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ABSTRACT

Emmanouil V. Vergis: EMPIRICAL ESSAYS ON RENEWABLE ENERGY
ADOPTION

(Under the direction of Associate Prof. Margarita Genius)

This Ph.D. thesis empirically analyzes the factors that act as facilitators or impediments
of Renewable Energy adoption by economic agents. Within three interrelated chapters,
this thesis focuses on the adoption process of micro and large-scale Renewable Energy
Technologies (RETS).

The first chapter improves the understanding of the on-grid renewable energy micro-
generation technology innovation borrowing elements from the Diffusion of
Innovations Theory and empirically analyzes its adoption process by using data from
households in Crete, Greece. The results shed light on preference heterogeneity for
micro-generation technologies and lead to useful implications for policy-making and
market development. The second chapter provides a comparative analysis of the
performance of parametric and nonparametric methodologies for predicting the choice
of micro-generation technologies based on renewable energy from stated preference
data. Chapters 1 and 2 use a novel dataset from survey data of Cretan homeowners.
The third chapter explores the main factors affecting the propagation of large-scale
RETSs investments focusing on supporting policy mechanisms and on the institutional
factor of government corruption. The data used in the third chapter are panel data for
48 countries, and they come from environmental statistics and accounts and self-
gathered data on country-based policy mechanisms. Their analysis provides useful
implications for large-scale RETs policy-making and further explains their adoption

process.

Keywords: Renewable Energy, Stated preference, Choice Modelling, Structural
Equation Model, Willingness-to-pay, Machine Learning, Nonparametric, Panel Data,

Endogeneity



INEPIAHYH

Eppovouit B. Bépync: EMITEIPIKES EKOEXEIT I'IA THN YIO®ETHEH
ANANEQSIMON ITHTON ENEPTEIAY

(Yno v xabodnynon e Avamh. Kaf. Margarita Genius)

H napodoa didaktopikr) dSatpiPn £xel g AVTIKEILEVO TNV HEAETT TOV TAPAYOVIWOV TOV
UTTOPOLV VO SIEVKOAVVOLV 1 VO OOTPEYOLY TNV VI0BEToN TV Avavedoipwy [Inydv
Evépyeiag (AIIE). Zvykekpyéva, pECHO TPLOV OAANAEEAPTOUEVOV KEQOAOI®V,
peAetdiet epmepucd v odtkacio vioBEtong teyvoroyidv AlIE ce eminedo pikpng

oA Ko evpeiag KAMPOKOS £YKATAGTAOTG.

To npdTO KEPOAOIO PEATIOVEL TV KOATOVONOT] TOV SOCLVOEIEUEVOV TEXVOLOYIDV
TOPAYMYNG MAEKTPIKNG EVEPYELNG KPNG KAMpakog (pkpo-tapaywyng) pe AIIE
YPNOUOTTOIDVTOC oToryEia amd v Bewpia g Audyvong g Kawvotopiag (Diffusion
of Innovation Theory - DIT), evd mapdrinio avolver gumelpikd v dadikacio
ddyvuong TOovG, YPNOWOTOIOVTAG dedopéva dednAmpévay mpotiuioemy  (Stated
Preference) vowokvpiov g Kpntng. To oamotedéopata avadelkviouy GNUOVTIKA
OTOLEID TTOL APOPOVV TNV ETEPOYEVELD TOV TPOTIUGEMVY YOl TIG €V AOY® TEYVOAOYIES
K0l 001 YOV G€ YPY|CLUO COUTEPAGUATO Y10l TV LEALOVTIKY] XAPOEN TOAITIKNG KO TNV
avAmTLEN TG AYOPAG. XTO SEVTEPO KEPAANLO OEVEPYEITE Ol CLYKPLTIKY LEAETN TNG
OTOO00NG TOPAUETPIKAOV OALL KOt U1 TOPOUETPIKAOV HeBddmV mpog v KoTevhuvon
TpOPAEYNC Kol epunvelag NG amOPOCNS TOV VOIKOKLPI®OV Y. TNV viofétnon
teXvoroyLOV puKkpO-tapaywyns AITE, ypnoyonoldvag to 0edopéva Tov GLAAEXONKaY

070 TAOIG10 TNG £pEVVaG TOL KepaAaiov 1.

To tpito kePGAOO PHEAETA TOVG TAPAYOVTES EKEIVOVG TTOV ETNPEALOVY TNV SLAYVOT) TOV
TEYVOLOYIOV LEYAANG KAIpoKOG mov mapdyovv nAektpikn evépyswo pécw AllE,
dtvovtog wiaitepn Papdtnta oto dpeso PETPA TOATIKNG VTOGTHPIENG TOV, KOOMG Kot
otov Beopkd mapdyovra g dtaebopdg mov opilel To TAaic0 dpacTnplomoinong Kot

OAANAETIO PO G TV OIKOVOUIKAOV QOPE®V. ME TNV XpNon S10CTPOUATIKOV dEGOUEVDV



(panel data) ywa 48 yopeg yioo ta £t 2005-2012, mpayuatonoleitor avdivon tomv
Baocwmv mapayoviov mov emmpedlovv TIC EMEVOVCEIS O VEEG EYKOTOOTACELG
avepoyevvntpudv. H avédivon tov ototyeiov autdv, 0dnyel o€ xproLLo GOUTEPAGLOTO

YL TV xépoén moMTIKNG Kot EmmAEov eEnyel v dtadikacio vioBETNoNG TOVG.

AéEerg Kihewna: Avaveooweg IInyég Evépyswog, Aeoniopéveg ITlpotiunoetg,
Yrooetypo Emioyng Kotavaiwty, Moviéha Aomkov E&iodoeswv, Tlpobupia
[TAnpoung, Nonpooivn tov Mnyavav, Mn Hopapetpucéc MéBodot, AlaotpopotiKd

Aedopéva, Evdoyéveln



ACKNOWLEDGEMENTS

| would like to express my sincere gratitude to my Research Supervisor, Margarita
Genius, for her invaluable guidance, dedication, and patience over the years. | am
grateful for the amount of time she has taken to advise and support me. I have learned

a tremendous amount from my conversations with her, and I consider her my mentor.

| am also very thankful to my other dissertation committee members: Vangelis
Tzouvelekas, for his constant support and help over the years in shaping the direction
of my research. Elisabetta Strazzera, for her support in evaluating the results of this

research.

| also acknowledge the financial support from the Special Account and Research of the
University of Crete, project KA 3467, with contract «A/A: 15325, during my studies.

| especially thank Costas Smaragdakis, Kostis Pigounakis, and Michael Taroudakis,

who have helped me in different ways over the years to accomplish this research.

| am indebted to my parents, my brother, for their constant support, and especially my

mother for being a constant motivation in all my endeavors.

Last but not least, | want to thank my wife and life partner, Eleftheria, for her constant
support and encouragement over these years. | also want to thank my wonderful
daughters, Aliki and Polyxeni, for being my motivation in accomplishing this research

work. | dedicate this research to all three of them.

Vi



TABLE OF CONTENTS

LIST OF TABLES ... oo nre e X
LIST OF FIGURES ..ottt Xi
LIST OF ABBREVIATIONS ..o Xii
EKTETAMENH TTEPIAHWH .....oooviiiiiieie e 13

Kepdhato 1: MeLétn TG €TEPOYEVELNG TOV TPOTIUNGEDV TOV VOIKOKLPL®V TG Kpitne ya
Vv vIoBETNON TEXVOLOYIDV HIKPO-TTopaymYNG omd Avavedoiueg Inyéc Evépyelog.......... 13
Kepdhato 2: Zuykpttikn HEAETN EQUPLOYNG TAPOUETPIKADV KOL LT TUPUUETPIKDV
uebodoroylmv yio TNV epunveia kot TpOPAEYN TV ETAOYDV Y10 TEYVOLOYIEC UIKPO-

Tapay®YNG AvOvEDGIU®V IINYOV EVEPYELOG .ciiviiiiiiieieieieeiee ettt 16
Kepdrato 3: AtapBopd kot emiddtnon Tiung: Mia S10QpopeTIKT OTTTIKT TNV didyvon
TEYVOLOYIOV TOPOYDYNG NAEKTPIOUOV atd Avave®OIUEG TTNYEC EVEPYELOS «.vvvvuvernveeneennen. 20
INTRODUGCTION ...ttt sttt sttt et et e e sbe e sbe e s b e s nbeebeenbeenbeas 24
CHAPTER 1: MODELLING HETEROGENEITY OF CONSUMER PREFERENCES FOR
MICROGENERATION RENEWABLE ENERGY TECHNOLOGIES............ccccooviviennnn 27
Lo INEFOTUCTION ..ttt 27
2. Willingness to pay for renewable energy and household heterogeneity: a literature
TEVIBW ...ttt b et b et b et bbb 30
3. Overview of the Greek micro-RETS Market..........c.cccvevireiineineniincenecneeneeee 32
4. Diffusion of Innovation Theory LIterature.........ccooeeeeeeeeeeerieeecie e 35
4.1, Definitions and ElemMENTS .........cceoireirieirieiinieieeeee ettt 35
4.2.  The innovation of on-grid micro-generation RETS..........ccccceivieieviieecececeenn, 36
4.2.1.  Innovation CharaCteriStiCs.........cocuevireriniininenieiceeeeee s 37
422, Time OF Q0OPLION .o.eeeeiieeciee et 42
5. Methodology and Data .........ccceecveirieeeriiiieiecie ettt st be e e 43
5.1, SUIVEY QUESTIONNAITE .....ecueerieeieeecieceecte ettt ettt te b be s teeae e besreenne s 43
5.1.1.  Choice Experiment methodology ........cccoveveviiieceieeeececeeeceee e 43
5.1.2. Pilot testing and Attributes SeleCtion ...........ccovveceviveeceneeeeeeee e, 45
5.1.3. EXPerimental DESIQN .....ecvevieeieieceeeeste ettt 47
5.2. Final Administration and Data DesCription...........cceccerereerienienceseneeeese e 49
5.2.1 Final AdMINISIratioN.......c..coveiririrereseeeeee e 49
5.2.2. Data DESCIIPLION .....cccviieieieiieeee ettt s ae st ere e 49
5.3, ECONOMELIC MOEIS......cociiiiiiiiiiiiieieieeec e 55

vii



5.3.1. Random Utility Theory (RUT) ....ooueeiieeeeeeeeee e 55

5.3.2.  The Multinomial Logit Model...........cccooeririiiiiiiieeeeeeee 56
5.3.3. Mixed LOgit MOGEL.........cooouiieeeeeeeeeeeee e 57
5.3.4. Integrated Choice Latent Variable (ICLV) Model ...........cceveivevereneennnns 59

6. Model specification and estimation reSUItS ............ccoereveiieririinineneneeeeeeee 61
6.1.  Structural and Utility Models EQUatIONS ..........ccccoeieiieininerenerceeeeeeee 63
6.1.1.  Specification of the utilities in Multinomial and Mixed Logit model......... 64
6.1.2.  Specification of the utilities for the ICLV model .........cccceeevevveveirinnenene. 65
6.1.3.  Specification of the Measurement and Structural Equation Models ........... 66

6.2.  Utility and Structural Models Estimation ReSUILS ..........ccevevererenenenieieinene, 67
6.3.  Willingness to Pay for micro-generation RETS......ccccceveinininencneneeeeneen 72
6.3.1.  Willingness to Pay eStimation ...........cccevveeevinieieenieeece e 72
6.3.2.  WIillingness t0 Pay rESUILS ........ceceireecieieeeeeeteetece e 73

7. DiscusSion @and CONCIUSIONS .....c.euerueuirieuirieiirieierieeriet ettt 75
8. RETEIBICES ...ttt b bt 78

CHAPTER 2: A COMPARATIVE STUDY OF PARAMETRIC AND NON-PARAMETRIC
METHODOLOGIES FOR MODELLING CHOICE OF RENEWABLE ENERGY

MICROGENERATION TECHNOLOGIES ........ccco ot 84
Lo INEFOTUCTION ..ottt 84
2. Review of related HEErature ........coooeveeieieieieeseseseee e 86
K T Y/ 14 To o (o] [0 )Y AT 90

3.1.  Modeling choice through nonparametric Random Forest ...........cccccovevveveeveennene. 90
3.1.1. SINGIE AECISION trEE.....cuviteeeiecieeteetecte ettt st b e s be b enae s 90
3.1.2. Random Forest MOdeling ........ooeieeieieieeeceeeece e 92
3.1.3. Interpretation of RANAOM FOIESES.......ccvevieierireeeseeeec e 93

3.2. Modeling choice through nonparametric Kernel EStimator ...........c.ccccecevvrennene. 94

3.2.1. Kernel conditional probability estimator for a multinomial choice model.. 94

3.2.2. Bandwidth parameter SEIECHION ........c.ccveveeeiiiieeeeceeee e 96

3.3.  Modeling choice through Parametric Logit Models..........ccceovreeveieeeececreennene, 97
3.3.1.  The simple Multinomial and the Mixed Logit models.........c.ccccceevvrrurennne 97

4. Data for Empirical COMPAriSON.......ccceeitieeeieriieeerieseeste e ereste e eee e eae st sseesesreeneenns 99
5. Comparison of the Performance of Different Methods...........cccovvirieiinieienencene 102
5.1, PrediCtiVe QCCUIACY .....cceeoierieeeeieeteetesie ettt ettt e st et ee e e e e saeeneenees 103
5.2.  Model interpretability: @ COMPAISON ........ccveeevierieierieseee et 105
5.2.1. Parametric 10git MOUEIS........ocveviirieeeeeece e 105
5.2.2. Nonparametric 10git MOdElS .........cccecveveeiericieeee e 109

viii



5.2.3. MOAEIS COMPATISON ..ottt 112

6. Discussion and CONCIUSIONS.........cceeeierereeierieiere ettt aeseesneenee s 118

7. RETEIEICES ..ottt ettt st st b ettt ne e 121

F N o] 1= 0L USRS 125
CHAPTER 3: FEED-IN-TARIFFS AND GOVERNMENT CORRUPTION: ANOTHER

LOOK AT THE DIFFUSION OF RENEWABLE ENERGY TECHNOLOGIES............... 130

Lo INEPOTUCTION .ottt sttt st st sa ettt ebeenes 130

2. Diffusion of Renewable Energy TeChnolOGIes........ccevvvvveecierieeeeriieieeceeeese e, 132

2.1 Government INTEIVENTION........ccvvierereecee e 133

2.2 Corruption as a factor affecting the diffusion process of RETS .......c.cccceceeuennene 138

3. Data and VariabIes ..........coiviiiriririeeee e 142

4. Econometric modeling and RESUILS ........ccecueeveiiiieieseceeeceeee et 148

4.1 ESUMALION SITALEQY ..ocveveeieiiecteeteeecteste ettt sttt e re e b sreenne s 148

4.2 EStMALION FESUILS ....eevveeeeeee ettt 151

4.3 RODUSENESS TESE ..ottt sttt e es 154

5. Discussion and CONCIUSIONS .....cc.evveruerieienieiieieetesie et ste ettt st sae e see e ene e 156

B.  RETEIEINCES ..oviieieeeee ettt sttt ne e 159

APPENTIX |ttt s bttt b e bbbttt ene 164

APPENTIX Tttt b e sttt nne 166



LIST OF TABLES

Chapter 1
Table 1.1: Attributes and Attribute levels — final administration ...........cccceeeevevvecereneeeenne. 46
Table 1.2: Micro-generation choice distribution.........ccccveieiiiiiiiciiiieeceeeee e 50
Table 1.3: Frequency of respondents choice-combinations ...........cccocvveerereeceeneeceneseeeene, 51
Table 1.4: Choice on micro—generation RETs and Education level.............ccoccovveieneneennne. 51
Table 1.5: Choice of on-grid micro-generation RETs and family income levels.................... 52
Table 1.6: DeSCIIPLIVE STALISTICS. ....c..eveuiriirierierteei ettt 52
Table 1.7: Explanatory factor analySiS .........cceveieeririeeeniieeere ettt 63
Table 1.8: Models Estimation results (standard errors in parenthesis).........ccccccevvevveveiveenenne. 69
Table 1.9: Latent variable part of the ICLV MOdEIS..........ccooerereneniiiieireeeeeeee 71
Table 1.10: WTP eStimation FESUILS .........covririerierieieieieceese e 74

Chapter 2
Table 2.1: Micro-generation choice distribution.........c..ccueviiiiiiiiciieeecee e, 100
Table 2.2: Alternative specific attribute l@VEelS.......ccuevviiiiiiiiii e 100
Table 2.3: Demographics and environmental profile variables descriptive statistics........... 101
Table 2 4: 10-fold random-sampling cross-validation prediction accuracy ............cc.ceceeue... 103
Table 2.5: 10-fold individual-based cross-validation prediction accuracy...........ccccccueueeunee. 104
Table 2.6: Parametric logit models estimation results (standard errors in parenthesis) ........ 107
Table 2.7: Nonparametric Models Independent Variables Importance...........cccccceeevveennenne. 110

Chapter 3
Table 3.1: Variables Definition, units, and SOUICE ........cccceeeverereeeriereeiesie e e e 143
Table 3.2: Estimation Results: Fixed Effects and 2SLS Fixed Effects with CPI index ........ 151
Table 3.3: Descriptive Statistics of the COR and WCC indiCes........cceevvevveverierercrerieneenns 154
Table 3.4: Estimation Results for the per capita First Difference of Wind capacity............. 155
Table 3.5: Descriptive Statistics for all COUNLIIES.........cceiuieieiiieeeceeece e 164
Table 3.6: Descriptive Statistics of wind capacity additions per capita by Country ............. 165
Table 3.7: Auxiliary regression of FIT on all exogenous instruments and the rest of regressors



LIST OF FIGURES

Chapter 1
Figure 1.1: A model of stages in the innovation-decision process (Rogers 2003)................... 35
Figure 1.2: Choice Card eXamPIe........cceecuiiieierieceeese ettt sttt s s reereenae s 48
Figure 1.3: Discrete and latent structural equation model.............cceceireninininencneeeneen 62

Chapter 2
Figure 2.1: Example of a binary choice DecCiSion Tre€ .......ccccvevereeviereeeeeceeeseeee e 91
Figure 2.2: Random FOrests algorithm..........c..coueieiiininininecceeee e 92
Figure 2.3: Partial Dependence Plots for the alternative specific Installation Cost variable. 113
Figure 2.4: Partial Dependence Plots for Thermal Savings (thousands euro)....................... 116
Figure 2.5: Partial Dependence PIOtS fOr AQE ........ccveiririnirienieieieeeesesese e 116
Figure 2.6: Partial Dependence Plots for Family income level ...........cccooveviiicicceneenenne. 117
Figure 2.7: Partial Dependence Plots for Residence size (hundred sq meters) .........ccceceve. 117
Figure 2.8: Partial Dependence Plots for the No of Kids in the family..........c.cccceoeieninnns 118
Figure 2.9: Partial Dependence Plots for the alternative specific Revenues variable ........... 125
Figure 2.10: Partial Dependence Plots for the alternative specific Maintenance Cost variable
............................................................................................................................................... 126
Figure 2.11: Partial Dependence Plots for the alternative specific Guaranty variable........... 127
Figure 2.12: Partial Dependence Plots for the alternative specific Approval Time variable 128
Figure 2.13: Partial Dependence Plots for the alternative specific Aesthetics variable ........ 129

Chapter 3
Figure 3.1: Policies schemes applied in the 48 COUNLIIES........ccvecveveeeecieeececeeeee e, 145
Figure 3.2: Corruption Perception Index and Wind Investments in Latin America, Asian,
North African and the reSt Of COUNTIIES ........covevuerieieirirerereree e 147

Xi



LIST OF ABBREVIATIONS

COP21: 21% Conference of the United Nations Parties
FE: Fixed Effects

FIT: Feed-in-Tariffs

KCDMD: Kernel Conditional Density Mixed data
ML: Machine Learning

MNL: Multinomial Logit

MXL: Mixed Logit

NECP: National Energy Climate Plans

NN: Neural Networks

RET: Renewable Energy Technology

RE: Renewable Energy

RF: Random Forest

RP: Revealed Preference

RUT: Random Utility Theory

SCOGEN: Solar Cogeneration

SP: Stated Preference

SPV: Solar Photovoltaic

SQ: Status Quo

TGC: Tradable Green Certificate

xii



EKTETAMENH IIEPIAHYH

H mapodoa didaktopikn) StatpiPn Xl wg AVTIKEILEVO TNV HEAETT TOV TAPAYOVIWOV TOV
UTTOPOLV VO S1EVKOAVVOLV 1] VO amoTPEYOVV TNV V1oBEToN TV Avavedoiuwv [Inyodv
Evépyelag (AIIE). Xvykekpyiévo, HECHO TPLOV OAANAEEAPTOUEVOV KEQOAOI®V,
HEAETAEL EUTEIPIKA TNV dtodikacio vioBétnong texvoroyiwv AlIE og eminedo pukpng

OAAG Ko evpeiag KAMILOKOG YKATAGTAOTG.

