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U.S. DEMAND ESTIMATION FOR SOLAR PHOTOVOLTAICS
Appendix

Note:

Full sample refers to the ‘Tracking the Sun’ data set as published by the LBNL
(Barbose & Darghouth, 2019) without changes unless specified otherwise.

Price sample refers to the sample left after applying all price-related selection
criteria described in section 3.4.1.2 ‘Data selection’.

Estimation sample refers to the sample left after applying all selection criteria,
also non-price related, described in section 3.4.1.2 ‘Data selection’.

Final sample 1is the sample left for model estimation after dropping all
observations which have missing values in one or more of the included variables
described in section 3.5.1 ‘Preferred econometric model’.
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A1l. Solar Photovoltaic Characteristics
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Figure SEQ Fizure \* ARABIC 1. Median system size by customer
category over time, 1998 to 2008
Note: Lines fitted using generalised additive model (GAM) smoother,
displaying .95 confidence mterval,
Souwrce; LBML Tracking the Sun data (full sample)
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Figure SEQ Figure \* ARABIC 2, Module efficiency by module
technology and costomer category, 2018

Sowrce: LBML Tracking the Sun data (full sample)
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Figure SEQ Figure '* ARABIC 3. Share of module technology over time
Sowrce: LBML Tracking the Sun data (full sample)
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Figure SEC) Figure \* ARABIC 4. Median installed price per watt over
time by customer category, 2008 to 2018
Note: Lines fitted vsing peneralised additive model (GAM) smoother,

displaving .23 confidence interval.

Sowrce: LBNL Tracking the Sun data {full sample)
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A2. TTS Data: Exploratory Data Analysis
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Figure SEQ Figure \* ARABIC 5, PV installations by state and customer

catezory in the full sample
Sowrce: LBML Tracking the Sun data (full sample)
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Figure SEQ) Figure v* ARABIC 6. PV installations by sample and
customer category, 1998 (o 2008
Source; LBNL Tracking the Sun data (full sample)
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Figure SEQ} Figure \* ARABIC 7. System size development over time
Note: Only observations with system size (W) in [0, 200040] and installed after
2007 included. System size increases over time from about 4k'W median size
mn 2008 to over 6kW in 2008, There are several owtliers, particularly at the
upper bound, most likely from non-residential systems.

Souwrce; LBML Tracking the Sun data (full sample)
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Figure SEQ Figure \* ARABIC 8. System size by state over time, 2008 to 2018

MNote: Only observations with system size (W) in [0, 20000] and installed after 2007 included. System size
varics across states, cspecially im carly wvears with fewer installations. Californian svstems have a
systematically lower median system size than most other states,

Sowrce; LBNL Tracking the Sun data (full sample)
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Figure SEQ Figure '* ARABIC 9, Price per watt by state over time, 2008 to 2018 (w/o outliers)
Note: Only observations with price per watt in [0, 10] included,
Souwrce; LBNL Tracking the Sun data (full sample)
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A3. Estimation Data: Selection
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Figure SEQ Figure ' ARABIC 10, Density plot of price per wail (wio

outliers)

Nove: Only observations with price per waltl in [0, 10] included. Density curve
plotted with bandwidih % in blue, Median price shown by red solid line, (25
and .75 quantiles shown by red dotted lines, respectively.

Sorce, LBML Tracking the Sun data (full sample)
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Figure SEQ Figure ' ARABIC 11. Density plot of system size (w/o
outliers)

Wore: Only observations with system size (W) in [0, 20000] included. Density
curve plotted in blue., Median size shown by red solid ling, .25 and .75
quantiles shown by red dotted lines, respectively.

Soree! LBML Tracking the Sun data (full sample)
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Figure SEQ) Figure \* ARABIC 12, Polysilicon prices over time for four

data sets, 20010 to 2019

Sowrce: Bloomberg, for indices SSPSPSNC (China), SSPSFSNI (Non-China),
SSPFPSNO (Global), SOLRAPS (Insight)
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Figure SEQ Figure \* ARABIC 13, Pearson correlation of polysilicon
price data sets with PVinsights data

Source: Bloomberg, for indices SSPSPSMC (China), S5PSPSNI (Mon-China),
SSPFPSMNO (Overall), SOLRAPS (Insight)
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Figure SEC) Figure ARABIC 14, Median polysilicon prices for four
data sets

Blommberg, for indices SSPSPSNC ({ a), SSPSPSNI N
SSPFPSHO (Owverall), SOLRAPS (Ins I
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Figure SEQ) Figure \* ARABIC 15, Price per watt by tax rate

Regression line pletied in blue, fitted using generalised additive m
(GAM) smoother and displaying 95 confidence intery
Sonir BML Tracking the Sun data (estimation sample
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Figure SEQ Figure \* ARABIC 16. Correlation matrix of continuous variables

Note: Pairwise Pearson correlation coefficients are caleulated for relevant continuous variables, Some control
varighles as well as instrument data show high correlation, indicating that including all of them in the
regression might result in collingarity problems,

Sowrce; Own analysis, estimation sample
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Figure SEQ Figure \* ARABIC 17, Correlation matrix for continuous variables for California 2017
Note: Pairwise Pearson commelation coefficients are caleulated for relevant continuous variables, holding state
and wvear fixed., High correlation between some control vanables and instruments bcocomes cven more
apparent, indicating that including all of them in the regression might result in collinearty problems, Some
correlation coefficients are xero because there 15 no within-vear variation.

