Goal: Estimate likelihood of adopting one technology conditional on adopting the other

→ Empirical challenge: unobservable factors affecting both PV and EV adoption

- Solution: Instrument adoption with relevant policy variation

- PV: Spatial and temporal variation in solar rebates
- ZEV: Temporal variation in EV rebate program × proximity to HOV lanes

- Estimate the following via two-stage least squares for ZCTA z in year t:

∆qEVzt = α1 q
PV
z,t−1 + γc(z)t + λz + εzt

∆qPVzt = α2 q
EV
z,t−1 + ηc(z)t + µz + ϵzt

- γc(z)t , ηc(z)t are county-by-year FE; λz , µz are ZCTA FE

PV variation EV variation PV results EV results Go back
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CA: PV policy variation (CSI step-down rebates)
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CA: EV policy variation (CVRP rebates)
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CA: EV policy variation (CVRP rebates)
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CA: EV policy variation (CVRP rebates)
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CA full results: PV adoption

First Stage: ZEV Count Second Stage: PV Installations
(1) (2)

CVRP Waitlist Length × HOV Miles -0.080
(0.009)

CVRP Income Cap × HOV Miles 36.7
(3.99)

Max CVRP Rebate × HOV Miles -0.004
(0.0005)

Gas Price × HOV Miles -2.15
(0.378)

ZEV Count 0.133
(0.019)

Observations 46,464 46,464
F-test (IV only) 177.45 86.374
ZCTA fixed effects ✓ ✓
County-Year fixed effects ✓ ✓
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CA full results: EV adoption

First Stage: Installed Solar Second Stage: ZEV Sales
(1) (2)

(CSI Rebate)t -21.4
(4.14)

(CSI Rebate)t−1 -33.1
(3.25)

(CSI Rebate)t × log(GHI) 2.93
(0.553)

(CSI Rebate)t−1 × log(GHI) 4.48
(0.435)

Installed Solar 5.55
(2.20)

Observations 46,464 46,464
F-test (IV only) 58.444 22.564
ZCTA fixed effects ✓ ✓
County-Year fixed effects ✓ ✓
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CA Gentzkow model: full estimates

Estimate (SE) Estimate (SE)

Common Parameters Vehicle Attributes
(Price – Subsidy) / Income −1.904 (0.033) Acceleration Rate −0.060 (0.002)
Complementarity Term (Γ) 0.771 (0.030) Fueling Time −0.139 (0.004)

Fuel Cost/Mile −0.047 (0.015)
Solar PV Attributes Miles/Gallon 0.391 (0.018)
1{Solar PV} −6.374 (0.404) Range 0.533 (0.012)
Solar Radiation 0.058 (0.018) Trunk Space 0.198 (0.013)
Module Efficiency 0.205 (0.012) Vehicle Age −0.037 (0.004)

1{Small Car} −0.157 (0.015)
Income Interactions 1{SUV} −0.039 (0.022)
Income × 1{PEV} 0.028 (0.002) 1{Truck} −0.692 (0.024)
Income × 1{Solar PV} 0.015 (0.002) 1{Van} −1.280 (0.036)

1{PEV} −0.213 (0.032)
1{Hybrid} 0.130 (0.014)

Log Likelihood −85 665.49
Individuals 6754
Choices 54 032
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