Kepdrawo 1: Mehétn g £TEpOYEVELNG TOV TPOTIUNCEMV TV VOIKOKLPL®V NG Kpnng

Yo TNV VIBETNON TEYVOAOYLDV HKpO-TtapaymyTg amd Avavemotes [Inyég Evépyestag

To TpdTO KEPAANO TPAYUATEVETOL TV UEAETT TOV TPOTIUNGEMY VOIKOKVPIADV Y10 TNV
V10OETNON TEYVOLOYIDV TOPAY®OYNG NAEKTPIKNG EVEPYELNG UIKPNG KAIpoKag (pkpo-
napaywyng) pe AIIE. Ta dgdopéva mov ypnoipomombnkay oy mapodca £psuva
OCLYKEVTPOON KOV Omd TNV JlEVEPYELR EPEVVOC LE TNV YpNon TS nebodoroyiag twv
dednrouévov mpotiufoewv (Stated Preference Choice Experiment, SP) oe 187
vowkokvpld oto vinoi e Kprng. Ot teyvoroyieg pikpo-rtapaywyng AIIE eggtdlovion
O MO TEYVOAOYIKT KOLVOTOUIOL Kot 1) OéYLoN TOLG OVOAVETOL HECH TOV PACIKOV
oTolElov TG Om®g avaeépovtal and v Bewpla g Atdyvong ™g Kowvotopiog
(Diffusion of Innovation Theory - DIT) (Rogers 2003). Ewdwotepa, pehetdviol to
YOPOKTNPLOTIKA TNG TA OTTO10 Kol ETNPEALOVV TNV V0BETNON NG, EVO EMTALOV YiveTan
¥PNON KAmolwv oTotyelmv TG Bempiag AVTNG OTNV EUTELPIKT| LEAETN TNG ETEPOYEVELNG
TOV TPOTIUNGEMV TOV VOKOKLPLOV. To yoapakinpiotikd g ovuPoatdottoc g
kawvotopiog pe Tig adleg N T eumelpieg TOV VOIKOKLPL®V TTov duvntikd Ha v
viobetnoovy, givar o AavOdavovoa petafAnty (latent variable), kot gilodyston otnv
uebodoroyia extiunong Integrated Choice Latent Variable. Ta amotehéopoto g
EUTEIPIKNG eKTiuMong delyvouv 61t 0 Pabrog copfatdnTog TG KOWVOTOING T™V
teyvohoyidv pikpo-mapaymyns AIIE pe tic mepifarlovioroyikés aieg tov
VOIKOKVPLOV EIVOL TAPAYOVTOG TOV EMNPEALEL TNV ETEPOYEVELD TOV TPOTIUCEWDY TOVC.
YUVETMG, 0 GXEOOGHOG KOl 1) TAPOYWYN TOMTIK®V PETPOV TToL Ba vrootnpilovy Tig

draovvoedepéveg texvoroyieg ikpd-tapaymyng AIIE Oa mpénet va katevbuvOet emiong
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KOl GTNV EVIGYLON TOV TEPPAALOVIOAOYIK®V 0&lMV TMV VOIKOKVPLOV, TPOKEIUEVOL VO,

EVIOYVOEL TNG OATOOOTIKOTNTO TOVG OAAG TOPAAANAC VO UEWMGEL Kol TO KOGTOG
EQPAPUOYNG TOVG.

H Baowkn cvvelspopd tov mapodviog kepaiaiov otnv PifAoypagio ykeitor o tpia
Baoikd onpeio. Apyukd, 1 GUYKEKPIUEVT] LEAETN OVAOELKVVEL CTLLOVTIKEG TTANPOPOPIEG
OYETIKA [E TNV VIOBETNOTN TV J1GLVIESEUEVOV TEYVOLOYLOV LIKPO-Ttapaymyng ATIE
amd T VOIKOKVPLE, oVOADOVTAG TV €V AGY® KOVOTOUIO YPTCILOTOIMVTOS TV Bempia
DIT. Ewwodtepa, avaldoviol To YopOoKINPIoTIKA NG KOWVOTOUIOG Kol TopdAAnAa
avayvopiletol o onuavtikog poAog g ToAMTElNG, TOV AmoTELEl TO TPito HEAOG TOL
KOWVIKoh ovotiuatog (social system) tng xowvotouiog Tmv S106VvOEdeUEVOV
TEYVOLOYLOV LKpO-apaymyn ATLE, n omoia eivat kot vrehBovvn yro v ekkivnon, v
SLEVKOALVGN 1} TNV ATOTPOTY| LIOBETNONG TNG. L€ AVTIOEST LE TNV VTAPYOVGA EUTEIPIKN
Biproypapio n omoio LEAETA TIC TPOTIUNGELS TOV VOIKOKLPIDV Y10 TEXVOAOYIES LIKPO-
napayoyng AIIE péow g DIT (Claudy et al. 2011; Simpson and Clifton, 2017), n
TopoVcH UEAETN €lvar M wPAOTN N omoiol YPNCUYOTOEL TO YOPOKTNPLOTIKO TNG
ocoppatomroag, ¢ AavBdvovco peTOPANTY, KOl TNV EGAYEL OTNV  EUTEIPIKN
uebodoroyiag extiunong Integrated Choice Latent Variable (Ben-Akiva et al. 2002b).
Téhog, péoa amd v mopovca peAETn dnuovpyeitar o véa SP Baon dedopévov 1
omoia Oa pmopel va ypnoipomoinfel HETAYEVEGTEPA Y10 TEPOULTEP® OVOAVGT TNG OYOPAS

evépyeog oto vnot g Kpnmg.

INa tig avdykeg g Tapovoag Epguvag dnuovpyndnke éva SP epotuatordylo 6to
omoio kKANOnkav va amavticovy vowkokvpld g Kpntng oyetikd pe dtopopetikég
EMAOYEG KOU YOPAKTNPIOTIKA TEXVOAOYIDV pIKpO-apoywyns AIIE ta omola ko
eupaviCoviav oe SEOPETIKES KAPTEG €MAOYNG. Ot SQOPETIKEG EMAOYEC TV
TeEXVoAOYLOV HkpO-tapaymyng AIIE, ta yopokmpioTikd avtdv Kol To ETITESN TV
YOPOKTNPIOTIKOV EMAEYOINKOV HEow ™S dodkaciog cuvevienéemv He QOpEic TG
ayopdg kot pécm tng onpovpyiog opddwv eoticong oe vowokvpld g Kpnmge,
avtiotoryo. Ot JlpopeTIkég TEXVOAOYiEG OV emAEyONKav Yy v deaymyn g
épevvag Nrtav, ta eotopfoAtaikd (SPV), ot avepoyevvintpieg (Windmils), teyvoloyieg
nhokng cvumapayoyns (SCOGEN) otig omoieg mapdystot pedpo aAld kot Oepuotnro,
Kot TEA0G, Onmg cvuvnBiletor oty PpAoypaio 1 emAoyN TOL «Tapapéve g Exm». Ta
YOPOKTNPIOTIKE OV EMAEYONKAV VO SL0QOPOTOOVVTAL YloL KAOE [o amd TIC TPELS

SLPOPETIKEG €MAOYEG, €lval TO KOOTOG ykoTdoToonS, T £0000, amd TNV dudbeon
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NAEKTPIKNG EVEPYELONS OTO OIKTVLO, TOL £T1) €YYUNOMNG, TO KOGTOG GLVTIPNCNG, TA £5000.
amd g Bepikn evépyela, n kodooOnoio e eyKatdoToong Kot TEA0G 0 XPOVOG IO
amorteiton yio v £€k0001 TS oelag mapaywyne. H emioyn Tov yopakTnpioTiK®V 1oV
EULPAVIOTNKOV OTIG KAPTEAEG EMAOYNG KAOMDS KoL 0 aplOUOG TOV KOAPTEADY TOL TEAIKA
andvnoay ot EpWTMUEVOL, £Yve pe tnv ypnon Dp-efficient design (Rose and Bliemer,
2009), otV omoia yivetar xpHon TV apPYIKOV TILOV TOV EKTIUNCE®Y TV TOPOUTAVED
xapaxTPLoTik®V. Ot Tipég avTég (Priors) amokmOnKay pe d0V0 SPOPETIKEG TIAOTIKES
EPAPLOYEG TNG €V AOY® Epevvag TPty TNV TEMKN dteEaywyn Tc. To 6hvoro TV KapTdV
OV KANONKOV Vo omavIioouy ot epotdpevot, nTav 6. H detypatoinyia dievepyndnke
Toyoio Kol e OTPOUATOTOINGT avaAoya Le TOV TANBVOUO TV SUPOPETIKOV dNU®V
mg Kpnmg katoiryovtag oe 187 mAnpelg amavtioels. [lapdAinia, emmiéov tmv
JOEOMNAOUEVOV  TIPOTIUNCEDY TOV  VOIKOKVPLOV, GLYKEVIpOONKav dedopéva  mov
aPOPOVV YAPUKTINPIGTIKA TNG OKiol TOVG, T0 KOWMOVIKO-OIKOVOULKA YVOPIGULOTO TOVG

0ALG Kot TANpoopieg oxetikd e v Bempio DIT.

Me 10 6edopéva Tov GLYKEVTPMOMKOV KOl 0(pOPOVV TO YVOPICUATO TOV EPOTMOUEVOV
oxetikd pe v DIT, dwupopedbnkay ovo drapopetikéc AavBdvovoeg petafAnTéc, N
ocuupaTOTNTO. TV  TEQVOAOYLOV TAPOYOYNG MNAEKTPIKNG  EVEPYEWS HE  TIC
TePPOALOVTOLOYIKEG aEIEG KOl LLE TNV CLUTEPLPOPE EEOTKOVOUTNONS TWV VOIKOKVPLADV.
Kot o1 6vo AavBdvovoeg petafintég eionydncoav 6to voderypo Ko eKTunonkoy pe
mv uébodo Integrated Choice Latent Variable, n omoia cuvdvdlel v towtdypovn
ektiunomn tov poviéAwv emhoyng (choice) kat povtéda dopkmv eélodoewv (structural
equation models, SEM). H cuvaptnon ypnowdtntag yio. Kabe emhoyr texvoroyiog
UIKPO-TTOpay@YNS OLOUOPOOONKE GOUEMOVOL LLE TO YOUPUKTNPICTIKA OTMG OVOPEPOVTAL
napondve. H ocvppatdommta pe tig mepfariovioroyikés afiec TV VOIKOKLPLOV
e1oMyOn oto vddeLyLoL MG GTOoLKElo OV £MMPEdLEL TV EKTIUNGT TNG TAPOUUETPOV TOL
KOGTOLVG £yKOTAGTAONG VO M cLpPotdtTa pE TIg epmelpieg e€owovounong o xn
OTO VTOOEYHOL OG UETOPANTY OV MNPEALEL TNV ¥PNCIUOTNTA TNG EVOALOKTIKNG TOL
«@apoUEVO ©¢ £xo». [o MV emMAOYN «TOpPAUEVED ®G EX®», YPNOLULOTOMONKOY ©C
EPUNVELTIKEG LETAPANTEG KOVOVIKO-OIKOVOLK( GTOLXEID TV VOIKOKVPLOV Kot dAAQ
OTOLEID GYETIKA LLE TNV TOPATNPNCILOTNTO TNG TEXVOAOYIOG GAAG KO 1] TPONYOVLEVT
eumelpio. TOV EPOTOUEVOV GYETIKO HE TNV ovolnInNon TANPOQOPIOV Yo TNV
kowvotopio. Ta eumepikd amotedéopoto g pebodov Integrated Choice Latent

Variable cvykpifnkav pe avtd g pebodoroyiog Multinomial Logit (McFadden,
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1973), ka1 Mixed Logit (McFadden & Train, 2000), uebodoAoyieg mov Pacilovtat otnv
Bewpio T TVYiOG EMAOYHS TV Kotavalmtdv (Random Utility Theory) (Marschak,
1960; Manski, 1977). Ta eumelptkd amoTEAEGLOTO TG TOPOVGOG EPEVVAS OELYVOLV OTL
n nebodoroyiag Integrated Choice Latent Variable, avadeikvietl 6t facikd otoyyeio g
ETEPOYEVEIONG TMV TPOTIUNCEDV TOV KOGTOVUG E€YKOTACTAONG TMV  VOIKOKLPUDV
emmpedleton amd tov Pabud cvppotdtroc Twv TEPPAALOVIOAOYIKOV aELOV TOVG UE
mv te)voroyia. Avtictorya, n pebodoroyia tov Mixed Logit avayvopilel 0Tt vdpyet
ETEPOYEVELN OTIC TPOTIUNGELS Y10 TO KOGTOG EYKOTAGTAONG, OUMOG OgV SIVEL ATOVTGELS

GYETIKA e TO oo etvan 1 Inyn tne.

Ta amoteAécpata TS TAPOVCAS EPEVVOS LTOPOLV VA £XOVV LEYAAN XPNGLOTNTO TOGO
oTNV YOPaEN TOAITIKNG Y10l TV VTOGTNPIEN TOV TEYVOLOYIOV LKpO-Topaymyns AlIE,
aAAG mapdAANAQ pmopolv va €xovv €Qapuoyr] otnv otpotnywkn marketing tov
ETOLPLOV TOL dPAGTNPLOTOLOVVTOL GTHV GLYKEKPLULEVN aryopd. Ewdikdtepa, Ta epmelpikd
amoteAéopato Osiyvouv 6Tt 0 Pabudg ocvpPotdmmrag TG TEXVOAOYIOG HE TIG
ePPOALOVTOLOYIKES 0&ieg TV EpOTOUEVAOV aVEAVEL TNV Tpobupia vioBETnong Tovg,
KaBdg etvar dlatedelpévol vo TANPAOCOVY TTEPICCOTEPO YO VO TPOYMPNGOLV GTNV
gykataotaon tovs. Emumdéov, 660 ovfdver M ocvpuPatdmnTo pE GLUTEPIPOPES
eEowovounong avéavetar kot 1 ThavotnTo VINBETNONG TOV €V AOY®D TEYVOLOYIDV.
Emnpocheta, ta epmelpikd anoteAécpato g mopodcos EPELVICS, Oiyvouy OTL Yo TV
ayopd g Kpnmg pia avénon oty i anolnpioons tov vowkokupuidv ond v
SuBeom NG NAEKTPIKNG EVEPYELNG GTO OIKTLO, e GLVOAKO €TNolo kEPSoG 100 gvpd
Y0 TO VOIKOKVPLO, Hropel vor amolnUudoel poe SuvnTikny eyKatdotaon g kot S00
eVp® amd To apPyKd KOGTOC eyKkatdotaons. Télog, N kaiaoOnacia, oe avtiBeon pe Eva
emmAéov €T0g gyyvmong, elvar éva yopoaKINPIoTIKO NG TEYVOAOYING Yio. TO OTOoio

VILApYEL pLEYaADTEPT TTpobupio TANPOUNG and Ta voikokvpld g Kpnng.