Source; Own analysis, estimation sample
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Data summary of estimation sample

class % mussmg % zero distinct observations

systemsizew numeric 0 0 12,031 501,394
priceperwatt numeric ] 0 281111 501.394
salestaxcost numeric 0 28.50 35421  501,3%
taxperwatt numeric 0 28.50 27,172 501,390
taxrate numenic ] 28.50 279,052 501.390
rebateorgrant numeric  7.86 5340 26904 462,001
rebategrantperwatt numeric  7.86 53.40 75477 462,001
performancebasedincentiveannualpayment numeric 111 98.60 1.581 495,840
performancebasedincentivesduration mteger  1.11 98.60 6 495,840
feedintari ffannualpayment numeric o 100 1 501,394
feedintan fiduration mteger ] 100.00 2 501.394
moduleefficiency oumenic 2340 0 1,380 384,229
polymsightprice numeric 0 0 334 501,394
polychinaprice numeric  83.90 0 145 80,758

polynonclinaprice oumeric 2160 0 305 393,244
polyoverallprice numeric  7.03 0 341 466,167
polyprice numeric 0 0 334 501,394
programs integer 0 0 20 501.304
hourlymeanwage nomeric  16.50 0 F 418.809
annualmeanwage numeric  16.50 0 75 418,809
households numeric 3570 0 8320 31254
population numeric 3570 0 10,896  322.524
agi numeric  35.70 0 23,483 322524
agihh numeric 3570 0 23678 32254
wWages numeric  35.70 1) 23424 322,524
wageshh numeric  35.70 0 23,658 322524
txi numeric 3570 0 23406 322524
txihh oumeric  35.70 0 23.656 322,524
incometax nomeric  35.70 1] 22029 322524
incometaxhh numeric 3570 0 23557 3125
clectricityprice nwmeric 0 0 149 501.394

Table SEQ) Table * ARABIC 3. Data summary of the estimation sample
Note: Some variables related to incentive programs, ¢.g., rebate, PBIL and feed-in tariff payments show a
large share of zero-valucs, As these most likely stem from incomplete data rather than true zeros, these

variables will probably be of little use for the estimations, The control variables exhibit over 35% of missing
values, which will cause a substantial reduction in observations vsed for the estimation,

Sowrce: Chwn analysis, cstimation sample
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A4. Estimation Data: Transformation

Figure SEQ) Figure ' ARABIC 18, Hegression plots of svstem size (W) against selected variables

I.."I. II Ch [ &1 SINE SCNETAIIECa O I-.I| VIE TTHECCE Ly -'-Il'\-l'||| ET. o | i g 3 confident

;Ui analysis, 50,000 observations randomly sampled without replacement from estimation sample

Figure SEQ) Fipure \* ARABIC 19. Hegression plots of svstem size (W) against selected variahles after
log=transformation

Regression lines fitted using generalised additive model (GAM) smoother, displaying .95 confidence

Souwrce: Own analysis, 530,000 chservations randomly sampled withowt replacement from estimation sample
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Figure SEQ Figure '™ ARABIC 20, Regression plots of price per watt against selected variables

Regression hines fitted using senerah=ed additive model {GAM) smoother, d '-|"':|'. mg 45 confidence

eV

irce; Crwn analysis, 50,000 observations randomly sampled without replacement from estimation sample

Figure SEAQ} Figure '™ ARARIC Z1. Regression plots of price per watt against selected variables after

log=transformation

Repression lines fitted using generalised additive model (GAM) smoother, displaying 95 confidence

Sagerce: Uhan ¢ . %, 50,000 observations 1 :||-.--||'|:-. 5 :||'|:|. d without re §||.|\. gment from estimation = :||'|:|.
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Figure SEQ Figure \* ARABIC 22, Density plots of relevant variables
Note: System Size (W), Price per Watt, Tax Rate, Tax per Watt, and
Rchate/Grant per Watt are right skewed, Module Efficiency is left skewed,
Souwrce; Chwn analysis, estimation sample

il
]

Figure SEQ) Figure \* ARABIC 23, Density plots of the log of relevant
variables

Mote: Taking the log relieves skewness in most of the varables,

Sewrce; Ovwn analysis, estimation sample

60



U.S. DEMAND ESTIMATION FOR SOLAR PHOTOVOLTAICS

AS. Estimation Data: Summary

Data summary of final sample
class % nussing % zero distinet observations

svstemsizew numenc 0 0 B.447 172,106
priceperwatt numernc 1] 001 103719 172,106
moduleefficiency numenc 0 0 956 172,106
newconstruction  factor 0 91.70 2 172,106
tracking factor ] 9930 2 172,106
grotidmonnted factor ] 96,60 2 172,106
moduletechnology  factor /] 0 3 172,106
mlpe factor 1] 0 3 172,106
installationyear  factor 0 0 8 172,106
stategroup factor 1] o 4 172,106
polyprice numenc /] o 298 172,106
taxrate OUMErnc ] 051 131655 172,106
households OIMEnc ] ] 3,496 172,106
agihh numenc 0 0 6,332 172,106

Table SEQ Table '\* ARABIC 4. Data summary of final sample
Sowrce; Onn analysis, final sample

Summary statistics of fimal sample

mean  median sd min max
systemsizew 6209355 SRA5.00 29R1.76 265.00 2000000
priceperwatt 4.32 410 1.28 1.0d) 10,040
moduleefliciency  0.18 017 0,02 0.06 0.23
polyprice 16.81 1524 B.24 12.65 E0.00
taxrate 0.04 0.04 0.01 0.00 0.18
households 18231.24 1799000 8514.05 100,00  49920.00
agihh 9236661 T4207.27 68125.12 22215.54 1718304.63

Tahle SEQ Table \* ARABIC 5. Summary statistics for numeric
variables of the final sample

Neove: Original data, not log-transformed

Sowrce: Own analysis, final sample

Unique factor values of final sample

valoes
newconstruction 0, 1
tracking 0,1

groundmounted 0, 1
moduletechnology Poly, Mono, Other

mlpe None, Microinverter. DCOptimizer
ingtallationyear 2000, 2001, 2012, 2013, 2014, 2015, 2016, 2017
stategroup AZ, CA, TX, Other

Table SELQ) Table \* ARARBIC 6. Unigue values for factor variables of
the final sample
Sowrce: Own analvsis, final sample
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Observations in final sample by Installation Year
Installation Year Installations Share of total (%)

| 2017 38,099 33.80
2 2016 64,376 37.40
3 2015 30,684 17.80
4 2014 4,158 242
5 2013 4,977 289
4] 2012 3981 2.3
7 2011 3,054 1.77
] 2010 am 1.61

Observations in final sample by State
State Group Installations  Share of total (%o)

1 CA 170,900 Q930
3 Oiher 721 0.42
3 ™= 326 019
4 A7 159 0,09

Observations in final sample by New Construction

New Construction  Installations  Share of total (%)

! 0 157,810 91.70
2 1 14,296 831

Observations in fnal sample by Tracking
Tracking Installations Share of total (%)

! 0 170,889 99,30
. I 1.217 0.71

Observiations in final sample by Ground-Mounting
CGiround-Mounted Installations Share of total (*s)

! 0 | 66,286 96.60
2 | 5,820 138

Observations in final sample by Module Technology
Module Technology Installations Share of total (%s)

1 Maono 126,015 73.20
2 Poly 42,854 2490
3 Other 3,237 1.88

Observations in final sample by MLPE
MLPE Installations Share of total (%)

| Migroinverter 77,171 44,80
2 Mone 47925 27.90
3 DCOptinizer 47,010 27.30

Tahle SEQ Table'* ARABIC 7. Distribution and
share of installations by factor variables in the final
sample
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A6. Regression Results

First Stage Estimation Resulis
Diependent Variable: Price per Wast
(1) 2 i3 (21 5 [ (7

Polysilicon Price s 0,059

(0002 ) 10002 )
Tax Rate L. e P

LO03) (0005 )
Tax per Watz 015"
[T RN
Rebane Grant per Wan oo™
{00002 )
Incentive Prograses s
[LECTEY]
Hourly Mean Installer Wage ooes™"
010

Comstant 1 5160% L&80™"* 1560 1890 1790 et

(L) 0005y {0003y (0023 (0002 ) (0LOLZ (001l
Year FE Yes Yes Yes Yes s Yes Yes
State FE Yes Yes Yes Yes Yes Yes Yes
Dbservations 500,308 50].390 500 30 AR R0 6200 501394 51,390
R 0270 0526 0269 0,106 0.281 0,269 0.527
Adusted B 0270 0526 0269 0. 106 0.281 0.269 0.527
Ressdual S1d. Error 0262 a211 0262 0.265 0.260 0262 0.211
F Statzsic L0255 0007 30,942 000" JO_2SE0007" 3,115,000 10,000.000°" 10,261 0007 29,411 000"
Note: “penng; “penol; T pen.onl

Table SEQ) Table \* ARABIC B. First stage resulis for simple linear regression of selected instruments
on Price per Watt

MNove: Individual OLS regressions of potential instruments to evaluate their predictive power. Tax rate shows
by far the highest coefficient of determmination (.526), the combination with polysilicon price improves it very
slightly.