Kepdhoto 2: Zvykpirikn HEAETN €QOUPUOYNG TOPOUETPIKMOV KOl UM TOPOUETPIKMOV
peBodoroyidv yio Ty gpunveio Kot TPOPAEYN TOV EMAOYAOV Yo TEYVOLOYIEG pKPO-
napaymyng Avaveocipav [nyov Evépyelog

210 0e0Tepo  KEPAAOLO OlEvePYeital O CLYKPITIKY HEAET TS  omddooNg

TOPUUETPIKOV GAAG Kot Un TOPOUETPIKOV HeBOd®V Ttpog TV katevhuvon TpoPAeync
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Kol epuNveiog TG amdPaonG TV VOIKOKVPIMV Yo TNV LI0BETNON TEYVOLOYIDV HKPO-
napaymyng AIIE, ypnowwomoidvtag to dedopuévo Tov GLAAEYONKAY 6TO TAMICLO NG
épevvag tov kepaiaiov 1. Ewdwkdtepa, pHécw TG GLYKPITIKNAG GLTAG AvAALGNG, TO
TapOV KEPAAOLO TPOSTAOEL VO avTGEL GE OVO EPELVNTIKA EPMTNUATO T OTTOL0L ETVaL,
o) ot pebodoroyia Oa mpémel Evag epeuvnING va EMAEEEL Yo TNV UEAETN OAAGL Ko
TPOPAEYN TOV TPOTIUNGEDV TOV VOIKOKLPIOV Kol ) av avadvoueveg nebodoroyikeg
TeYVIKEG TOL Pacilovtar og Texvoloyieg TponyUEVNS eEay®YNG OEOOUEVDV, UNYOVIKNG
uabnong (Machine Learning, ML), umopodv va ypnoipomombovv mpog avty v
katevbuvorn. Edikdtepa, o€ avtd to kKe@AAaio eeTdlovion 000 PaCIKES TOPAUETPIKES
uébodot, Multinomial Logit (McFadden, 1973), kar Mixed Logit (McFadden & Train,
2000) kot ovykpivovton pe v mwponyuévn ML pébodo twv Random Forest (RF)
(Breiman 2001a) ka1 tnv un mapapetpikn péBodo kernel conditional density mixed data
(KCDMD) (Racine, 2019; Hall et al. 2014). H c0ykpion T@v povtéAmy yivetal 1060 o€
eninedo TPOPAEYNG TOV EMAOYDOV TMOV VOIKOKLPIOV OAAG TOVLTOYPOVO KOl GTNV
duvatdtTo Tov SidovV GTOV gpeLVNT Vo epunveLBOVV Ta. amoteléopata Tovg. H
OLYKPITIKN avaAvon yivetot pe dedopéva mov givar pikpov aptfpod Tapatnpnoemy Kot
agopovv SP mpotiunocelg vowokvpuidv tov viool g Kpnmg décov agopd v

vioBétnon teyvoroyidv pikpod-tapaywyng AIIE.

Ta amoteAéopato tov TAPOVTOG KEPOAOIOV OATOOEIKVOOVYV OTL OTAV CNUOVTIKEG
TANpoopiec Aeimovv amd to Oetypa, ot un mopapeTpikés péBodol dev AmOTEAOLV
KaAOTEPN ADON and T TapapeTpkés neBddovg yuo Ty TPOPAEYN TOV EMAOYDV TOV
vowkokvplov. Idaitepa, vrootnpileror 6TL OTOV YPNGUOTOLOVVTAL OEOOUEVO LKPOD
peyébovg, Kol onuavtikég mANpogopieg Asimovv amd TO Oeiypa, TOTE KOvEVO Un
TOPOUETPIKO 1) TOPOUETPIKO HOVIELO dev €xel TNV duvatdTNTO UETOPOPAS TNG
npoPreyng tov oe véa dtopo tov Ogtypatog. Ewdomoidg Sapopd petald Ttov
TOPAUETPIKMOV KOl TOV U1 TOPAUETPIKAOV HeBOOwV elvar 0Tt T TEAELTALN, GE OTL OPOPEL
TV EPUNVEID TOV OMOTEAEGUATOV, KOTOANYOVV GE UN YPOUUKEG EMOPAGES TMV
EPUNVEVTIKOV UETAPANTOV, OTOTEAEGILATO T OO0 OULMG OV UTOpovV va. e&oyBohv pe
TNV (PNON TOPAUETPIKOV HEBOIWV.

H Paocwrn ocvveiopopd 100 mopodvtog kepaiaiov omnv Piploypapio €ykertar ota
napakdto otoyyeio. H ovykpitikn avdivon mepiapfaver ko v KCDMD un

napapeTpikn pebodoroyia, n omoio omdvia £yl ypnoyoromnel, Kot kabictoton og pio

QMOTEAEGLOTIKY EMAOYT Yoo TNV perétn SP dedopévav dakprmc emioyng (discrete
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choice data), 10a&o g RF. Avtibeto pe ta 6ca vmootnpiler m avoadvouevn
BipAloypapio  omoio cvykpivel Tic mopapeTpikég pedddove pe v pnéBodo RF aArd
kot 1 avtiotoyn PipAoypagic mov peietd v pebodoroyia KCDMD, ot un
nopopeTpikég PEBodoL dev givarl emMKPOTESTEPEG TOV GLUPATIKOV OTOV OTUOVTIKES
mAnpogopiec amovcstalovv amd tov mAnBvopd mov efetaletor. Xe OTL aPopd TNV
OVYKPIOT TOV CUAVTIKOTEPWV HETOPANTOV KAOe pebodoroyiag, ot pébodor tov RF kat
KCDMD ogaivetar 6tt d6ev divouv peydAn Popdmrta oe petafintég mov £xovv
KOTOOKEVOOTEL OO TOV gpeuvntn, 6mwg avtd cvpPaivel oe SP choice experiment

dedOUEVOL TTOV OVOADOVTAL GTNV TAPOVGH EPELVAL.

H emioyn g ypnong ™ RF peBodoroyiog €ywve pe yvopovo v GYETIKN
Bipaoypagia (Tribby et al. 2017; Sekhar et al. 2016; Hagenauer, and Helbich, 2017)
KaOADG QOIVETOL VO GOUTEPLPEPETOL OMOSOTIKOTEPO OGOV aPopd TNV TpoPAreyindtnTa,
axopa kot og dedopéva kpov peyédovg avtiBeta pe daleg pebodoroyies, dmwg y
napaderypa twv Nevpovikov Awktoov (NN Neural Networks). TToapaiinia, Afednke
voéyn Kol to yeyovog OtL oty PipAoypagioc mov HEAETA TOV TPOMO EMIAOYTG
uetagopdc (mode choice) (Chen et al. 2019; Lhéritier et al. 2018; Alwosheel et al.
2018; Brathwaite et al. 2017; Hagenauer and Helbich, 2017; Tribby et al. 2017; Sekhar
et al. 2016; Wang et al. 2016; Vafeiadis et al. 2015; and Mohammadian and Miller,
2002), n peBodoroyio tov RF @aivetar oe eminedo mpdPrieyng var copmepipEpeTon
KaAOTEPa amd dALeC peBodoAOYiES. TNV GUYKPITIKY avAAVOT) EMAEYOTKE EMTAEOV KO
0o KCDMD gktiuntmg, o onoiog Baciletatl otnv un TopOETPIKT) OIKOYEVELL EKTIUNTMOV
Kernel ot amotedei p pn mopouetpiky pebodoroyio m omoio omdvio €xel

ypnoporomBel oty Pipioypapia.

H ovykputikn oavélvon Omwg mpoovagépape, mpaypatomodnke o€  enimedo
TPOPAEYNC aAAd Ko epunVEING TV EKTIUNTOV. X€ OTL aQopd TNV IKavITNTO TPOPAEYN S
TOV SOPOPETIKAOV LEBOSOAOYUDY TTOV YPNGILOTOLOVVTOL GTIV TAPOVCH EPEVVA, OPYIKE
uéow cross-validation to deiypa ywpiomke og 10 ica pépn, Kot KaOe opd Eva uéPOg
emiéyetor va Pyet extdg amd 1o Oetypo mpokeéEVoL vo ypnotpomombet yo v
dwdwacio g mpoPreync. o 1o dwywpiopd tov delypatoc akolovdndnkav dvo
Baocukéc dradtkacieg, N TpOTN apopd LEG® TVYOL0G KOTAvOUg OAOV TOV OElYLOTOG Kot
n devtepn péow tuyaing Katavouns epotopevov. Katd mmv dwdwacio tuyaiog
KOTOVOUNG TOV ey aTOG, O1001KaGia Tov ¥pnoyLonoteital evpéws oty PipAtoypagia,

emPBePardvovTog To. EVPNUATO AAA®Y EPEVVMV, TO ATOTEAECUATO LG OElYVOLV OTL OL
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TPOPAEYEIC TOV U1 TOPAUETPIKOV UEDBOd®V £Y0VV UEYAAVTEPO TOGOCTO EMITLYING
TpoPAeync. XV mEPinTon OUMC OOV TUYOIN QPALPOVVIOL EPOTOUEVOL OO TO
delypa, T0TE T0 TOCOGTO TPOPAEYNG TOV U1 TOPAUETPIKAOV HeBodoroYIdV givat TO 1010
YOUNAO, LE TIC TOAPOUUETPIKES LEBODOVC. ATOTEAEGILO TOV LG 0OTYEL GTO CLUUTEPACLLOL
OTL O1 U1 TOPOUETPIKES LeBOOOAOYIEC AOLVATOVV VO LETAPEPOLY TNV EUTELPTIN TOVG V1O
™V TPOPAEYT TOV TPOTIUCEMV EPOTMUEVAOV Y10l TOVS OTO10VE OV £YOVV EKTTALOEVTEL
Vo T0 Kavouv. Avtiototya OpmG €ivol To OmOTEAECUATO KOl Y0 TI TOPUUETPIKEG

nebdd0vG.

Kotom, mpaypotomomonke 1 cuykpitikn ovaAvo™ e EPUNVELNS TV ATOTEAECUATMV
TOVG ypnoiponowwvtag 6ha to dedopéva. o v deaywyn g avaAvong aVTNG
aPYIKE EYve 1 GOYKPLOT| TOV CTLLOVTIKOTEP®OV LETOPANTOV Yia kKGO pebBodoroyia . Evd
akoloOOnce 1 ypnon Swypauudtov pepikng e&aptmong (partial-dependence plots)
(Friedman et al. 2001) yio. tnv 6VyKplon T LEGNG OPLOKNG EMIOPAoTG KAOE LETAPANTAG
Yo KaOe emA0YN, OES0UEVOV TOV GAL®V HETAPANTAOV TOL VITOJEIYLOTOC. XE EMIMEDO
oVYKPLIONG TV CNUOVTIKOTEP®OV UETAPANTOV TOL KOTOOEIKVOEL KAOe pebodoloyia,
TOPATNPOVUE OTL Ol pn-mopapetpikés pébodotr divouv peyoidtepn Papdtnta oe
KOW®VIKO-0IKOVOUKEG  HeTaPfAntés, mopd  oTig  UETOPANTEG  TOL  OPOPOLV
YOPOKTNPLIGTIKA TNG TANPOPOPIG KoL TOV O 1010G 0 EPELVNTNG £XEL OPicEL TO GHVOLO
g TANpoopiag Tov mepiEyovv. I'a T1g peTaPfAnTég Tov KABE LOVTELO AVASEIKVOEL 1OG

TEPLOCOTEPO ONUOVTIKEG, EAYOMKAY T 1oy PALLLLATO LEPIKNG EMLOPACTC TOVG.

Ta omoteléopota delyvouv OTL ot un mopapeTpkés UEBodol avadEIKVOOLY N
YPOUUKEG EMOPAGEIS 01 0Toleg HUTOPOoVV Vo £XOVV TOAD CNUOVTIKY ETMIMTOGN GTHV
YOPOEN TOATIKNG 1] TNV ONUIOLPYID ECTINGUEVNG CTPATNYIKNG LAPKETIVYK ETALPUDV
og €0kOTEPEG OpAdEG TANOLGHOV. XTig peBddovg Twv RF kot KCDMD o gpgvvntnig
dev yperaleton va Béoetl kapio vrodeon oyetikd pe v ddpbpwaon tov padnuoTico
vrodetypatog kabmg emiong ovTE Yo TNV EVOEYOUEVT KATAVOUT TTOL akoAovBovV Ta

oQAALOTA, EVA AEI0TOLOVV TIG TANPOPOPIES TOV TOPEYOLV T SEGOUEVA.
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Kepdrawo 3: AwpBopd kot emiddtnon tiung: Mo S10QOpETIKY ONTIKY 6TV d1dyvon

TEYVOLOYLOV TOPAY®YNG NAEKTPIoUOD amd Avavemaotpeg [Inyég evépyetag

To tpito kePOAOO HEAETA TOVG TAPAYOVTES EKEIVOVG TTOV ETNPEALOVY TNV SLAYVOT) TWV
TEYVOLOYIOV HEYAANG KAIpaKOG 7ov Tapdyovv nmAektpikn evépyswo pécw AllE,
dtvovtoag wiaitepn Papdtnta oto dpeso PETPA TOATIKNG VTOCTNPIENG T®V, KAODG Kot
otov Beouikd mapdyovra g otaplopdc mov opilel To TAMICIO dPACTNPLOTOINGNG Kot
OAANAETIOPOONG TOV OIKOVOUIK®OV GOpE®MY. Me TNV ypnon SUNKT S10CTPOUATIKOV
dedopévov (panel data) yio 48 ydpeg yio ta £t 2005-2012, Tpaypotoroteiton avaivon
TV BacKOV TapayovVIev Tov emnpedlovy Tig €nevOVCELS GE VEEC EYKOTOOTAGELS
avepoyevwntpudv. Ta dedopéva mov aQopodv 10 eMIMEDO TNG MOMTIKNG EMOOTNONG
g (Feed-in-tariffs, FIT) cuAdéyOnkay amd dtagopeTikéc myE Yo kGOe ydpa Kot
Y10l TO GUVOAO TV ETAV TOV EPELVATAL, EVO TOPAAANAa cvpmeptlapupdvoviot ctoryeia
a6 dALovg eBVIKOHG Aoyaplacpovg Yo TepParllovTtoloyikd kot dALa dedopéva. ATd
peBOdOAOYIKNG OKOTLAG aVTN 1 €peLVa OVTILETOTILEL TO TPOPANUA EVOOYEVELOS TTOV
pmopel vo vhpyel TA VOAVOUEVO SEOOUEVO KOt UTOPEl Vo EMNPEACEL TNV TGTOTNTO
TOV OTOTEAECUATOV TNG. ZVYKEKPIUEVO, aKoAovOdVTag TV oYeTikn PipAtoypapio n
omoio. vrootnpilel O6TL o1 moMTiKEG Kabopiloviow €vOOYEVMDG GOUPMOVO HE TOVG
avTioTOloVS 6TOYOVS TV KLPeEPVIoEMY Yo TO emimedo g evépyelag amd AIIE
(Soderholm and Klaassen, 2007, Jaffe and Stavins, 1995; Maza and Winden, 2004), to
HETPO AUEOTG TOMTIKNG VILOGTNPIENG EMLOOTNONG TIUNG, AVTILETOTILETOL G EVOOYEVIG
petofAnty. [opdAinia, n Tapovca Epevva HEAETA TOV GUVOETO TPOTTO [LE TOV OTTO10 N
dwpBopd pmopel va emmpedoel T enevovoelg oe AIIE, wor ehéyyet av ovtd to
amoTEAES O, OAAALEL Y10 SLOPOPETIKEG YEWYPAPIKES TTEPLOYES. To amoTEAEGHATA TNG
TOPOVCAG EPEVVOAG OVOOEIKVDOVV TNV GNUOVTIKY] GUVEIGQPOPA TNG EMOOTNONG TIUNG
TNV OVATTVEN TOV EXEVOVCEWMV GE OVELOYEVWTTPLEG. [Tapaiinia, vrootnpileton 6Ti N
drpBopd emmpedlel apvnTIKA TIG EMEVOVGELS GE AVELOYEVVITPLEG, EKTOC OO TIG YDPES
nmov Ppickovtol oty ovatolkn Acio, 6mov n eniopacn sivor Oetikr). Me avtd ©¢
ded0UEVO, 1 TOPOVCA EPEVVA TTOPEYEL EUTEIPIKES OMOJEIEELS Vit TNV VTTapEN oVTOD TOV
Tapadoov, mov peretdral oty Pifloypagio og «East Asian paradox» (Olson, 1993;
Rock and Bonnett, 2004; Wedeman, 2002).
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IMa v peré g enidpaong Twv HETPOV TOATIKNG 0ALAL Kot TOL Becpikol Tapdyovto
™G SPBOPAG OTIC EMEVOVCELS OE OVELLOYEVVITPLEC, TPOCEYYICAUE TIC EXEVOVCELS (OG
MV Katd KePaAv emoto avénon g eykateomnuévng woyvog (EIA). Exiléynkay 48
XOpeG or omoleg kotéYovv 10 98% NG TMOYKOGUOG EYKOTEGTNUEVNG 1GYVOG
OVELLOYEVVITPLAV, TPOEPYOUEVEG OO TIG YEMYPOPIKEG TEPLOYES TNG OVOTOAIKNG Ko
votwog Aciog, Bopelag AQpikne, Aatvikng Apepikng kot yopeg tov OECD mov dgv
CLUTEPTAOUPAVOVTOL OTIG TAPAUTAVE® YEOYPUPIKES TEPLOYES. Ta dedOoUEVA QLPOPOVV TNV
nepiodo 2005-2012, eved amoxieiotniov dAAeg Teyvoroyies Onwg Twv SPV, Bopdalag,
K.0L., AMOY® TNG MO TPOCOATNG EICAYWOYNG TOVS OTNV ayopd Kol AOY® NG EAAEWWNC
dedopévav. Emmiéov, cuAléyOnkav ototyeia yio to enimedo €mOOTNONG TIUNG TOV
YOPOV OV HEAETOVTOL, KaODG emiong Kot otoryeia yio tnv vmapén GAA®V TOATIKGOV
HETpV dueong vrootpiéng tov avepoyevvnipiov (IRENA 2016; REN21 2016). H
emMOOTNON TYWNG EI0NADE GTO VILOJEY LA WG UM GTAOUIGUEVOS HEGOG TV SLUPOPETIKMV
EMMEOMV EMYOPNYNONG TOL TaPEYOVTAL GE KAOE ydpa, aviroya pe to péyebog g
eykataotaonc. apdiinia, coAEYONKAV Kot dEGOUEVE TTOV QUPOPOVV TO EMIMESO TNG
avthappavopevng dapbopdc (T1 2005-2008), 1o emimedo g poOAvvong g Kabe
xopag (exmounég dto&ediov tov dvBpaka), TO HEPIOO AAADV TNYDOV EVEPYELOG GTNV
TOPAYOYN NAEKTPIKNG EVEPYEWOG OGS XDPag Kabdg Kot To eminedo eEdptnong Kdabe

YOPOC oo eloaymyEc Niektpikng evépyetag (EIA).