Souree; Oram analysis, estimation sample
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St FIE Y Y e e e AL Ve
[ LR L TR Ty a2 01,394 S0, 390
» L AL LEE 1 EF. ] 1.9 212000 L [ RF
Aeyuied R i [ 151 8190 NE ] -212000 24RO ol
Rl 5ad Ermor e " L& L T EE LY 04T
Nike “peand; Tt " peotii)

Tahle SEQ Table '* ARABIC 9. 1V regression results for simple linear regression of selected
instruments on Svstem Size

MNote: Individiial TSLS regressions using potential instruments. The best results in terms of R* and low
residual standard error provide the regressions using tax rate as well as tax rate and polysilicon price as
Insiruments,

Soprce: Own analysis, estimation sample
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First Stage Estimation Results
Diependent Varable: Price per Wail
LY (2] (3) 4 (%) {6}
Polysibeon Price [T 1 T o004 o 0" <0000 S0.0047
{0.006) {0.001) {0,001 {0,001} {0.0013 {0.0004)
Tax Rate «1260""" -1.260™" «1.260™" -1.260™" 1260
{0.001) {0.001) {0.001) (0,001 (0001
Tax per Watt 6 650"
(0. 148)
Rebate Crant per Watt 0078 007" @01
{0,005} (0.005) (0.001)
Honrly Mean Installer Waze 01,044
(0L0EE)
Incentive Programs 0.013
(0.033)
Module Efficwency 02547 D00E™ 0015 D021 0,021 0,025
0.012) {0.002) {0,001 {0.001) {0,001 (0001
Dummy: New Comstroction 01417 -0.006" 0006 004" -0.048™" 000
{0.003) {00008 {0.000%) {0.003) (0,003 {00005
Drumumy- Tracking 0.023" 000s"" st oons™*" 0o0sT" 003"
0.010) {0.001) {0.001) {0,001} {0,001 (0001
Dhamumy- Groumsd-nsounted 000G Fil) Filo . 0001 -0,001 o001
{0.004) {0.0004) {0.0004) {0.0004) {0,0004) {0,0002)
Doy Premves Module 047" 002" 02" 0002 o2
{002 iiaia0g) {00003 {0.0001) {00002
Muwhule Techoobogy: Mosa 0 68" T oo™ [i111) 0.001"" o,0003"
0.003) {0 D {00002) {00002 {0,0002) {00001
Module Techmology: Other 0,131 o) (0l 20,0002 <00, 02 o) (02 <4001
{0.004) {0801} {001 {0,001} {0,001 (10,0003}
MLPE: DC Optimizer 0033" 000" =0.001 ™ 0,001 """ =0,001 ™ 0,001
{0.003) {00001 {00001 ) {00001 ) {0,0081) (10,0001 )
MLPE: Naone 0034 oo™ LT ouooy*** o001 """ 002"
{0.003) {0.0002) {0,0002) {0.0003) {0,0002) {0,0001 )
Electisary Puce 114"
(0.326)
Househalids anl ™ o.o0]*** a0l ouoog*** o001 o000
(0001 ) {0000 ) {00001 ) {00001 ) {00001} {0,0001)
AU Houghold 0024 o0 002" 0,003 0,001 *** o.o0a" "
{0001 ) {00001 ) (10,0001} {0,002} {0,0001) {0,001 )
Wagds Houahald 004" 0.004™"
{0.001) {0,0008)
Tanable lscomss Hosmateold 0013 008"
{0.002) (0,001 ]
losonns Tax Housbold 0,006 0.008"*
{0,001} (0,001 )
Fa— T 4640 T 4640 i830™" ENT
{0.579) {0.008) (0.004) {0,008) (0.007) (0.114)
Year FE Yen Vs You Yea Yeu Yan
Suate FE b Vs You Yes You Yan
Db st 175108 175104 172108 172,008 172,008 188,478
-4 0188 0993 0,001 0,993 0,001 0,007
Adjusted R 0188 0992 0.007 0992 0.002 0.007
Resichal St Ervor o368 0028 0,026 0028 .02 (T
F Statistic 1707000 050,404 000" 072478000 BAZ040. 000" 048.041.000""" 2,147,071 000"
Note: 008y M po M pe0, 001

Table SEQ) Table\* ARABIC 10, First stage regression results for the final model specification and
different robustness checks

Note: First stage OLS regression results of instruments and explanatory variables on price per watt, using
five different sets of instruments and four different sets of regressors. The combination of model (3) is
selected for the final model as it shows the highest R* {.992) and lowest standard errors while there isno 64
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Tahle SEQ Table '* ARABIC 11. First stage results of robustness checks for the final model against
alternative specifications

Note: First stage OLS regression results of instruments and explanatory variables on price per watt, The final
model as bascline estimation compared to alternative specifications including a second-degree polynomial in
the Tirst stage, interaction of the fixed effects, quarterly time fixed effects, and no fixed efMects. All use the
same instruments polvsilicon price and tax rate for price per walt.

Sowree: Own analysis, estimation sample
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Figure SEQ Figure \* ARABIC 24, Year
fixed effects of fimal model
Nove: Effects are provided relative tw the
baseline vear 2010, They caplure changes over
time that are common for all states.
Source: Own analvsis, final sample
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Figure SEQ} Figure v ARABIC 15, State
fixed effects of final model

Newe: Effects are provided relative 1o the
baszeline  state Califomia, They capiure
ditferences across states that are comstant over
trme.

Seprce: Own analysis, final sample
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Figure SEQ Figure \* ARABIC 26, Quarterly fixed effects of alternative specification

Note: Effects are provided relative to the baseline quarter Q1 in 2010, They capture changes over time that are
commeon for all states,

Sowrce; Own analysis, final sample

66



U.S. DEMAND ESTIMATION FOR SOLAR PHOTOVOLTAICS

Median installed price per watt and tax rate by state
State  Median price per watt  Median tax rate

I AF 631 .00
2 TX 4,94 .06
3 Other 4.71 .00

4 CA 4.00 .04

Table SEQ Table '* ARABIC 12, Median price per watt
and corresponding median tax rate by state
Sowrce; Orwn analysis, estimation sample
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Income groups: Instrumental Variable Estimation Results

Dependent Vanable: System Size (W)
Iv: TV: v: IV
Low income  Low/Medium income Medium/High income  High income
(1) (2) (3 (4)
Price per Watt 0521 0455 03277 -0.195""
(0.011) (0.006) (0.016) (0.071)
Module Efficiency 0.022 0.222*** 0.744"** 0.776"""
(0.026) (0.013) (0.035) (0.157)
Dummy: Tracking O.082" 0,003 0,047 0519
(0.035) (0.016) (0.051) {0.110)
MLPE: DC Optimizer o.081""" 0.096""" 0.159""" 0.088"
(0.005) (0.003) (0.008) (0.036)
MLPE: None -0.059""" -0.103""* 0.046""" 0.118"
(0.006) (0003 ) (0.00%) (0.046)
Households -0.070""" -0076""" -0.125"" -0,088"
(0.003) (0.002) (0.006) (0.044)
AGL'Household 0.364""" -0.031""" 0.190""" -0.173"*
(0.014) (0.004) (0.013) (0.063)
Constant 6.260""" 9.970"" 6.040""" 10.400"""
(0.167T) (0L060) (0.195) i1.150)
Year FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Polvaaheon Pnce,  Polysalicon Price, Polyvsibcon Price,  Polysailicon Price,
Ins Tax Rate Tax Rate Tax Rate Tax Rate
Observations 46,552 151,378 16,949 745
R! 0.143 0.10] 0111 0.112
Adjusted R 0.143 0.101 0.110 0,054

Residual Std. Error 0478 (df = 46333) 0479 (dl = 151359) 0451 (df = 16930) 0.43] (df = 729)

Note. *pe0.035; p<0.01; " p<0.001
Table SEQ) Tabhle \* ARABIC 14, 1V regression results for four different income groups

MNote; Observations arc grouped by adjusted gross income per houschold (AGLHouschold). Equal intervals in
thousands of USD are (1) low: (16.5,442], (2) low/medivm: (442.867], (3) medivmhigh: (867,1.29¢+03],
() high: (1.29+03,1.72e+03],

Sowrce; Onn analysis, estimation sample
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Population density groups: Instrumental Variable Estimation Results
Dependent Variable: System Size (W)

v w: v
Low population density  Medium population density  High population density
(1) (2) i3
Price per Watt 0473 443" 0338
(0.072) {0L018) {0,005)
Module Efficiency 0577 0417 0227
(0.13%5) (0.043) {0.013)
Dummy: Tracking 0.141 0,040 0085
(0.098) (0.055) (0.014)
Dummy: Ground-mounted 0284 0.341"" 0.450"""
(0.027) {0.011) {0,007}
MLPE: DC Optimirer 0.051 0.084""" 0.084"""
(0.030) (0.009) {0,003)
MLPE: None 0011 0026 0,156
(0.032) (0.010) (0.003)
Households 0.043 0058 080"
(0.029) (0.007) (0.003)
AGL Household 0134 0.100""" 043"
(0.031) (0.006) (0,003}
Constant 6.338""° 7.502""" 9.079"""
{0.486) i0.137) {0,053}
Year FE Yes Yes Yes
State FE Yes Yes Yes
Instruments Polyvsilicon Price, Tax Rate Polvsilicon Price, Tax Rate Polysilicon Price, Tax Rate
Observations 1.182 14,185 158,243
Rl 0.17% 0.157 0,131
Adjusted R? 0.166 0.156 0131
Residual Std. Ermmor 0.426 (df = 1164) 0.452 (df = 14165) 0.466 (df = 158223)
Note: “p<0.08; “*p<0.01; ***p<0.001