[Ma v enitevén tov otdOV TG Epevvag xpnoomotdnke n néBodog twv otabepmv
emdpdoswv (Fixed Effects) (Wooldridge 2002) ovpeova pe v omoia, un
TOPUTNPOVUEVA GTOLXEIN TOV VIO HEAETN YWPOV, TO omoia eivar Kon otabepd ava £Tog,
UTOPOVV Vo AAANAETIOPOVV LE TIC HETAPANTEG EVTOG TOL VITOdEYLOTOG. ALt €lvon o
Baokn vdBeon yuo v adlomiotioo TG v AOY® £pguvag KaBDS Yo mapadetyo To
KOLPIKE QOVOLEVO, TTOV EMKPATOVV GE L0 YDPO ) Ol YEOYPUPKES TNG LO10UTEPOTITES
dpovv ®g moapdyovieg mov emnpedlovv TO EMMEOO TAPAYMOYIKOTNTOS TV
OVELLOYEVVITPLOV Kol UTopel var emnpedlovv To €Mimedo 1 T0 GUVOAO T®V TOMTIKOV
pétpov vrootpiEng tov teyvoroyidv AlIE. Tha tov éheyyo avthg g vrndbeonc,
de&nydn o evpwotmg éreyyog Hausman (Wooldridge, p288, 2002), tov omoiov 10
OmOTEAECUO, OmOppinTEL TNV UNdeviK) vrdBeon Kou emPePordvel v ypnom g

pocéyyion Tov FE petaoynuaticpov.

[MopdAAnia, OTOG AvAPEPALLE KOL TOPATAV®, 1| LETOPANTN TOL 0POPA TO EMSOTNON

TiuNG pmopel vo elval evooyeving KabBdg pmopel va cuvavtdvtolr TpoPAnpoTo
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Tavtoypoviopov (Simultaneity) n mpoPAfuoata cedipotog e€edikevong (omitted
variables) (Wooldridge 2002). Zvykekpyéva, AouBavovtag vmoyn 0Tl 10 KOGTOG
€yKaTaoToons 6gv NTav duvatd vo copmeptnedel oty e&eidikevon Tov VTOdelyOTOg
Myw Ehdetyng otolyelov kol To emimedo emddTNONG TWNG €PappoleTor yoo vo
vrootnpi&etl To VYNAG KOGTOG EYKATAGTAONG, N TAPAAELYT) TOL UTOPEL VoL 001 YGEL GE
avomoteAeopaTikovg  ektyuntés.  IlapdAinia, upmopel va  vmap&er  mpdPAnuUa
TOVTOYPOVICUOV TO 0moio gppaviletor kabmg to eminedo emdOTNONG TIUNG UTOPEL Vo
kaBopiletar g amotéleoua g avadpaong petatd tov otoyov ywoo AIIE kot tov
VIOPYOVCADV EYKOTACTAGE®Y OVELOYEVVNTPLOV. [a TNV aVTIHETOTION TOL €V AOY®
QOIVOLEVOL €yve YpNoT dV0 eEmYEVAV PonOnTik®V HETOPANTOV Yo TO ETITESO TIUDV
EMAOTNONG, Ol 0T01EG Elvar o) N VTLAPEN TNG TOALTIKNG EMOOTNONG TIUNG Y10 VTOGTNPIEN
oAV yov AIIE extdg TV aVELOYEVWNTPIOV EVTOG TNG YDPOS, Kot ) 0 LEGOS Gpog
TOV EMTEOOV EMOOTNONG TIUNG TOV YPNGUYLOTOLOVVTOL 0md YMPES oV Ppickovtal oTa
o1 emimedo otkovopukng katdotaong. [paypatomomdnke o Eleyyog Hausman (1978),
omoiog Ogiyvel OTL To emimedo emOOTNONG TIUNG €lvar EVOOYEVAC UETAPANTY], EVD O
éleyyoc Sargan (1975) (OIR test) amotvyydver va emiPePfordost 6tt or fondnrikéc
petafintég cvoyetilovral pe tov SotakTikd 0po Tov Vrodelynatos. Aapupdvovtdg
VIOYN TO MOPOTAVE, Tpoywpnoape omnv xpnon g pebodoroyiog extipmong
BonOntikav petapintov otobepmnv emdpacewv (Fixed effects two-stage least squares,
FE 2SLS). Ta guneipikd amoteléopota g pebodoroyiag FE 2SLS deiyvouv o011 o
aHENGT TNG TWNG EMBOTNONG Yol TNV O1AOECT NAEKTPIKTG EVEPYELNG GTO HIKTVO AVEAVEL

TIG EMEVOVOELG OE AVELLOYEVVITPIES.

[Tpoxeyévou va yivel ELeyyog oxeTIKA pe TV midpact TG S1opBopag G€ S1UPOPETIKES
YEQYPOAPIKES TEPLOYES ONUIOVPYNONKAY VEES YEWYPAPIKES LETAPANTEG O ATOTELEC LA
TOU YWWOREVOL WELOOTUPANTOV OVl YEOYPAPIKY] TEPOYN KOL TOL EMTEOOV
avtilopPavopevng owapbopdg yia kdbe yopa. Ewdikdtepa, £ytve 0 dlaywpiopos Tov
YOPOV OVOTOAKN G Aciag, voTiag Aciag, BOpetag APpikng, AATVIKNG AUEPIKNG KO TV
vroroinov yopodv tov OECD. Ta gunepikd amotedéopoto TS Tapodoos EPELVIS
AVOAOEIKVOOVV TOV OOTPENTIKO POLO OV £)EL T dopBopd 6TO EMINESO TV EMEVOVGEDV
oe avepoyevvntpie. [apdAinia ouwmg delyvouv OTL Yo TIC YOPES TS AVATOMKNG

Aciag, To vyMAS eminedo dapBopdg evicoybEL TIG EMEVOVGELS GE OVELOYEVVITPILEG.

Mo mv a&lomiotio TOV TOPATAVE ATOTEAECUATOS, XPNOLLOTOMONKAY SLOPOPETIKES

petaPANTEG Tov peTpov 10 péEyedog g avtidapPavouevns dtaphopds amd moliteg Kot

22



emyepnuatieg (TI, 2005-2012; WGI, 2005-2012). Ta amoteléopoto yio To v AOy®
dvo pétpa debopdg ot dtapopomolovvtol. Xe avtd 1o onueio eivar kpico vo
avagepbovpe oty gpunveia avtod ToPaddE0L OTIC AVOTOMKEG AGLUTIKES YDPEC.
Yuykekpiéva, n oxetiky ipAoypapio n onoio £xel TPOSTAONGEL Vo EPUNVEVGEL OLTO
10 TOPAS0ED, TOGO GE EMMEDO EMEVOVGEMY KAl OVATTVENC, AVAPEPEL OTL AVTEG O1 YDPES
dtémovtotl amd opyovmpévn dstoebopd n omoia opeiletal o€ 600 PacTKOVS TOPAYOVTEG
(Olson, 1993; Rock and Bonnett, 2004). Ot kvBepVNOES OVTOV TOV YOPDOV EXOVV
pakpdypovovg opifovieg Staxkvfépvnong kot €GOV HOVOTOANGEL TIG OOUEC TOV
KPATOLG Kol TG ONUOCIEC LANPEGIEC UE OMOTEAECLO, VO, ONULOVPYOVV TTEPIGGOTEPO
otafepd TEPIPAALOVTA, LLELOVOVTOS TOV KIVOLVO Y10 VEEG EMEVOVGELS. OUmG TapdAO TOL
N enidpaon po avénong g d1aebopdc ival BETIKN 68 AVTEG TIG YDPES, AVTO TOV dEV
amovTiTOL oIV TOPovG EPELVa €ival, «Ue TO0 KOoTOG». I[lowog Ttopéag g
OWKOVOLiOG 1] TOL KOWMVIKOV 16TOV €MPBApOVETAL TPOKEUEVOL VO LITAPEEL AT M
aOENON TOV EMEVOVCEMV GE OVEUOYEVVITPLES, KABMS 1 évvola g dapBopds apopd

NV TapoPiocn Kavovev e GKOTO TO TPOCOTIKO KEPOOG,.

2V mopovco HEAETN YpNOLomomOnKay kot GAAEG UETOPANTEC OYETIKEG HE TNV
Omopln EMITAL®V QUECOV UETPM®V TOAITIKNG VLRWOGTNPENG TOV ENEVOVGEMV OF
OVELLOYEVVITPLEG, OUM®G HOVO TO UETPO TOL APOPE TNV EMLYOPNYNOTN TOL KOGTOVG
(Investment subsidies) Bpébnke va £xer onuovtikny emidpoon oty avénon Tov
gykataotdcewv avepoyevvniplov. [apdiinia, n avénon tov emuédov pOALVGNG dev

odnyel og avENoN TOV ENEVOVGEMV GE AVELOYEVVITPLES.
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INTRODUCTION

This Ph.D. thesis empirically analyzes the factors that act as facilitators or impediments
of Renewable Energy adoption by economic agents. Within three interrelated chapters,
this thesis focuses on the adoption process of micro and large-scale Renewable Energy
Technologies (RETS).

The first chapter of the thesis entitled “Modelling Heterogeneity of Consumer
Preferences for Microgeneration Renewable Energy Technologies,” analyzes
household preferences for renewable micro-generation technologies using a stated
preference choice experiment and data gathered from 187 homeowners in the island of
Crete. In the arguments set forth in the analysis, micro-generation is considered as an
innovation whose diffusion depends on its characteristics as exposed in the Diffusion
of Innovations Theory. Based on the aforementioned theory, the attribute of
compatibility is introduced as a latent construct within an Integrated Choice Latent
Variable model. The results indicate that the innovation compatibility with
homeowner’s environmental values is an important factor explaining the choice of
micro-generation technology and heterogeneity in preferences. Thus, devising policy
instruments raising environmental awareness and the energy-saving attitudes of
homeowners can result in reducing the overall implementation cost, as well as in

increasing the efficiency of the instrument.

The first chapter contributes to the existing literature by pointing out important
information concerning the on-grid renewable energy micro-generation technologies
innovation, related to its attributes, for the appraisal of their adoption. This study makes
the distinction between off-grid and on-grid micro-generation RET innovation, arguing
that governments, which is the third unit in the latter innovation’s social system, are
responsible for initializing, facilitating, or act as an impediment to their diffusion
process. This study also empirically analyzes Cretan homeowner’s preferences for
micro-generation technologies, and as a novelty, introduces the compatibility attribute
as a latent variable in a discrete choice setting and uncovers it as a factor that explains
unobserved heterogeneity. Additionally, within this study, a novel dataset of Cretan
homeowners related to stated preference discrete choice on micro-generation RETS is

created where more research implications on the Crete market can be extracted.
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The second chapter of this thesis entitled, “A comparative study of parametric and
nonparametric methodologies for modeling choice of Renewable Energy Micro
Generation Technologies,” answers to the following two questions, namely, which
modeling approach a researcher should use for predicting a household’s choice for
micro-generation RETS, and whether off-the-shelf machine learning algorithms can be
effective within a researcher-defined stated preference (SP) choice experiment dataset.
In particular, this chapter examines two basic well-known logit models, namely the
standard Multinomial Logit and the Random Parameter Logit model. It compares them
with the state of the art machine learning algorithm (ML) of Random Forests (RF) and
the nonparametric kernel multinomial model (KCDMD). The comparison is made in
terms of the predictability and interpretability of the above models using low-
dimensional stated preference data of Cretan homeowners’ choice over micro-
generation RETS. The results indicate that when the training set used for the estimation
of the data-driven models does not include valuable individual information, the
nonparametric models of the RF and the KCDMD do not outperform traditional logit
models in terms of accurate predictability. In terms of the variable importance used to
build the estimated models, the nonparametric models draw their attention to the
household’s socio-economic status rather than the alternative specific attributes

designed by the researcher.

Although the literature mainly compares the standard parametric logit models with
black-box machine learning algorithms, the second chapter of this study additionally
uses the data-driven nonparametric KCDMD estimator and argues that the latter has
similar results to the RF ML algorithm, where both nonparametric models identify
nonlinear effects that would not otherwise appear. In particular, this research proposes
the nonparametric kernel-based model as an effective alternative methodology for
discrete response models. This research also points out that the accuracy of the
nonparametric data-driven methodologies is stemming from the used training dataset.
In contrast to the literature arguing that both the ML and KCDMD estimator model
approaches outperform the standard parametric logit models, this study shows that
within a low-dimensional dataset, when important information is excluded from the

estimation of the models, none of them manage to predict new individuals’ choices.
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In the third chapter of this thesis, entitled “Feed-In-Tariffs and Government Corruption:
Another Look at the Diffusion of Renewable Energy Technologies”, the primary
interest is to explore how institutional factors and implemented supporting policy
schemes influence the diffusion process of large-scale RETs investments in the case of
wind energy. In an attempt to unravel the effect of government intervention through
implemented policy mechanisms and the effect of corruption on RE investments, this
research employs an empirical panel data analysis for investments on windmills in 48
countries. The data for Feed-in-Tariffs (FIT hereafter), which is a price policy
mechanism for RES producers compensation level, was gathered for all countries in the
sample from the International Energy Agency and the Renewable Energy Policy
Network. The FIT policy mechanism is treated as endogenous following the intuition
proposed from the diffusion literature, arguing that policymakers endogenously define
policy instruments along with the RE electricity targets. This chapter also explores the
possible directions in which corruption can affect investments over the deployment of
Wind Technologies and further tests whether this effect changes within different
geographic regions. Research results indicate the importance of the FIT in the growth
of large-scale wind investments and provide empirical evidence on the different effects

the perceived corruption has on wind investment development.

The third chapter has a three-fold contribution to the literature. The first is the creation
of a database for 48 countries in the sample that combines data collected on feed-in-
tariffs and other support policy mechanisms for each country, environmental statistics
and accounts, and institutional corruption measures. From a methodological point of
view, this study also tackles the problem of potential endogeneity of feed-in-tariffs,
which, if not taken into account, could seriously affect the validity of the estimation
results. This potential endogeneity can arise because installation cost has not been
included in the model and also because of the feedback effect between feed-in-tariffs
and renewable energy targets. In particular, support mechanisms such as feed-in-tariffs
could be adjusted downward as the installed renewable energy capacity increases
because investment costs are lower or adjusted upward whenever the capacity targets
are not met. Another contribution of this study is that it explores the possible directions
in which corruption can affect investments over the deployment of large-scale wind
investments and gives empirical prominence to the east Asian paradox in the case of

RE investments.
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CHAPTER 1: MODELLING HETEROGENEITY OF CONSUMER
PREFERENCES FOR MICROGENERATION RENEWABLE ENERGY

TECHNOLOGIES

1. Introduction

A global switch to renewable energy sources (RES) is now more than ever essential to
mitigate global warming and climate change severe impacts on humans, economies,
and the environment. At the 21% conference of parties (COP21) held in Paris in 2015,
countries holding over 55% of global emissions set a goal for this century to stop global
temperature rise below 2°C compared to the increase made before the start of the
industrial revolution. According to the International Energy Agency (IEA 2015), to
achieve this target, more than USD 200 billion must be invested in RETs per year in
the years to come. However, greenhouse gas emissions continue to grow despite
political commitments, and only a few countries have set a longterm strategy to reduce
them at the levels set in COP21 (UNEP 2019).

The residential sector and in particular cities are the main contributor to greenhouse gas
emissions, accounting for more than 70% of the total human-made CO2 emissions, and
the use of renewable energy is the way forward towards a sustainable energy system
(IRENA 2016). There are two main directions for cities to achieve energy sustainability
through the use of renewable energy for heating, cooling, and powering of appliances.
However, it is the cities special conditions that invoke the mix between decentralized
micro-scale building and centralized large-scale renewable energy production. In the
EU, members of urban policymakers under the energy communities’ policy framework
are moving towards Remunicipalisation of the local energy markets and strengthening
their strategic and political role in their country’s energy policy (Gancheva et al. 2018).
Given the ambitious goals of the COP21 agreement, the EU members have set up
National Energy Climate Plans (NECP) for the sustainability of the EU cities’
electricity powering mix between large-scale or micro-generation RETSs installed

capacity. In 2019, Greece, among other EU members, has set ambitious targets
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concerning the uptake of micro-generation RETs aiming at 5% of the overall installed

capacity in 2030.

Because of the anticipated growing needs on micro-generation RETS, any decisions
made for the future planning of the climate and energy policy framework need to build
on a robust understanding of their adoption process. With this in mind, the objective of
this study is to improve the understanding of the on-grid micro-generation RETS
innovation borrowing elements by the Diffusion Innovation Theory (Rogers, 2003),
and empirically analyze its adoption process by households in Crete, Greece. According
to the DIT theory, innovation is diffused in a market through a five-step process, namely
knowledge, persuasion, decision, implementation, and confirmation (Figure 1.1). In the
knowledge stage, potential adopters become aware of the innovation characteristics, and
that is the time that the decision process begins. The diffusion process of the on-grid
micro-generation RETS innovation can not start unless the government regulates the
possibility of connecting to the grid. As a next step, in the decision stage, potential
adopters have evaluated the characteristics of the innovation and decide over adoption,
taking into consideration their subjective decision risk. Thus, any implemented policy
instrument that alters the characteristics of the innovation may add or reduce the risk of

the potential adopters’ decision process.

Related literature has opted for the crucial role of governments to change the motivation
of potential adopters from just technical or environmental to also financial (Shelly,
2004; Claudy et al. 2011). However, this study argues over the crucial role of
governments as a social system unit that can be a change agent responsible for
initializing, facilitating, or act as an impediment to the micro-generation RETS
innovation diffusion process. For instance, in the case of Greece, only solar
photovoltaics can be considered as an on-grid micro-generation technology, although
the prompt release and promotion of new micro-generation RETS, is set as a target for
residential micro-scale installations (Greece NECP 2019). Greece is an economy that
has gone through several economic turbulences, and the Greek governments imposed
several pauses of their incentives policy in the micro-generation market once the
EU2020 targets were achieved. Despite the changes in the economic situation in
Greece, the provision of a consistent, long-lasting, and efficient policy strategy is a
prerequisite for the micro-generation market to grow towards a sustainable energy

system.

28



With the use of a stated preference choice experiment (CE) and data gathered from 187
homeowners on the island of Crete, this study analyzes household preferences for
different renewable micro-generation technologies. In the arguments set forth in the
analysis, a micro-generation RET is considered an innovation whose diffusion depends
on its characteristics as exposed by the DIT. Based on this theory, the attribute of
compatibility is introduced as a latent construct within an Integrated Choice Latent
Variable model (Ben-Akiva et al. 2002b). The results indicate that the innovation
compatibility with homeowner’s environmental values is an important factor
explaining the choice of micro-generation technology and heterogeneity in preferences.
Also, the on-grid micro-generation RETs compatibility with homeowners” in-residence
energy-saving past experiences, increases their propensity to adopt. Thus, from a
policymaker point of view, devising policy instruments raising environmental
awareness and the energy-saving attitudes of homeowners can result in reducing the

overall implementation cost, as well as in increasing its efficiency.

This study makes a three-fold contribution to the existing literature. The first is by
pointing out important information concerning the on-grid renewable energy micro-
generation technologies innovation related to the social system and its attributes for the
appraisal of their adoption. The second is that it introduces the compatibility attribute
as a latent variable in a discrete choice setting in the empirical analysis of Cretan
homeowner’s preferences for micro-generation technologies and uncovers it as a factor
that explains unobserved heterogeneity. Finally, within this study, a novel dataset of
Cretan homeowners related to stated preference (SP) discrete choice on micro-
generation RETS is created where more research implications on the Crete market can

be extracted.

In what follows, the next section places this study within the broad literature studying
the adoption of micro-generation RETS. Section 3 provides an overview of the Greek
micro-generation RETs energy market in order for the reader to have a clear view of
the market under study. Section 4 presents the DIT and analyzes the micro-generation
RET Greek market and the innovation itself in light of the DIT framework. Section 5
provides an analysis of the methodology followed both in terms of structuring the SP
survey but also analyzing the econometric models used. This section also presents the

final administration of the survey and description of the data gathered. Section 6
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presents the empirical findings of this study, and Section 7 discusses the findings,

identifies possible limitations, and proposes future research directions.

2. Willingness to pay for renewable energy and household heterogeneity: a literature
review

There is arich literature focusing on the valuation of large-scale RE project investments
eliciting consumers’ willingness to pay (WTP) for green electricity (Bergman et al.
2006; Borchers et al. 2007; Sardianou and Genoudi, 2013; Kontogianni et al. 2013; Yoo
and Ready, 2014; Karakaya et al. 2015; Murakami et al. 2015; Sundt et al. 2015; Ntanos
et al. 2018 among others). The above scholars’ main argument is that electricity
consumers are willing to pay a premium for green electricity in order to reduce CO2
emissions. On the other hand, only a small strand of the literature has given attention to
evaluating the factors driving the adoption of micro-generation RETs by households.
In this direction, two sub-strands of research have emerged. The first sub-strand using
stated preference methods deals with the estimation of homeowners’ WTP and the
identification of the sources of heterogeneity when adopting micro-RETs, namely
electricity micro-generation and thermal RE (Scarpa and Willis 2010; Rai and
Robinson, 2013; Rouvinen and Matero, 2013; Ruokamo 2016; Su et al. 2018; Dong
and Sigrin 2019 among others). Another sub-strand of research, using stated or revealed
preference methods, studies the diffusion of micro-RETSs adoption and uses the DIT as
ameans of interpretation (Claudy et al. 2011; Bjernstad 2012; Schelly 2014; Yamamoto
2015; Franceschinis et al. 2017) or as a mean of forecasting their diffusion rate (Islam
2014).

In the first sub-strand of literature, the pioneering study of Scarpa and Willis (2010)
assess WTP for several attributes of different micro-generation alternatives by
conducting a choice experiment directed to households in England, Wales, and
Scotland. The results of their study show that respondents that are middle-aged and
highly educated have a higher propensity to adopt micro RETSs, and additionally draw
important policy implications since they show that although respondents positively
value the adoption of renewable micro-generation systems, this value might not cover
the capital costs that adoption would entail. In an attempt to analyze the decision-
making process of homeowners in Texas for adopting SPVs, Rai and Sigrin (2013),
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using a revealed preference study, evaluate the financial merits of deciding either for
self-adoption or a lease scenario and find the latter as more effective. The scholars’
findings also suggest that, in both case scenarios, adopters do not differ concerning
socio-demographic characteristics. In a more recent study, Su et al. 2018, using an
unlabeled choice experiment related to the choice among alternative micro-generation
systems by Lithuanian homeowners, find respondents to have a high WTP value for the
SPV option compared to the other alternatives. Finally, Dong and Sigrin (2019), use
the estimated WTP from two choice experiment surveys conducted in different periods

and forecast the market demand for residential SPV in the United States.

Within the second sub-strand of the literature, Claudy et al. (2011) empirically analyzed
the willingness to pay of Irish households for micro-generation technologies by
applying the double bounded Contingent Valuation method. For the four examined
technologies, micro-wind, wood pellet boilers, SPVs and solar water heaters, the results
in their paper suggest that despite the slow uptake of renewable energy technologies
due to the low willingness to pay level, homeowners’ purchase or investment decisions
are not entirely based on cost-benefit evaluations but are influenced by other factors.
These factors are homeowners’ beliefs about product characteristics, social norms, and
socio-demographic characteristics. Their findings show that perceived compatibility
with habits and routines has a positive effect on WTP only for wood pellet boilers. In
the same line, Franceschinis et al. (2017) results indicate that the perceived
characteristics of the thermal RET system innovation act as factors of taste
heterogeneity for homeowners in Italy provinces. Other researchers further investigate
the diffusion process of micro-generation RETs using different aspects of the DIT. For
instance, Yamamoto (2015), using a survey of SPV adopters in Japan, shows that
opinion leaders positively influence the adoption process and the WTP level of other

adopter categories.

On the other hand, Islam (2014), goes one step further from the previously described
research and, through the innovation diffusion model, investigates whether and when
households in Ontario, Canada, are going to adopt SPVs. The author shows that
awareness of consumers concerning relative advantage and environmental impact
constitutes an essential factor for increasing the probability of adoption. He further
argues that policy instruments, such as communication campaigns that enhance

technological awareness, may accelerate the diffusion process. The present research
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belongs to the second sub-strand of the literature, analyzing the factors affecting the
diffusion process of micro-generation RETs in the market of Greece, borrowing
elements of the DIT. In order to delve into the factors influencing the diffusion process
of micro-generation technologies, the next two sections present a thorough discussion
of the Greek RE market, followed by an overview of the DIT with a focus on its

application to the adoption of micro-generation technologies.

3. Overview of the Greek micro-RETs market

Renewable energy technologies were introduced in the Greek market over 30 years ago
in the form of large-scale wind farms (IEA Wind TCP, 2017). Later on, in 2006,
investments on large-scale solar photovoltaic (SPV) technologies emerged in the Greek
energy market. Although SPVs entered the market after wind, their total cumulative
capacity went from below 1Mwp in 2007 to 2445Mwp in 2016 (Kyritsis et al. 2017),
reaching the one from wind installations (IEA 2019). This high increase of large-scale
SPV capacity compared to the wind is mainly due to the different supporting policy
levels. The appearance of the SPV technology in the Greek Market marked the
introduction of the legal framework of laws 3468/2006 and 3851/2010 that supported
RET electricity generation with the Feed-in-Tariff (FIT) mechanism. The FITs
mechanism provides a substantially high guaranteed sales price to RET electricity
producers. Within the 3468/2006 law, similar guaranteed FIT levels were set for Wind
and Solar electricity generation, where for the former, the price was approximately 0.1€
per KW for capacity power over SOKW and 0.25€ for lower capacities. The 3851/2010
amendment, discriminated in favor of on-grid SPV with the prices of FITs exceeding
0.4€ per KW.

The implemented legal framework resulted in a high large-scale capacity installation
rate, which in turn led the country to fulfill its 2020 RE targets. Greece had to meet the
20% target, whereas 20% of energy in gross consumption had to come from renewable
energy (3851/2010 law), split into at least 40% for Renewable Energy Sources
electricity, 20% for RES-heating and cooling, and 10% for RES-transport. Following
the expansion of large-scale RETS, residential micro-generation RETs had become the
next target in the Greek energy production map. In this direction, Greece, with the

Ministerial Decree OG B1079/4.6.2009, gave incentives to micro-scale rooftop SPVs,
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whereas high FITs of over 0.5€ per KW were given to residential producers. Until that
moment, micro-generation RETs had been introduced in the market as an off-grid
appliance allowing residences to be independent of the public utility and at a relatively
high installation cost. Through the law mentioned above, residential SPV energy was
introduced in the Greek market as an on-grid solution where homeowners could sell
their electricity production to the grid administrator. Under this law, households were
provided with a more profitable choice, avoiding the significant and costly issue of
energy storage faced by the off-grid scenario. The increased FIT implemented to
support micro SPVs increased the overall net profit and decreased the payback time of

the overall investment.

The implementation of the Ministerial Decree OG B1079/4.6.2009 can be considered
as the starting point for the on-grid micro-generation SPVs to set foot in the Greek
market and resulted in a substantial increase of micro-generation SPVs installations.
The total micro-generation SPVs power installed in Jan 2012 was approximately 121,33
MWh and almost tripled in 2019 (Deddie 2019). However, it is important to note that
in 2012, the accumulated applications reached the number of almost fifty thousand, and
only one in three has been successfully connected to the grid (Deddie 2019). In addition
to the great bureaucratic delays, feed-in-tariffs suffered two successive reductions for
new installations, the first by almost 50% following the Ministerial Decree OG
B14/11.01.2012 whereas the new FIT for all micro-generation technologies was set at
0.25€/Kw. A second reduction ensued in 2013 through the Ministerial Decree
B1103/02.5.2013. Furthermore, in many cases, grid saturation, especially in areas not
connected to the central electricity grid, has caused the pause of new installations. At
present, the FIT policy mechanism has evolved to net metering (Ministerial Decree
1547B/5.5.2017), where the utility offsets electricity production and consumption.
Within net-metering, any possible power difference is compensated with the price that
the power utility sells electricity to the building. All in all, following the degradation of
policy support mechanisms along with the insecure market environment, the demand
for building owners to install micro SPVs continues to remain low relative to the 2030

target set in the country’s NECP, of installed power greater than 1Gwh.

Besides the SPV technology, which has been a target of the policy framework in
Greece, several micro-generation alternative RETSs exist, and although they are not yet

supported, they can play an important role in the domestic electricity generation. Micro-
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wind turbines, available for domestic use under certain wind conditions, can have a
substantial impact on domestic generation (Bahaj et al. 2007; Allen et al. 2008).
However, the lack of predictability for wind resources in an on-grid configuration is
presented as a barrier for its diffusion by Allen et al. (2008) and Eleftheriades et al.
(2015). Furthermore, Kyritsis et al. (2017), argues that efficiency and safe operation of
the Greek electricity grid can be controlled only from more steady and predictable
sources such as thermal and hydropower plants. Another technology that produces both
heat and electricity using solar energy is the solar micro CHP (combined heating and
power), which through solar heating and the use, for instance, of sterling engines,
produces both hot water for heating and electricity. This technology, although not
supported by the Greek policy scheme, can produce a clearly greater advantage to its
end-users compared to the micro-wind and SPV technologies. The main requirement
for exploiting the heating advantage of micro solar CHP is the existence of a waterborne
heating system. Similar to the micro-wind, solar micro-CHP technology is not yet

supported as an on-grid installation in independent buildings (HACCHP 2015).

In addition to micro-generation, solar energy has also been used by solar thermal
systems in order to provide hot water. The solar thermal systems market in Greece has
experienced a remarkable increase in the number of installations, and Greece ranks third
in cumulative installed capacity per capita in the EU-27 countries, from 2008 to 2017
(CRES 2008; ESTIF 2017). The above indicates that solar thermal systems have
become a key product -if not a necessity- within a dynamic and mature open market,
although they did not receive any financial support from the Greek government. At this
point, it is worth mentioning that the on-grid SPVs diffusion process takes place in a
high state-regulated market, while this is not the case for solar thermal water systems.
However, the two technologies are similar both in a) installation requirements and b)
investment payback period taking as granted the implemented FIT/or net-metering
policy mechanisms supporting micro-SPV. Despite this fact, the up-take of SPVs is still
at an early stage and did not follow the evolution of the solar thermal systems market.
This might be due to the fact that the diffusion of micro-generation RET in Greece is
taking place in an unstable environment, whereas although incentives exist, the lack of
clear strategy in their implementation may have caused the underdevelopment of the

market.
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4. Diffusion of Innovation Theory Literature

In this section, we briefly present some of the basic elements of the DIT and borrowing
on Roger’s (2003) categorization on innovation main characteristics we analyze them

in the case of renewable energy micro-generation technologies.

4.1. Definitions and elements

Rogers (2003) defines diffusion as “the process by which an innovation is
communicated through certain channels over time among the members of a social
system.” In other words, diffusion consists of four essential elements, namely,
innovation, communication, time, and the social system. Following Rogers (2003), we
view an innovation as “an idea, practice, or object perceived as new by potential
adopters.” Innovation can arise either through a new technological breakthrough or
through a product or procedure improvement and adjustment to fit in new needs (EU
Green Paper on Innovation 1995). In the same line, Garcia and Calantone (2002, p. 112)
defines innovation as the evolution of an idea that reaches the market as a product or a
service. The diffusion process begins right after the innovation reaches the market, and
it is the differences among the innovation characteristics that influence the pace at
which it will diffuse. Under the DIT, these characteristics are classified into five
elements, namely, a) Relative advantage, b) Compatibility, ¢) Complexity, d)
Trialability, and e) Observability (Rogers 2003). Potential adopters’ knowledge and
understanding of innovation characteristics mitigate the risks and increase the

propensity of adoption, while perceptions are formed subjectively.

COMMUNICATION CHANNELS
< l 4
\ \
\ = XA o i ",\..
Knowledge / Persuation Decision Implementation Confiramtion )
/
/“
Characteristics of the Percieved 1. Adoption 1. Adoption > continued adoption
Decision Making unit Characterisitcs of the 2. Rejection 1. Adoption —> discontinuance
1 - Socioeconomic Innovation 2. Rejection —-> continued rejection
2 - Personality 3. Relative advantage 2. Rejection —-> |ater adoption
3- Communiacation b. Compatibility
behavior c. Complexity
d. Trialability
e. Observability

Figure 1.1: A model of stages in the innovation-decision process (Rogers 2003)

35



According to the DIT theory, innovation is diffused in a market through a five-step
process, namely knowledge, persuasion, decision, implementation, and confirmation.
The decision process begins in the knowledge stage, where potential adopters become
aware of the new technology (see Figure 1.1). Following the awareness stage, potential
adopters, who are interested in the innovation, actively seek information and form a
favorable or unfavorable attitude towards it. In this stage, individuals take into
consideration all surrounding uncertainties and risks regarding the adoption of an
innovation. The weighting of all available information to decide for it or against it
follows at the Decision stage. The last stages are the Implementation and confirmation
stage, and it is when adopters evaluate their decision in terms of continuing using the
innovation. In any of the diffusion stages mentioned above, potential consumers can be
exposed to different communication messages stemming from either individuals or
organizations. The communication process for the diffusion of innovations has many
aspects that should be taken into account by researchers. For instance, Claudy et al.
(2010) argue that in order for the communication of a micro-generation RET innovation
to be efficient, it must be targeted to a specific audience. Eventually, the majority of the
information exchanged between the members of a social system is associated with the

innovation’s characteristics affecting, therefore, potential adopters’ perceptions.

Following the previous discussion, one should also take into account the social system
within which an innovation is diffused. The social system is defined as a “set of
interrelated units that are engaged in joint problem-solving to accomplish a common
goal” (Rogers 2003). The social system sets the boundary for the diffusion process, and
the latter can be affected by the social norms and the interaction between units of the
system. In this direction, one should first define the structure of the social system or, in
other words, the units of the social system and its characteristics, their organizational
structure, the unit’s innovativeness, and the channels through which the individuals
communicate with each other, in order to unravel the possible interrelated factors

affecting the diffusion process of innovations.

4.2. The innovation of on-grid micro-generation RETS

This study distinguishes on-grid from off-grid micro-generation RETs and discusses

how underlying characteristics of the former assist in its diffusion process. The on-grid
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micro-generation RET, use inverters instead of expensive batteries, and the produced
electrical energy is directly exported into the grid (Allen et al. 2008; RETScreen 2004).
The decision to adopt on-grid micro-generation RETs results in a) a significant
reduction of the overall cost of the installed system, and b) the transformation of
homeowners into producers with a financial support advantage. Also, great
environmental benefits are gained from reducing local grid energy losses and meeting
the grid peak demand periods (RETScreen 2004).

In contrast, in the case of off-grid micro-generation, installers save money from the cost
of the electricity consumed. In addition, off-grid micro-generation RETSs installations
present as merit the full independence of buildings from electric utilities but are subject
to potential issues with the continuity of the power supply caused by the degradation
and damages of the equipment. Also, in the off-grid case, energy consumption habits
must adapt to the power supply or production. Importantly though, one of the main
differences between off-grid and on-grid micro-generation RETS is that the latter can
only exist when governments provide the legal framework for the produced electricity
to be sold to the grid. In this direction, on-grid micro-generation is subject to the
implemented energy policy strategy and the level of the underlying support mechanism,

which accordingly alter the innovation characteristics.

42.1. Innovation characteristics

We continue our discussion by analyzing the characteristics of innovation, that potential
adopters become aware of in the knowledge and persuasion stages of the diffusion
process and concentrate on the particular characteristics of the on-grid micro-generation

RETSs innovation.
Relative Advantage

The DIT defines the Relative Advantage characteristic as the individuals’ perceived
advantages of the innovation, in comparison to the state that it supersedes. In this
direction, Tornatzky and Klein (1982) define the relative advantage as economic,
social, and or personal benefit. Thus, one can argue that advantages from adopting
micro-generation RETs consist of economic motivation (Claudy et al. 2011; Simpson
and Clifton, 2017; Wolske et al. 2017), satisfaction over environmental benefits

37



(Simpson and Clifton, 2017) or any other personal satisfaction. Taking into
consideration the impediment of the high installation cost for micro-generation
technologies (Balcombe et al. 2013; Claudy et al. 2011, Scarpa et al. 2010; Baskaran et
al. 2013; Islam, 2014; Korcaj et al. 2015; Simpson and Clifton, 2017) the policy
mechanisms used to promote micro-generation RETS can be considered as an important

factor influencing their financial “relative advantage”.