Table SEQ Table '* ARABIC 15, IV regression results for three different groups of population density
Note:, Observations are growped by the number of houscholds. Equal intervals in thousands are (1) low:
(009,108,107, (2) medium: (18.1,36.2], (3) high: (36.2,54.3].

Sowrce; Own analysis, estimation sample
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State groups: Instrumental Variable Estimation Results
Dependent Vanable: System Size (W)

IV: Iv: IV:
California Arizona Texas
() (2) (3)
Price per Wait 0443 -1.270 048"
(0.004) (0.726) (0.021)
Module Efficiency 0407 0,081 1520
(0.012) (0.087) (0.054)
Dummy: Mew Construction -0889""" 0729
(0.005) (0.024)
Dummy: Tracking 0.0
(0.014)
Dummy: Ground-mounted 0372
(0.006)
Maodule Technology: Mono 0.049"" -0.027 0,169
(0.003) (0.079) {0011}
Maodule Technology: Other 0.091"** 0.008 0321"*"
{0.007) {0.185) (0.032)
MLPE: DC Optimizer 0.053"" 0.189""*
(0.002) {(0.011)
MLPE: None 0018 0,184
(0.003) (0.018)
Households 00437 0.042° 0,048
(0.002) (0.018) (0.008)
AGUHousehold 0.061""" 0.086" 0,147"""
(0.002) (0.036) (0.011)
(‘M smil! glﬂnitt 4.'}3“#04
(0.043) (1.800) {0,220}
Year FE Yes Yes Yes
State FE Mo Mo Mo
I Polysilicon Price,  Polysilicon Price, Polysilicon Price,
Tax Rate Tax Rate Tax Rate
Observations 170,900 3,722 9,167
R 0.332 0500 0,285
Adjusted R? 0.332 0.498 0,284
Residual S1d. Error 0,409 (df - 170881 ) 0.358 (df - 3708} 0.400 (df - 9151)
Note: 08 T pen.01; " pe0.001

Table SEC) Table \* ARABIC 16. I'V regression results by state

MNote: For Arizona and Texas, some explanatory factor vanables did mot provide any
varation, such that they were excluded from the estimation for the respective
subsamples.

Source; Owm analysis, estimation sample
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A7. Model Evaluation

Diagnostic tests

dfl  df2  statistic p-value

Weak instruments 2 172,083 8,855,961 <0.001
Wu-Hausman 1 172,083 1,929 <=0.00]
Sargan 1 0.510 0.475

Instruments: Polvsilicon Price, Troe Rate

Table SEQ Table '* ARABIC 17, Diagnostic test results for final model

Wit Test on instrument relevance (Weak instruments), exogeneity of regressors (Wuo-Hausman), and

exogeneity of instruments (Sargan), including the test statistics and p-values. The instrum used are nol
weak and the regressors are endogenous while there is no evidence to assume endogeneity in the instruments
Source: Ohwn analysis, final sample

il Fa
1 I
l 1
i i J
Figure S5EQ Figure \* ARABIC 27, Test of QLS assumptions for the first staze of the final model
Nl Plots  to evaluate ||||a.'.|'|':- 1581 :'\-I on  (observed n edicted Vales) 1.0 Ass |"|::|:'||

homoskedasticity {residuals vs. predicted va
n the first stage

Source O analvsis, final sample

wes ), and normality assumplion (sample vs. theoretical quantiles)

Figure SEQ) Fipure \* ARABIC 28, Test of OLS assumptions for the second stage of the final model
N Plots  to evaluate linearity  assumption {(observed wvs. predicted  wvalues) 1.4 ASSUITIPELOT
homoskedasticity (fesiduals vs. predicted values), and normality assumplion (sample va. theoretical quantiles)
n the second stage,

Souwrce: Own analysis, final sampls
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Variable overview from combined estimation data set

Name Abbreviation Description Data source
System size (W) systemsizew The total rated direct-current (DC) output of the module arrays at standard test LNBL
conditions.
Price per watt priceperwatt The installed price per watt installed, prior to receipt of any incentives. LNBL
Installation date installationdate The day the system was installed. For some data providers, the installation date may be =~ LNBL
based on the best available proxy, such as the date that an incentive claim was
submitted or when the inspection was performed.
Installation year installationyear The year of installation, extracted from the installation date. LNBL
Installation week installationweek The week of installation, extracted from the installation date. LNBL
State stategroup The U.S. state the system is installed in. Rare states with less than 20,001 observations =~ LNBL
were grouped to ‘other’ states.
Zip code Zip The 5-digit zip code the system is installed in. LNBL
Sales tax cost salestaxcost The calculated cost of sales taxes. This is estimated based on average sales tax rates for =~ LNBL
the given state and year, accounting for any sales tax exemptions that may exist for PV
systems. Sales taxes, if applicable, are assumed to be levied only on hardware costs,
which are assumed to represent 55% of the total installed price.
Tax per watt taxperwatt The sales tax cost per watt. LNBL
Tax rate taxrate The sales tax rate applied on the installed price. LNBL
Rebate or grant rebateorgrant The pre-tax value of any up-front rebate or grant provided by the entity supplying the LNBL
data.
Rebate or grant per watt rebateorgrantperwatt The rebate or grant provided per watt. LNBL
New construction newconstruction Indicates if the system was installed at the time of building construction. LNBL
Tracking tracking Indicates if the system includes tracking equipment. LNBL
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Name Abbreviation Description Data source
Ground-mounted groundmounted Indicates if the system is ground-mounted (which may include pole-mounted systems). = LNBL

PV systems consisting of a combination of rooftop and ground-mounted arrays are

coded as ground-mounted.
Module efficiency moduleefficiency Identifies the energy conversion efficiency of the modules. LNBL
Premium module premiummodule Indicates if the system has a premium module (efficiency of at least 20%). LNBL
Module technology moduletechnology Identifies the module technology type. LNBL
MLPE mlpe Identifies the MLPE type. LNBL
Electricity price electricityprice The average electricity price for end customers by state and year. EIA
Polysilicon price polyprice The weekly polysilicon spot prices. Bloomberg
Programs programs The number of incentive programs by state and year. DSIRE
Hourly mean wage hourlymeanwage The hourly mean wage for solar PV installers in the U.S. by year. BLS
Annual mean wage annualmeanwage The annual mean wage for solar PV installers in the U.S. by year. BLS
Households households The number of households, approximated by the number of returns. IRS
Population population The population, approximated by the number of personal exemptions. IRS
AGI per household agihh The adjusted gross income per household by zip code and year. IRS
Wages per household wageshh The wages and salaries per household by zip code and year. IRS
Taxable income per txihh The taxable income per household by zip code and year. IRS
household
Income tax per household incometaxhh The income tax paid per household by zip code and year. IRS

Table 18. Overview of variables used in or considered for the estimation
Note: This is not an exhaustive overview of the variables contained in the data set and investigated in the study, but a selection of the most relevant ones. Some variables were calculated or derived from the

original data sets.
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B1. Discussion of IV model assumptions
(1) In every linear regression, the number one assumption is that the
conditional distribution of the error term given the exogenous regressors has a

mean of zero (E (ui|Wi) = 0), 1.e., error terms and the exogenous regressors are

uncorrelated (Stock & Watson, 2020). This assumption is key as it makes the
estimators unbiased. Omitted variables can cause the assumption to be violated. If
there are further unobserved factors that influence the PV demand and that are
simultaneously correlated with the regressors included in the model, then
estimation results will be wrong in case these missing variables cannot be
included in the model. As some data are not available or unobservable, this will be
a relevant issue to be discussed in more detail.

(2) The second assumption for a valid IV estimation is that all variables are
independent and identically distributed (i. i. d.), i.e., all observation samples (Y, X,
W, Z) must be i. i. d. draws from their joint distribution (Stock & Watson, 2020).
This assumption holds if the data are collected as random samples from a
representative pool of observations. In many real-life applications this assumption
is violated due to limited representativeness or time-series relationships. It shows
that the way of collecting data is crucial. In this study, data used for estimation
were reported mainly by incentive administrators in 30 states (Barbose &
Darghouth, 2019). The representativeness is questionable as there might be a
selection bias towards systems eligible for incentive payments, although this holds
true for most. Furthermore, many observations stem from rather high-cost
locations. That implies that the estimated effects might be valid for a reasonable
subset of the installations rather than all installations in the U.S. This needs to be
kept in mind for the interpretation and generalisability of the results.

(3) The third assumption is that there are no extreme outliers in the data,
implying that the fourth moments measuring the kurtosis, i.e., the tail of the
distribution, are finite. Luckily, the data at hand has been cleaned and
pre-processed and obvious outliers have been removed”’, wherefore one can
assume this assumption to hold.