For instance, the FIT scheme undoubtedly contributed to the spread of micro-generation
RETSs adoption by ensuring lower investment payback periods (Baulcombe et al. 2017;
Simson and Clifton, 2017; Schelly, 2014; Scarpa et al. 2010; Claudy et al. 2011).
Nevertheless, the issue of the high up-front capital cost is not addressed through FITs
but mainly from the implementation of an investment subsidy mechanism (Andor et al.
2015). The FITs mechanism is a production price subsidy that shifts the financial
advantages of installation through time rather than once at the beginning. In this case,
the perceived relative advantage of the innovation is subject to risk if potential adopters
do not trust that the government unit will keep the contracted level of FITs.

Continuing our discussion concerning the relative advantages of micro-generation
RETS, Claudy et al. (2011) argue that there are environmental benefits, additionally to
the financial ones. The researchers’ findings indicate that the reduction of the
environmental impact and the sense of independence from conventional fuels adds up
to the magnitude of homeowners’ willingness to pay. Following Homer and Kahle’s
(1998) value-attitude-behavior hierarchical model, personal values on the subject of
environmental pollution shape the attitude and, consequently, the behavior of
individuals towards environmentally friendly technologies. Thus, one could argue that
the perceived environmental benefit stems from the compatibility of the innovation
with the potential adopter’s environmental values. In this direction, a more thorough
discussion about the formation of the perceived environmental advantage follows later

on.
Compatibility

Another critical characteristic of innovation, defined form the DIT, is compatibility,
which, under a broad definition, means that potential adopters’ existing values, past
experiences, and needs, come in agreement with the innovation. The literature studying

micro-generation RETs adoption identifies mainly two types of compatibility. The first
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one has to do with potential adopters’ past experiences and values towards the
environment, and the second one focuses on operational compatibility defined either as
changing daily habits or modifications in the residence infrastructure. Tornasky and
Klein (1982), firstly identified the latter type of compatibility, along with normative
compatibility.

By using operational compatibility in a study of micro-generation RETs adoption,
Claudy et al. (2011) find that homeowners are more willing to pay for micro-generation
technologies when they perceive them as more compatible with their daily habits and
routines. They further argue that significant modification of existing infrastructure
when installing micro-generation technologies may result in changes in homeowners’
daily practices and routines. In the same line are the findings of Franceschinis et al.
(2017), that use a discrete choice experiment methodology to study the effect of thermal
RET system’s characteristics on the WTP of homeowners in Italian provinces and point
out that compatibility concerning fewer perceived changes in habits (past experiences)
and less perceived household modifications (operational compatibility) positively
influences homeowners WTP. Wolske et al. (2017) studied domestic on-grid SPV
adoption in the United States and proposed a theoretical framework based on three
theories, namely, the DIT, the theory of planned behavior (Ajzen, 1985), and the value-
belief-norm theory (Stern 2000). The researchers introduce the compatibility construct
defined as homeowners’ riskiness regarding possible household damages resulting
from SPV installation. They find that less perceived riskiness increases the on-grid
SPVs adoption.

As we have pointed out in section 3, on-grid micro-generation SPVs have the same
requirements as a solar thermal installation in terms of space and house modifications.
In the same line, this seems to be the case for other micro-generation technologies, such
as a vertical axis micro-wind turbine, where the only caveat for the latter installation is
that its profitability is subject to the site wind conditions (Allen et al. 2008). Thus, in
the case of the on-grid micro-generation RETS, there is no need for significant
household modifications or changes in the resident’s daily habits. The literature that
studies the adoption of solar thermal technologies focuses on compatibility with values
and past experiences (Labay and Kinnear, 1981; Berkowitz and Haines, 1980) and not

on operational compatibility. Thus, in the present study, our interest focuses on the
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environmentally friendly aspect of micro-generation RETs and whether they fit

potential adopters’ values and past experiences.

Indisputably, micro-generation RETs are environmentally friendlier than any other
conventional electricity-producing technology. Thus the perceived environmental
benefits of installing such a technology is an essential factor of its adoption process.
(Schwarz and Ernst, 2009; Balcombe et al. 2013; Rai 2013; Islam et al. 2014; Schelly
2014). Scholars, using behavioral theories such as Theory of planned behavior (Ajzen
1981) and Theory of Reasoned Action (Ajzen and M. Fishbein’s 1980), analyze the
environmental values of potential adopters as a factor influencing behavior intentions.
For instance, Leehner (2011) finds that environmental concern is a significant factor
for Dutch households to switch to own-power generation. Also, Korcaj et al. (2015),
through the use of a survey of potential adopters, finds that environmental attitudes
positively influence intentions of SPV adoption. In the same line, Dharshing (2017)
argues that environmental attitudes are the stepping stone for the adoption of SPVs in
Germany. Based on these pieces of evidence, and following Homer and Kahle’s (1998)
value-attitude-behavior hierarchical model, this study upholds that the compatibility of
the innovation with a homeowner’s environmental values influences the perceived
environmental benefit discussed previously and, in turn, the innovation adoption

process.
Complexity

Another important characteristic of the diffusion process of the innovation is its
complexity or, in other words, whether it is regarded as simple in understanding and use
by potential adopters. Scholars find that complexity in the form of perceptions on
required knowledge from potential adopters is negatively associated with the adoption
of micro-generation RETs (Claudy et al. 2011; Labay and Kinnear, 1981). The present
study argues that complexity can take more forms, and a comprehensive overview of
the social system of innovation is a requirement for its identification. The social system
in the case of an on-grid micro-generation RETSs installation is composed of the
following units, homeowners, installers, and the state. Under an introduced policy
scheme, the state may subsidize micro-producers with a high electricity price to sell
their electricity production into the grid. In order to proceed in with installation,
potential adopters must submit a proposal in an open call, and subsequently, the state
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following its regulatory procedures carries out an audit for each application. Thus, the
on-grid micro-generation produces complexity through the time and the paperwork
involved in the procedures needed for subsidization (Wolske et al. 2017). Following
this approach, we can expect that the risks associated with bureaucratic cost, act as a

weight against the adoption of micro-generation RETS.
Trialability

Besides the previously discussed characteristics, potential adopters of micro-generation
RETSs cannot try (Trialability) out the innovation, thus producing more uncertainty in
their choice. If they had the chance to try it before adoption, their uncertainty
concerning many aspects of the innovation would be lessened. For instance, a software
innovation can be easily tried out by potential adopters with a free trial period. Even an
off-grid micro-generation system could be used as a small-scale product sample.
Although the DIT considers trialability as the perceptions of the members of the social
system to try an innovation, literature on the topic of micro-generation technologies
uses as a proxy either the desire to try (Wolske et al. 2017) or the ability to obtain
information from family, relatives, friends, and acquaintances (Claudy et al. 2011).
However, according to the DIT, the latter approach approximates the definition of the

observability attribute where others can observe the effect and impact of an innovation.
Observability

Observability, which consists of the fifth attribute of innovations, is defined as “the
degree to which the results of an innovation are visible and communicable to others”
(Rogers, 2003, p.16). Installations of micro-generation RETSs can be easily observed by
potential adopters, thus stimulating peer influence. One would expect micro-generation
RET installed in the outside of the building, to be diffused more easily among
neighbors, friends, and acquaintances (Rogers 2003; Wolske et al. 2017). Additionally,
we should note that when referring to the observability of micro-generation RETS, a
question that arises is the extent to which it is confounded with the other attributes of
micro-generation RETs. Tornasky and Klein (1982), in their meta-analysis on studies
related to innovation characteristics, argue that although observability is positively
related to the rate of adoption of an innovation, an important aspect of this dimension
is related to the other attributes of innovations. In other words, incompatibility, low
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relative advantage, and the complexity of innovation may be communicated to potential

adopters and result in a dampening effect on the diffusion of an innovation.

4.2.2. Time of adoption

Governments’ role is to design stable policy schemes inspiring confidence in adopters.
Increased financial incentives for the adoption of micro-generation RETs expand the
motivation of potential adopters from just technical or environmental incentives to also
financial ones (Shelly, 2014) by increasing their perceived relative advantage. The level
of support influences the rate of adoption through its effect on the characteristics of the
micro-generation RETs innovation. In order to analyze the innovation rate of adoption,
the DIT categorizes potential adopters according to the time they adopt an innovation,
namely, innovators, early adopters, early majority, late majority, and laggards. The first
two categories, innovators and early majority, do not attach great value to the attribute
of trialability and observability since they do not have the benefit to learn from others’
experiences. On the other hand, the other three categories of adoption groups are
significantly affected by observing the behavior of former adopters. In this direction,
Moore (2014) identifies a chasm between the first two groups and the early and late
majority, whereas the latter groups need more time to understand the relative advantage

of the innovation.

Thus, the communication channels of the innovation’s social system play a key role for
the latter groups to apprehend the relative advantage and the policy mechanisms that
influence it and consequently achieve a critical mass. Simpson and Clifton, (2017)
survey different groups of adopters of SPVs in Australia and find that early majority’s
primary motivation was financial benefits, rather than technical and environmental
values of the early adopters’ group. This finding is further supported by the literature
(Baskaran et al. 2013; Leehner et al. 2011), indicating that homeowners with stronger

environmental values are classified in the first groups concerning the time of adoption.

Among the groups of early adopters and innovators, DIT recognizes opinion leaders as
the individuals that are able to influence other individuals over adoption. For instance,
Schelly (2014) interviewed 48 early adopters of solar electricity technologies from the
state of Wisconsin and finds that demographic characteristics and the desire to transfer
their know-how are common characteristics among this group. Yamamoto (2015),
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using a survey of adopters of SPVs in Japan, identifies the significant role of opinion
leaders for the influence of the decision to adopt. From this point of view, policymakers
should devise stable and multi-dimensional policy mechanisms that broaden the pool
of adopters. In particular, enhancing the awareness and knowledge of potential
adopters on the micro-generation RET, as well as increasing the understanding of the
implemented policy mechanisms, can have a pivotal role in the market to reach the

required critical mass and take off.

5. Methodology and Data

The island of Crete is located in the southern part of the EU, where solar radiation is
among the highest. Even though this means that Crete would be a place where large-
scale and micro-generation RETs would have a vital role in the electricity generation
map, this does not seem to be the case yet. The island of Crete is not connected to the
national electricity grid, and it is highly energy-dependent on conventional polluting
energy sources. However, the interconnection of islands and the further promotion of
micro-generation renewable technologies constitutes a strategic priority for the Greek
NECP for 2030. Still, at present, SPVs is the only available technology for on-grid
building micro-generation installation in the Greek electricity market, and potential
adopters have gone through several vicissitudes of the national policy strategy. In order
to elicit consumers’ preferences towards micro-generation technologies, we use a stated

preference choice experiment for different on-grid micro-generation RETS.

This section firstly presents the SP methodology, focusing on the selection of attributes,
the pilot testing, and the experimental design. We continue with the description of the
data gathered from the conducted stated preference questionnaire final administration.
Lastly, this section presents the econometric models used, focusing on the Multinomial

Logit, the Mixed Logit, and the Integrated Choice Latent Variable model.

5.1.  Survey questionnaire

5.1.1. Choice Experiment methodology

Within the class of SP methods, there are two main alternative groups of techniques,
namely, choice modeling (CM) and contingent valuation (CV). Contingent valuation
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concentrates on the valuation of a good or service as a whole, while choice modeling
seeks to elicit people’s preferences for the individual characteristics or attributes of
these goods and services. Therefore, since the relative valuation of the different
attributes of the alternative technologies is of interest in the present study, the CM
approach was adopted. In a CM questionnaire, the respondents are presented with a set
of choice cards where each choice card presents a set of alternatives with different levels
of the attributes. The respondent then has to choose an alternative for each choice card,
and by varying the levels of the alternative attributes, it is possible to obtain an estimate

of how much they value specific attributes.

In order to better define the subject of RETSs in Greece, we gathered information on the
topic of micro-generation technologies through face to face interviews with local
suppliers and from the press. The information gathered in combination with the study
of the existing literature indicated the three following on-grid micro-generation
alternative technologies: Solar Photovoltaic systems, Wind Generators, and Solar
Cogeneration Systems as the most common on-grid micro-generation technologies for
adoption by households at the time of the study in the case of developed electricity
markets such as the UK, Germany and other countries. At the time the choice
experiment was designed, solar cogeneration was an emerging micro-generation and
heat-producing system, whereas along with micro-wind, homeowners still cannot
install it on-grid. As is customary in choice experiments, we used a fourth alternative,
representing the Status Quo allowing respondents to remain within their present

situation.

In order to gain some more insights into the types of attributes that are the most relevant
to households, we carried four focus groups, consisting of seven to ten individuals each.
The participants were homeowners aged between 25 and 65. The focus groups gave
prominence to five attribute categories related to the installation and maintenance cost
of such technologies, overall benefits, product guaranty, and the lack of trust in the
government’s commitment to RES. We chose a labeled alternative CE rather than an
unlabelled one since labeled choice experiments are less abstract and may increase the

validity of the estimated results (Klgjgaard et al. 2012).
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5.1.2. Pilot testing and Attributes selection

In the present study, we carried out two rounds of pilot testing of the questionnaire to
fine-tune the levels and attributes of our experiment. During this process, we
administered the questionnaire to two small samples of twenty and forty-five randomly
selected homeowners, respectively, with ages between 25 to 65 years. Respondents
were first contacted by phone, and a short interview was conducted in order to check
whether they met the basic requirements (Non-adopter!, Homeowner?, Aged between
25 and 70, Decision Maker?, Central Heating®, Solar Water Heater installation®). If the
respondents met the requirements, we arranged an in-person interview. The selected
attributes for the present study are installation cost, annual savings from the electricity
sold to the power utility, heating bill savings, maintenance cost, years of guaranty,
aesthetics, and the time required for the grid connection approval. Table 1.1 below
presents the attributes as mentioned above together with their levels.

The installation cost and the annual savings attribute levels were formed for the
installation of one kWh of micro-generation RETs alternatives. At the time of the
survey, the roof-top installations of SPVs connected to the grid were promoted with a
fixed FIT price of 0.55 euro per kWh. Thus, we simulated real scenarios of the annual
saving attribute regarding three different levels of prices per installed kwh. The levels
are computed as the product of the electricity production and the electricity price levels,
where for the highest level, we used the FIT level mentioned above and for the lowest
the actual electricity market price, representing the net-metering policy scheme. In each
case, the level of electricity production was estimated with information taken for local
wind and solar conditions. In addition to the above, we have set four different
installation cost scenarios according to the current market cost for installing a micro-

generation SPV and Wind technology. As far as the cost of solar cogeneration is

! Respondents must not have already installed a micro-generation SPV in their residences.

2 Not all homeowners have the ability to install RES technologies since the installation most of the
times must take place at the roof of a building might be communal space, as for example in the case of
a block of apartments. Homeowners that cannot install any of the alternatives due to this restriction
were excluded from the sample.

3 1t is important for our research to record the views and choices of respondents who participate in the
decision making so as to reduce bias in our estimation results.

4 Without Central Heating - water radiators, Solar Co-generation system is not able to provide heat for
the residence, thus limiting this technology effectiveness. For this reason homeowners without central
heating were excluded.

5 Solar water heater installation is a prerequisite for new homeowners installing a RES technology (i.e.
Solar Photovoltaic) in order to be price subsidized.
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concerned, the hypothetical values used were based on quotations taken from foreign
enterprises selling it, and by also adding the extra cost of installation. With the scenarios
mentioned above, the investment payback periods reproduced in the CE spans from 4.5
years under the increased applied FIT mechanism of 0.55 per kWh, to 10 years, for the

net-metering scheme.

Table 1.1: Attributes and Attribute levels — final administration

Solar PV and Wind micro-generation alternatives

Attribute Level 1 Level 2 Level 3 Level 4
Installation Cost 2.500 € 3.250 € 4,000 € 4,750 €
Annual savings 400 € 500 € 600 €

Heating Savings

Maintenance Cost (Effects coded) S0 € 100 €
(base level)
Guaranty years 2 years 6 years 10 years
. Unstylish .
Aesthetics (Effects Coded) (base level) Neutral Stylish
Time required for approval 3 months 9 months 15 months

Solar Co-generation micro-generation alternatives

Attribute Level 1 Level 2 Level 3 Level 4
Installation Cost 10.000 € 11.500 € 13.000 € 14.500 €
Annual savings 400 € 500 € 600 €
Heating Savings 30% 50% 70%
. 50€
Maintenance Cost (Effects coded) 100 €
(base level)
Guaranty years 2 years 6 years 10 years
Aesthetics (Effects Coded) Unstylish Neutral Stylish
(base level)
Time required for approval 3 months 9 months 15 months

In the case of Solar Cogeneration, the installer, in addition to selling their production
to the grid, has an additional benefit that comes from the reduction of her annual
residence heating bill. The levels chosen for this attribute, are reported as percentages
of their previous heating bill. The maintenance cost is chosen to be the same amongst
the three alternatives and not more than 20 percent of the annual savings. In the case of
guaranty, we selected three values spanning from two to ten years that represented the
market conditions at the time of the implementation of the choice experiment.

Concerning the time required for issuing a permit for installing micro-generation RET,
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the present research took as a proxy the time needed for Solar Photovoltaic electricity
production permit to be issued, which at that time was approximately nine months. Two
additional values were selected, one lower and one greater in order to study whether
the complexity induced by the simplification or the deterioration of bureaucratic
procedures affects the choice to adopt micro-generation RETS. Finally, we introduced
the aesthetics with three levels where respondents, based on example images, were
asked to imagine how their residence would look like in each situation of unstylish,
neutral, and stylish intervention. We chose all attributes to be independent of one
another (Train 2000), and the number of levels, except the up-front installation cost, are
three or less to reduce complexity in our experiment (Louviere et al. 2000).
Furthermore, in order to enhance the decision-maker understanding of the choice
process, we informed them of taking into consideration the variability of attributes
levels among the different choice tasks and further rank the attributes under the priority

given in each choice situation (Louviere et al. 2000 p.275).

5.1.3. Experimental Design

Having identified the alternatives, attributes, and their levels, we proceeded with the
design of the choice experiment. The literature on choice experiments identifies mainly
two types of designs, namely, orthogonal and efficient designs (Pearmain et al. 1991;
Louviere, Hensher and Swait 2000; Ferrini and Scarpa 2007; Rose and Bliemer 2008;
Bliemer, Rose and Hensher 2008). Efficient designs optimize the design to reduce
standard errors with or without using former knowledge of the parameters (priors). It is
also the case that the bulk of the recent literature using choice experiments has opted
for efficient designs, mainly for two reasons. The first one is that although the property
of orthogonality avoids multicollinearity and minimizes the variance-covariance matrix
of the estimated model parameters in linear models (Rose and Bliemer, 2009), it is not
always preserved when the estimation of the actual model takes place (Rose and
Bliemer, 2009). The second one arises from the fact that discrete choice models, which

are used in the present study, are not linear.

Respondents in the present survey were called to trade-off six attributes for two
alternatives and seven attributes for the third alternative, with different levels each as it

is shown in Table 1.1. For efficiency reasons, only a fraction of all possible treatment
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combinations is selected either based on the property of orthogonality or by minimizing
the standard error for the estimated model (D-efficiency). The property of orthogonality
requires all estimate effects to be uncorrelated and loses statistical power for
unbalanced designs such as the one used in the present study (Louviere et al. 2000). On
the other hand, within the D-efficient designs, the most commonly used measure of
efficiency criterion is the D-error, which is based on the determinant of the asymptotic
variance-covariance matrix. Different choices for D-error are the Dz-error when no
information is available about the values or signs of the parameters and the Dp-error
when we have a good guess about the values of the parameters. Taking into account the
above, in the present study, we implemented a D-error efficient design for a
Multinomial Logit model. Thus, 12 different choice combinations subject to non-
dominance were produced. Each choice set contained all four alternatives, and each
respondent was called to answer six choice cards. The implementation of the pilot study
produced priors that led to the construction of a new Dy, error blocked efficient design,
a sample of which is presented in Figure 1.2. We produced the design using Ngene —
ChoiceMetrics, a specialized software in generating experimental designs.

CHOICE CARD

Taking into account

e The level of your financial restrictions and

e the attributes of the aforementioned environmental friendly micro-generation Renewable Energy Technologies
Would you proceed to installing one of the below systems (using your own savings or borrowing money) or would you
choose none of the systems and remain at your present situation? Please choose one option.

—k -~ e
,_ B T 3 = None
[V ! s - .
Solar photovoltaics Micro-wind Solar Cogeneration
Initial capital cost 4.750 e 2.500 e 13.000 e
Annual revenues from electricity 600 e 400 e 400 e
sold
Heat savings - - 50%
Annual maintenance cost S0e 100 e 100 e
Guaranty time 2 years 10 years 2 years
Aesthetics Unstylish Neutral Stylish
Time for issuing a permit 3 months 15 months 9 months
Choose only one option C C C
Which attributes did you use for your choice? Please rate them in order of priority
Initial capital cost Guaranty time
Annual profit from electricity sold Aesthetics
Heat savings Time for issuing a permit
Annual maintenance cost Other? Please Mention

Figure 1.2: Choice card example

48



5.2. Final Administration and Data Description

5.2.1. Final Administration

In addition to the choice experiment section, the questionnaire included three additional
parts related to a) the household’s living space and energy operational information, b)
the respondents’ environmental attitude and behavior, and c) the socioeconomic and
demographic information of homeowners. The final survey took place from the winter
of 2012 until the spring of 2013, in Heraklion and Rethymnon administrative districts
for a randomly selected stratified sample of these cities population. We conducted the
survey in two stages. In the first stage, we contacted respondents through either phone
or in-person interviews and checked whether they met the requirements, as discussed
previously in section 5.1.2. In the second stage, we called respondents to fill in an
internet-based or hard copy questionnaire. As far as the internet-based questionnaire is
concerned, we ensured respondents unique answers through creating personal email
tokens. Altogether, with a response rate of 51%, approximately 600 persons were
reached to participate in the survey, and only 236 of them met the criteria as mentioned
above. Forty-nine questionnaires were dropped out of the sample since important
information concerning their choices and demographic data were missing, so we were

left with 187 valid questionnaires with a total of 1122 observations.

5.2.2. Data Description

Table 1.2 shows the on-grid micro-generation choice distribution among alternatives
for the 1122 choice situations, and Table 1.3 presents the frequency of choices over the
six choice cards for the 187 respondents. The status quo (SQ) alternative is the most
frequently chosen, followed by SPV, Wind, and Solar Cogeneration (see Table 1.2).
This comes in agreement with the current situation in the Greek energy market, where
only micro SPVs are available as on-grid installations. A legitimate concern about our
data is that it could be subject to selection bias as it could be the case that those
respondents that are more interested in the subject of RET micro-generation are also
more likely to participate in the survey (Banfi et al. 2008). However, the frequent
selection of the status quo alternative, namely 24,6% of respondents chooses SQ in all
choice cards, in a choice experiment where there is high variation among the

alternatives’ attributes can be used as an argument against it.
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Table 1.2: Micro-generation choice distribution

Variable Frequency Percentage
Solar Photovoltaic 327 29,15%
Wind Generator 239 21,30%
Solar Cogenaration 121 10,78%
Status quo 435 38,77%

One would expect the choice to depend on the levels of the attributes, but in some cases,
respondents show their preference over specific alternatives. In particular, over three-
quarters of the respondents choose between one or two alternatives. One out of four
respondents selects only the SQ alternative, 18% show their preference over only SPVs
and Wind alternatives, and another 10% only select either an SPV technology or the
SQ alternative. In total, more than two-thirds of the respondents show their preference
over the most known alternatives of SPVs and wind technologies or staying at their
state level (SQ). A smaller percentage of around 6% shows its preference for the Solar
Cogeneration alternative or the SQ alternative, and only 13% choose among all the
three adoption options. As expected, SPV and wind alternatives confirm their

reputation as a known on-grid and off-grid, respectively, installed technologies.

In order to further analyze respondent’s choice, we compare how often they select the
adoption option according to their education level (see Table 1.4) and according to their
family income (see Table 1.5). The higher the education level of respondents, the more
they select the adoption option. Also, more than half of individuals with an educational
level higher than a high school degree selected more than four adoption choices on the
provided choice cards. Individuals with family incomes higher than 10,000 euros tend
to select more the adoption option. It is worth noting that more than half of the families
with an income level between 10,000 and 30,000 euros state that they would adopt a
micro-generation RET. Taking into consideration the fact that the 1 KW installation
cost lies between 2,500 and 4,750 euros for SPV and wind and 10,000 and 14,500 euros
for solar cogeneration, we can argue that almost 55% of the families with income level
in between 10,000 and 30,000 euros are willing to spend a rather high percentage of
their annual family income to adopt a micro-generation RET in their residence.
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Table 1.3: Frequency of respondents choice-combinations

Solar Photovoltaic Wind Generator Solar Cogeneration Status quo Frequency Percentage
[ ] [ ] [ ] ] 7 3.74%
n ] n 17 9.09%
] ] [ ] 23 12.30%
n n | 4 2.14%

[ ] u | 3 1.60%

[ ] n 4 2.14%
] n 1 0.53%

] [ 33 17.65%
| | | 18 9.63%
] [ ] 3 1.60%

] | 8 4.28%

n 7 3.74%
[ ] 4 2.14%

| 4 2.14%

] 46 24.60%

Table 1.4: Choice on micro—generation RETs and Education level

Adoption frequency < high school high school >= University degrees
0 times 37,50% 26,92% 20,43%
1-2 times 18,75% 7,69% 8,60%
3-4 times 25,00% 8,97% 12,90%
5-6 times 18,75% 56,41% 58,06%

The descriptive statistics of the explanatory variables used in the study are presented in
Table 1.6. The table presents the variables in three parts. The first part consists of the
socio-economic status of individuals, where 79% of the respondents are married, 53%
are males, and the average age of the respondents is around 45 years old. Moreover, the
family income seems to be concentrated in the levels of 10,000 to 30,000 euros,
containing more than 60% of the total sample. Also, the education level of 70% of the
participants is High school and University degree holders. The second part consists of
information regarding the homeowner’s residences, where the average residence size,
owned by the survey participants, is 114 square meters, and the average annual

electricity and heating bill is 1.150 and 908 euros, respectively.

The third part presents individual characteristics that can be related to important aspects

of the DIT. A large number of our sample respondents, around 55%, have previously
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searched for information over on-grid micro-generation RET installation and did not
proceed with adoption. This means that 55% of respondents have already reached the
first three stages of the adoption process, namely, Knowledge, Persuasion, and
Decision, and decided against adoption. Analyzing the communication channels
through which these respondents acquired knowledge on the innovation, around 43%
took information from the press or the internet. Moreover, around 34% have been
informed by relatives or acquaintances, and only 23% have taken advice from experts.
Also, it is important to notice that, at the time that the survey took place, 75% of our
sample homeowners reported that they have seen (observability) an on-grid micro-

generation RETS being installed on residences of relatives, friends, or acquaintances.

Table 1.5: Choice of on-grid micro-generation RETs and family income levels

Adoption

frequency Less than 10.000€ 10.000-20.000€  20.000-30.000€ >30.000€

0 times 41,18% 28,18% 14,00% 10,00%

1-2 times 5,88% 8,18% 8,00% 30,00%

3-4 times 11,76% 9,09% 18,00% 20,00%

5-6 times 41,18% 54,55% 60,00% 40,00%

Table 1.6: Descriptive statistics
Variable Mean Std.Dev. Minimum Maximum N.Cases Missing
Demographics
Married
0: no married 0.7914  0.4065 0 1 39 0
1: married 148
Gender
0: woman 0.5294 0.4994 0 1 88 0
1: man 99
Age 43.85 11.94 25 65 187 0
Education Level
Classes:
1: illiterate
2: Elementary School 16
43476 1.0812 2 6 0

3: Secondary School 18
4: High School 60
5: University degree 71
6: Master or higher 22
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Variable Mean Std.Dev  Minimum Maximum N.Cases Missing
Family Inc
Classes:
1:0 t010.000 17
2:10.001 to 20.000 57
3.0107 1.2755 1 6 0
3:20.001 to 30.000 53
4:30.001 to 40.000 37
5: 40.001 to 50.000 13
6: >50.000 10
Residence inforamtion
Annual Electrical Bill 1.1505 0.6288 0 3000 187 1
Annual Thermal Bill 0.9080 0.6600 O 3500 187 0
Residence Square Meters 11469 35.19 45 256 187 0
Residence age
1: <1950 7
2:1950-1975 3.1390 0.7330 1 4 19 0
3:1975-1999 106
4:>2000 60
DIT Profiling

Homeowners previously searched for RETs 187
0: No 0.5561 0.4971 0 1 83 0
1:yes 104
Known 35
MME / Internet 45
Specialist 24
Micro-generation RETSs observability 0.7433  0.4370 0 1 187 0
Maintenance of heating and
cooling systems
1:never 1.60%
2:seldom 41711 0.8916 1 5 2.67% 0
3:often 14.97%
4:almost always 38.50%
5:always 42.25%
Efficient use of excessive
energy (temperature)
1:never 0.00%
2:seldom 41230 1.0142 1 5 1.07% 0
3:often 6.95%
4:almost always 31.55%
5:always 60.43%
Replacement of home appliances
with more environmentally friendly
1:never
2:seldom 45027 0.7270 2 5 28(7)32 0
igrrtﬁgst always 10.70%
5:alwa S 25.13%

: \ 63.10%
Efficient use of excessive energy (lights)
1:never 0.00%
2:seldom 1.07%
3-often 46203 06545 2 5 6.42% 0
4:almost always 21.93%
5:always 70.59%
Recycling frequency
1:never 2.14%
2:seldom 5.88%
3often 43262 1.0001 1 5 8.56% 0
4:almost always 24.06%
5:always 59.36%
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Variable Mean Std.Dev  Minimum Maximum N.Cases Missing

Interested for the planet pollution

ézns?lightly 1.07%

g 43369 07595 1 5 0.53% 0
3:Fairly
4: important 9.63%
5: very important 41.18%

’ 47.59%
Interested for the pollution
of air and water in their city
1:no 0.00%
2: Slightly 45134 06734 2 5 1.07% 0
3:Fairly 6.95%
4: important 31.55%
5: very important 60.43%
Interested in garbage management
1:no 1.60%
2: Slightly 3.74%
3-Fairly 42246 0.8977 1 5 10.70% 0
4: important 38.50%
5: very important 45.45%

Aiming at capturing the compatibility of respondent's environmental values with the
innovation, we further measure their environmental attitudes and energy-efficient usage
past experiences (see Table 1.6). The energy-usage past experiences behavioral
questions were focused on how often homeowners carry out actions to reduce the
energy they use through either buying environmentally friendly home-appliances or
actions towards the efficient use of energy in their residences. In particular, within the
latter, the questions included are related to the proper and regular maintenance of their
heating and cooling systems, efficient regulation of their house temperature, and the
efficient use of lights. In order to measure the environmental attitudes of the
respondents, we asked questions regarding their interest in the pollution of the planet,
water, their city, and the garbage management in the area of their residence. The
answers were structured with a Likert scale from 1 (never or not important) to 5 (always
or very important). It is worth noting that more than 80% of the respondents always or
almost always implement actions to reduce their in-residence energy consumption for
appliances such as lights and heating and cooling systems. While 88% of the
respondents always or almost always replace their house appliances with
environmentally friendly ones. Recycling is an important habit for more than 80% of
the respondents, and almost 90% state that the planet pollution is important to them. In
the same line, more than 85% of the respondents state that garbage management in their

city is an important priority for them.
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5.3. Econometric Models

This section describes the different parametric modeling approaches used in the present
research for analyzing the preferences of Cretan homeowners. In particular, we analyze
the Multinomial Logit and the Mixed Logit models along with the extended Integrated
Choice Latent Variable Multinomial Logit model, which allows the introduction of
latent attitudinal variables. However, we firstly model an individual's decision-making
process under the Random Utility Theory (RUT) (Marschak, 1960; Manski, 1977), that
the above models are built upon.

5.3.1. Random Utility Theory (RUT)

A decision-maker (individual) must decide among a finite set of mutually exclusive and
exhaustive alternatives and enjoy an overall utility that depends both on the alternatives
and on their characteristics. Thus, if we define X;; as a vector of the characteristics of
alternative j, as faced by individual i and Z; a vector of a person's i characteristics, then

we can write the utility function of the decision-maker as

Uy =U(Xi,Zi), j=1,,J;i=1,,n, (1.1)
where J is the set mutually exclusive alternatives. Thus individual i will choose the

alternative that provides the highest utility. Or in other words, alternative j will be

chosen if
Ujj > Uy, forall k in J, (1.2)
or U(Xi;,Z;) > U(Xy, Z;), forall k inJ. (1.3)

Note that the choice set J could be individual specific, but for the present application,
all individuals face the same choice set. If we assume a specific function V' of
respondents’ characteristics and alternative’s attributes, Eqg. (1.1), can be written as

follows:
U(Xij, Zi) = V(Xij, Zi, B) + e, (1.4)

where V (), denotes the observed part of the utility, S is a vector of unknown parameters
and ej;, the random or unobserved component of the utility function. Then, the

probability that individual i will choose alternative j as can be written follows:
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Pij = PTOb(Uij > Uik,V k ?‘:j), (15)
Pij = PTOb(Vij + eij > Vik + eik,Vk ?‘:]), (16)
P;j = Prob(e;; — ey > Vi — Vi, V k # ). (1.7)

The estimation of the unknown parameters £, is what follows in the next sub-sections.

5.3.2. The Multinomial Logit Model

A base model for the estimation of discrete choice experiments is the Multinomial Logit

models, which assumes that the error term in Eq. (1.1), e;; follows a type | extreme

value distribution, and it is independently and identically distributed. Then the density

of each &;; can be written as

f (&) = exp(—&;;) exp(— exp(—&;;)), (1.8)

and its cumulative distribution as

F(e;;) = exp(—exp(—¢;)). Have (1.9)

Inserting the extreme value distribution and dropping the individual index for

simplicity, then the probability of choosing alternative j in Eq. (1.7) becomes:

p — )

TS e’ (1.10)

Then the ratio of the choice probabilities for two alternatives j and k can be written

exp(V )
P, Sh_jewwp _ exp(v) _
P_zi = Trp = exp(Vijc) = e (V;) —exp (Vi) N

Sty exp(Vi)

where the ratio of the two probabilities does not depend on the observed utility of the
characteristics of other alternatives. This property is called Independence of Irrelevant
Alternatives Property (I1A) (Luce, 1959; Train, 2000), which is a quite restrictive
condition to impose on the behavior of consumers and might fail to hold in many real
choice situations. The unknown parameters £ can then be estimated by maximum
likelihood methods. Noting that the true probability of a person to choose an alternative

is
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Yij
l_[iE(l,...]) Pl] ! ) (112)

where y;; is one if individual i chose alternative j, and zero otherwise. Then, the

likelihood function L for a random sample is given by:
_ Yij _ Vij
L =[liecr,.y [jecn,.. F;" = [L:I1; P~ (1.13)
Finally, the log-likelihood function can be written:
LL(B) = Xien X je; Vij In Py, (1.14)

The main limitation of the MNL model arises from the 11A property (see Eq. (1.11)). If
the 11A holds the cross elasticities for each alternative are equal (Hausman 1978). Three
tests have been developed in the literature to test the I1A property (McFadden et al.
1977; Small and Hsiao, 1985; Hausman and McFadden, 1984) and all of these tests
compare estimates from the restricted and unrestricted models where one of the
alternatives is excluded. Another limitation of the MNL model is that although it can
capture taste variations within a system of observed variables, random tastes among
individuals cannot be handled. The MNL model can incorporate a systematic variation
of tastes among the individuals; however, when this variation has a random component,
the iid assumption does not hold (Train, 2003). A model that relaxes I1A and allows
estimated parameters to vary among individuals is the Mixed Logit (MXL) (McFadden
& Train, 2000) model that is analyzed in the next subsection. Under the existence of an
unobserved random taste, the MNL may capture the average tastes, but it cannot

capture the heterogeneity of the tastes.