(4) The last and probably most important requirement is that all instruments
are valid. This means that all instruments must be both relevant (not weak) and

exogenous (not correlated to the error term), as already outlined in 3.2.2 above

27 See section 3.4.1.2 for details on data selection.

75



U.S. DEMAND ESTIMATION FOR SOLAR PHOTOVOLTAICS

(Stock & Watson, 2020). If this is not the case, the resulting estimates might be
biased much more than with an OLS estimation (Angrist & Krueger, 2001).
Fortunately, there are ways to test relevance and exogeneity, at least for
overidentified IV regressions. One solution to the problem of weak instruments is
to estimate the reduced form equation, i.e., conducting an OLS regression of the
dependent variable Y directly on the instruments Z and the exogenous variables W
(Angrist & Pischke, 2008). The resulting estimates are unbiased and proportional
to the coefficients of interest which can be inferred by rescaling (Angrist &
Krueger, 2001). Further, the relevance condition includes that there is no perfect
multicollinearity between regressors. In practice, regressors are often partly
correlated, e.g., module type and module efficiency might be related in this data
set. However, the estimations are still valid as long as the collinearity is not
perfect. Multicollinearity will be investigated by computing pairwise correlations

as well as the variance inflation factor®® (VIF) (James et al., 2013).

8 “The VIF is the ratio of the variance of j when fitting the full model divided by the
variance of j if fit on its own.” The smallest possible value indicating absence of multicollinearity
is 1, a VIF value exceeding 5 or 10 shows a collinearity problem (p. 101, James et al. (2013)).
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B2. Data Processing

Firstly, I convert all data types into the correct format for estimation and
change system size from kilowatts to watts. To improve the estimation quality, I
also generate more predictors from the given data. Most importantly, I create
per-watt-values for installed price, rebate or grant and sale tax. Furthermore, |
calculate the tax rate applied by dividing the total sales tax paid by 55% of the
installed price as it is assumed that sales taxes are levied only on the hardware
costs of the installation. I also remove the four-digit zip code extension given for
some observations to obtain five-digit zip codes for every installation.
Additionally, I add the installation year, month, and week as variables to the data
set, while making sure that one year only has 52 distinct weeks.

Additionally, I group systems by the state they are installed in, selecting all
states with more than 20,000 installations and grouping the rest into ‘other’ states
(7.8% of the estimation sample). Likewise, I cluster observations by customer
segment into residential, small non-residential, and large non-residential and I
group module technology into polysilicon, monocrystalline silicon, and other
technologies to obtain a significant number of observations per category. For
some installations, up to three different modules are listed in the original data set.
However, for the second and third module, less than 4% and 1% of all
observations, respectively, show data on module technology. Therefore, the
second and third module values on technology, efficiency, etc. are only considered
if information for the preceding first or second is not available. Thereby, I merge
the information on module technology, efficiency, and use of microinverter for all
modules belonging to one installation.

Subsequently, I add dummies to indicate a premium module with efficiency
no less than 20% (about 8% of the full sample and in line with Barbose and
Darghouth (2019)), the presence of MLPE, and an indicator for whether the
observation meets the criteria to be included in the price sample or not. Finally, I
factor all non-numeric variables, mapping them to integer values to be able to use
them for subsequent estimations.

It needs to be kept in mind that several observations exhibit missing data for
one or more of the relevant variables. I do not impute missing data or outliers
which is more common in machine learning, as there is substantial uncertainty
about most of the missing values. However, simply discarding observations with

missing predictor values can likewise lead to biased estimates, especially if
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installations with missing values differ systematically from the completely
observed cases or if there are only very few complete observations in the sample,
significantly reducing the data finally used for estimation (Gelman & Hill, 2006).
This could be relevant in this estimation as missing data are often related to the
phase down of incentive programs which have primarily been used for data
collection (Barbose & Darghouth, 2019).

The above represents a brief summary of the most relevant data processing
steps. For more details, please refer to the corresponding code provided in the R

Markdown file.
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B3. Data Transformation

After left joining all additional data sources to the estimation sample
constructed from the TTS data set, the whole sample needs to be transformed in
order to enable the estimation of elasticities. First, I convert tax rate and module
efficiency values to percentages. Subsequently, to specify a log-log model, I
log-transform all continuous variables. For those which exhibit zero values, I add
one to the data in order to still map zero values to zero after taking the log, as
log(1) equals 0 (Benoit, 2011).

Standardisation and normalisation of variables is reasonable in case the
model requires comparable scales. However, this is not the case for linear
algorithms, wherefore I refrain from any such transformations in order to maintain
high interpretability of the estimation results. The resulting pooled cross-sectional
data set is well-suited for studying dynamics of change and transition behaviour
like the adaption of a new technology (Baltagi, 2008; Dielman, 1983).
Unfortunately, as for some states and years, there are substantially more data

points available, the panel is notably unbalanced.
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