5.3.3. Mixed Logit Model

The Mixed Logit model (MXL) (Train, 2003) can overcome the limitations mentioned
above, by allowing substitution and correlation among alternatives and simultaneously
allowing for individual random taste variation. A desirable property of the MXL model
is that it comes from RUT. In the MXL model, the error term is assumed to be iid, and
the coefficients in the vector £, vary over decision-makers in the population with
density f(B), therefore allowing for the presence of individual heterogeneity. If we
assume that a) the coefficients of g, vary over decision-makers in the population with

density f(), and b) that the decision-maker knows the values of his §; and ¢;;, and c)
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for all J alternatives, the rule for the choice decision follows Eq.(1.4), the probability
of individual i choosing alternative j is given by:

Py = [ 2D ppyacp), (1.15)

21, exp(B'Xix)
Models estimated in the above form are called mixed logit models. In order to estimate
B; the distribution of the parameters must be specified. If a normal distribution is
assumed for B;, Eq. (1.15) now becomes:

exp(B'Xj)
Pi=|—F——"-—"7"— b,W)d(B), 1.16
)= [ 0 (Blb,W)A(B) (116)

where @ (B|b, W) is the normal density with mean b and covariance matrix . Note
that one disadvantage of using a normal distribution for the parameters is that it can
give rise to very large estimates of some of the coefficients since it is not bounded. The
unknown parameters in f and W can be then estimated by maximum simulated
likelihood methods. The reader is advised to see McFadden and Train (2000), for more
information on the estimation of a mixed logit model using the maximum simulated
likelihood method.

Although the MXL is a state of the art extension of the MNL overcoming the 1A
restrictions (Train 2000) and incorporating heterogeneity of preferences, it does not
point out the source of this heterogeneity. However, the present study borrowing latent
element characteristics of the DIT aims at shedding light on the factors affecting the
heterogeneity of choices on on-grid micro-generation RETSs. In this direction, the
discrete choice modeling literature proposes two approaches. The first is to follow a
two-step sequential process where the estimated latent variables are included in the
specification of the models (Ben-Akiva et al. 2002b; Ashok et al. 2002) and the second
is to integrate a structural equation model (SEM) in a discrete choice model (Ben-Akiva
etal. 2002b; Temme et al. 2008; Hess and Behhary-Borg 2011). In any of the two cases,
extending traditional choice models to incorporate latent factors proposed from
behavioral or innovation theories can shed light on important aspects of consumer’s
choice and on interpretation (Ben-Akiva et al. 2002a). Under the two-step sequential
process of estimating separate models of SEM and choice, the estimated latent variables
are introduced directly in the utility of the discrete choice model. However, such an

estimator is not statistically efficient, and it is preferable to use the second approach of
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the full information estimators (Ben-Akiva et al. 2002a; Temme et al. 2008; Bierlaire
et al. 2009). Thus, in the next subsection, we analyze the case of the full information

model, namely the Integrated Choice Latent Variable model.

5.3.4. Integrated Choice Latent Variable (ICLV) Model

The ICLV MNL model merges the classic MNL choice model with structural equation
modeling (SEM) for latent variables. Thus, if we add up a vector of latent variables n’s

to Eq. (1.4), the utility function becomes:
U(XLJJZL) = V(Xij!ZiJni;ﬁ) + el-j (117)

where X;; is a vector of alternative j’s characteristics as faced by person i, and Z; the
vector of person’s i characteristics, and we regard n; as a vector of the person’s i latent
characteristics. At this point, it is useful for the reader to distinguish two ways that the
latent variables vector n; enters the above equation. It can be either introduced directly
into the utility function or as a coefficient shifter for some . For instance, an individual
that perceives a micro-generation RET as more compatible with their values and past

experiences might be less affected by increases in the installation cost.

If we assume that the e;; is independently, identically distributed (i.i.d) extreme value,
the probability of respondents to choose alternative j, within the MNL model is as

follows:

exp(V(xi;,ZiMij,B))
P(yiy = 1%y, Zumi B) = 57 patils (1.18)

=1 €XD(V (x1j. Zej 10 B))’
The latent variables in vector n; are not observed and are a function of explanatory

variables X;. A simple structural model for the latent variable is as follows:
n =TIx; +;, (1.19)

where T is a vector of unknown coefficients of the observed variables x;, and ; is the
I.i.d normal random term. Since 7; is not observed, under a multiple indicator multiple
cause (MIMIC) model, the identification of Eqg. (1.19) requires that we obtain
information about the latent variable from multiple indicators, specifying their

relationship in the measurement part of the structural equation model (Ben-Akiva et al.
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2002a; Temme et al. 2008; Bierlaire et al. 2009). In the simplest linear case the indicator

measurement equations can be written as
Il* = ATh + Sl', (20)

where, I; is a vector of indicators, A is a matrix of factor loadings and ¢; is a vector of
measurement errors which are i.i.d. multivariate normal. The additional indicators are
useful to overcome identification problems but also for the efficiency of the SEM
estimation (Ben-Akiva et al. 1999). One should, however, distinguish among
continuous and discrete indicators when estimating an ICLV model. When indicators
are discrete, as it is the present study case since we use Likert scale variables, the

probability of a given response is given by an ordered probit model as follows:
PUly=j)=P(t1 < <7)= Pty S AN+ &, < 7))=
P(tiy —An; < g <1y — Any) = @(7; — Any) — D (721 — A1) (1.21)

where I; is an ordered discrete variable taking values js,...,jm, when the indicator takes
M distinct values, t; are the cut-off points which are parameters to be estimated with

T, = —oo and 7,, = oo, and ¢ the normal conditional density function.

Addressing the identification issue of Eq. (1.19), with the use of Eq. (1.20) and Eg.
(1.21), and by assuming that the random errors of the above equations are independent,
the probability of observing a specific alternative being chosen is given by the following

multidimensional integral:

P(y; = 1|x,0) = [ P(y; = 1|x,zn, B) x filln; A, Z) fy(n|x; T, £ )dn, (1.22)

where 0 represents the model parameters, P(.) is the probability function of observing
the choice of a specific alternative conditional on the latent variable, f;(I|n, 4, X) is
the density function of the latent variable indicators related to the measurement model
and f,(n
structural model. Finally, X, and X, are the covariance matrices of the errors and the

x; T, 2;) is the density function of the latent variable that corresponds to the

individual subindex has been dropped for simplicity. Thus, using full information
maximum likelihood techniques for efficiently estimating 6, we obtain the likelihood

function for a particular individual,
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x,6)"7 = [T1;P(Y; = 1]x,2,1,8,%.) X
x; T, Z7)dn, (1.23)

L=1I;P(v, =11

filln; A2 f,(n

If more than one latent variable is used, random numerical integration is not as efficient
as Monte-Carlo integration for predicting latent estimators (Bierlaire 2018). Monte
Carlo integration involves simulating chosen probabilities in a large number of cases
and obtain the maximum likelihood, whereas, in a multidimensional integral, the use of

Monte Carlo simulation is more efficient (Judd 1998).

6. Model specification and estimation results

In this study, we introduce two latent factors in an ICLV MNL and compare its results
with the MNL and the MXL model. The ICLV model incorporates two sub-models,
namely the discrete choice model and the latent structural equation model, as shown in
Figure 1.3. Rectangular boxes represent observed variables such as attributes,
demographics, attitudinal and behavioral indicators, and choices, and ovals represent
the latent variables such as the utility and the attitudinal variables. The direction of the
arrows shows the dependence between latent variables, indicators, other factors, and

demographics.

The structural equation model links the latent variable with the indicators, the
demographic, and other factors. In order to decide the indicators used in the SEM
model, we performed an exploratory factor analysis (see Table 1.7). The results of the
explanatory factor analysis indicate the existence of two latent variables, specifying the
homeowners’ environmental values (Factor 1) and their past experiences on electricity
energy-saving (Factor 2). The indicators for Factor 1 are the homeowners’ recycling
attitudes, their interest in waste management, and the planet and city pollution. Factor
2 indicators are efficient energy use actions such as management of lights, thermal
appliances, maintenance of heating and cooling systems, and the replacement of home

appliances with more environmentally friendly ones.

The results of the factor analysis indicate that there are two distinct latent constructs,
one is environmental, and the other is financial. We posit that these two latent constructs
affect the utility derived from the different alternatives and, therefore, the choice of

different technologies. Micro-generation RETSs inextricably contribute to the
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conservation of the environment (Schwarz and Ernst, 2008; Balcombe et al. 2013; Rai
2013; Islam et al. 2014; Schelly 2014; Korcaj et al. 2015; Dharsing 2017) since less
CO2 emissions are produced from their use. Although there is a dispute between
scholars about the negative impacts of large-scale RETs on damaging or consuming
natural resources (Hadian and Madani, 2015; Burkhard et al. 2012, Helfenstein and
Kienast, 2014 among others), micro-generation RETs installed in buildings do not pose
similar issues. In addition to the micro-generation RETSs environmental aspect,
homeowners may install them only due to overall savings (Simpson and Clifton, 2017;
Baskaran et al. 2013; Leehner et al. 2011). For instance, the same thing happens with
economy light bulbs or solar water heaters, where some people use them not only for

their environmental friendliness but because they perceive there is an economic gain.

/ Indicators

« Maintenance of heating and cooling
systems
« Efficient use of  excessive
heating(temperature)
« Replacement of home appliances
Attributes of alternatives with more Env friendly
« Efficient use of excessive energy
« Installation Cost (lights)
« Revenues « Household Recycle attitude
« Maintenance Cost « Interested for the planet pollution
e Years of Guaranty « Interested for the pollution of air and
o Aesthetics water in their city
o Time delay « Interested in garbage management
« Thermal bill savings \ /

"

Latent Variables

Choice of micro-
generation RETs

| Environmental values
& SPV s Utility
. Wind H
e  SolarCogen |
. sQ '

Compatibility

energy-bill saving

Homeowner's characteristics

Factors - Demographics

« Family Income

« Education Level

« Gender

« Observability within family,
acquaintances and familiars

o Micro-generation RET Information
search

o Family_status (married or not)

o No of kids

« Homeowner's education (low or
high)

« Residence age

« Respondent's age

Figure 1.3: Discrete and latent structural equation model
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We can then expect that the higher the environmental interest, the higher the
compatibility with micro-generation RETs (environmental values compatibility). We
can also expect that potential adopters with a more active electricity-bill saving
behavior will have greater motivation for adoption since such behavior will be rewarded
more if, for instance, higher FITs are implemented (energy-bill saving compatibility).
According to Homer and Kahle (1998), that proposed the value-attitude-behavior
hierarchical model, values which are presented as a set of longlasting beliefs directly
affect attitudes, and in turn, attitudes affect behaviors. According to this model, both
individual attitudes and behaviors are, in principle, more numerous and context-specific
than values. Thus, within the above setting, individuals with strong environmental
values will show a bigger interest in several environmental issues such as garbage
management and pollution, and individuals with an electricity-saving attitude will
engage in different energy-saving actions in their residence. Given the above causation,
both latent structures are assumed reflective, or in other words, the latent variables

cause the indicators’ variation.

Table 1.7: Explanatory factor analysis

Indicators Enviroﬁﬁziall values Energy-b'izlellzgjvrirzlg attitude
ll\/l(e:]ig\t/ir:;r;c?:m:ﬁ)ing and cooling systems 0,024 0.604
Elff(lnc;\elg)lf;e(zfl \tlev);;es;swe (temperature 0,063 0.751
i%tzﬁgceerr)r_]gn(tp\olm(;ge appliances with more 0.072 0322
Ef(fr:cecaer:t)_uss?:lfv\?;(;s)55|ve energy (lights) 0,094 0.268
ool il s
Ilnzﬁgensé?fjsf?vretrr;e nﬁLacnhe)t pollution 0761 0073
Ilnzﬁgensé?fjsf?vretrr;e nﬁzlclrl:)tlon of air and water in their city 0.769 0.092
Interested in garbage management 079 0012

1 (none)-5 (very much)

6.1. Structural and Utility Models Equations

Starting from the specification of the utility functions for the four alternatives in the
MNL model, we extend it for the case of the ICLV model in order to accommodate the

inclusion of latent variables and for the MXL model to allow for random parameters.
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6.1.1. Specification of the utilities in Multinomial and Mixed Logit model

We formulated the homeowner’s utilities of the different choice alternatives for the
estimation of the base MNL model using the attributes described in Table 1.1, and the
observed individual socio-economic, residence, and DIT characteristics, shown in
Table 1.6.

Uspy = aSCspyy + by * Costgy,y, + b, * Revenuess,, + b, * MaintenanceCosty,
+ bs * Guaranty, + be * D Aestheticssy, + b; * D;Aestheticsgy,
+ bg x Timedelays.ogen

Uying = b1 * Cost,,ing + b, ¥ Revenues,,inqg + by ¥ MaintenanceCost,inqg + bs
* Guaranty, + bg * D Aestheticsy,inqg + b7 * D,AestheticSyinag
+ bg * Timedelay,,ina

USCogen = aSCscogen + by * COStScogen + by * Revenuesscogen + bs
* HeatSavingsscogen + bs * MaintenanceCostscogen + bs
* GUArantyscogen + be * D1AestheticSgcogen + b7
* Dy AestheticSscogen + bg * Timedelayscogen

Usg = ascsq + a1 * Observabillity + a, * Family Income + a3 * Gender + a,
* Infosearch

(1.24)

For identification purposes, the alternative specific constant of the wind choice is set to
zero. The deterministic part of the utility of SQ contains only observability and
variables described in Table 1.7. The experimental attributes used in the formation of
the above utilities are the amount of the installation cost for each alternative (Cost), the
annual revenues obtained from selling the electricity produced from each of the three
alternative RETs (Revenues), the annual maintenance cost of the installation
(MaintenanceCost), the number of years that the manufacturer guarantees the
functionality of the product (Guaranty), two effect coded variables for aesthetics
(Aesthetics) using as reference group the bad aesthetics, the time needed for a potential
installer to acquire a permit (Timedelay) and savings from using the solar cogeneration
heating system (HeatSavings). The latter is defined as the last annual household heating
bill savings for each residence, or in other words, the percentage of heat savings
reported in each choice card multiplied with the respondents’ last annual heating bill in

euros. In order to avoid the estimated coefficients of the MaintenanceCost and the
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Aesthetics variables to be confounded with the alternative specific constants, we used

effects coded for their introduction in the utilities.

Following DIT, we introduce a dummy variable (Observability), taking the value of 1
if homeowners had observed installations of micro-generation RETs from
acquaintances or relatives. We include this variable in the SQ utility to test whether the
visibility of installations of micro-generation RETSs affects adoption propensity. Also,
we included in the SQ utility the level of family income (Family Income) and the
gender (Gender) of each individual to recognize possible demographic variations in our
sample. The Family Income is dummy coded with four different levels unifying family
income levels greater than 40,000 euros. In order to test whether the existing variability
on the stage of the decision process among the individuals in our sample has an effect
on the adoption choice over micro-generation RETs, we also introduce a dummy
variable taking the value of 1 if respondents have previously searched for information

(Infosearch) and 0 otherwise.

The specification of the utility model for the Mixed Logit model is also given by Eq.
(1.24) above, but the parameters of the alternative specific attributes (b;,l = 1,---,8)
are assumed to be random. Normal distribution was assumed for the random
parameters, and the t-statistic of the deviation of the random parameter test was used to
select random parameters. Based on the above testing procedure, we selected the
coefficients of Cost (b;), and the Timedelay (bg) as random parameters. Both the
MNL and the MXL models have been estimated with the software Biogeme (Bierlaire,
2018).

6.1.2. Specification of the utilities for the ICLV model

Since there are different ways to introduce latent constructs in the utility functions,
namely as variables entering the utility or as parameter shifters, different specifications
were tried. However, we report below the three final specifications that were chosen
based on the log-likelihood ratio test for the comparison of the different specification
scenario. The first specification (ICLV_MNL1) is the same as Eq. (1.24) where the

coefficient of cost, b, is specified a
b, = b * exp(bn1 * 771) (1.25)
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where n, is the first latent factor related to compatibility of innovation with
environmental values and b¢, b, are parameters to be estimated. This specification
allows for heterogeneity since the effect of the estimated parameter of the Cost attribute
depends on the compatibility with environmental values. Given a value for b, the
absolute value of b; will be increasing in “compatibility” whenever b, is positive and
decreasing otherwise. As we expect installation cost to have a negative effect, b, is
anticipated to be negative. In addition, it is expected that higher levels of compatibility
with environmental values will “soften” the negative effect of cost on the utility of the

micro-generation alternatives, therefore we expect b, to be negative as well.

The second specification (ICLV_MNLZ2) introduces the second latent construct 7,,
compatibility with energy-saving behavior, in the utility of the status quo as an
additional explanatory variable in Eq. (1.24). We would expect that the probability of
choosing the SQ decreases with the level of n,, as potential adopters whose actions are
compatible with energy saving are expected to prefer the new RET based technologies
to the SQ. The third specification (ICLV_MNL3) combines the two previous models
and introduces both latent variables simultaneously in Eq. (1.24), whereas n, is again a
shifter of the cost coefficient and n, is added to the status quo utility equation as an
additional explanatory variable. The above models have been estimated with the
Biogeme (Bierlaire, 2018), which is a Python open-source software. Full information
maximum likelihood has been used for the three models handling the calculation of
integrals with numerical integration for models ICLV_MNL1 and ICLV_MNL2 and
Monte-Carlo integration from model ICLV_MNLZ3.

6.1.3. Specification of the Measurement and Structural Equation Models

In the SEM model, the number of indicators defines the number of equations used. In
order to capture the two latent variables and following the exploratory factor analysis,

we formed eight equations, four for each latent variable as follows:
Iyj =akj+)lj,c*r]j+u,cj, (1.26)

for k = 1,2,..4, the number of indicators and j = 1,2, the number of latent variables.

n; denotes the latent variables and I, denotes the indicators used for each latent
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variable, as shown in Table 1.7. The error term wu, follows a normal distribution with

zero mean and varianceoy, .

Following Eq. (1.19), the latent variables structural model is given by:

1M1 = €11 + ¢ * ResidenceAge + c¢13 * Higheducation

Ny = Cy1 + Cop * HighAge + c,3 *x Higheducation (1.27)

The control variables used for the structural equation of n,, which represents the
compatibility of micro-generation RETs with respondent's environmental values, are a
dummy variable for a respondent’s education level greater than highschool
(Higheducation) and a categorical variable of their residence age (ResidenceAge).
Also, for the structural equation of n,, which represents the compatibility of micro-
generation RETs with the respondent's financial motive to save energy, we used again
the Higheducation variable, and a dummy variable indicating if the respondent age is
above the mean (HighAge). We can expect that respondents with higher education will
have a higher interest in saving the environment and more active behavior concerning

saving money from energy-saving actions.

6.2. Utility and Structural Models Estimation Results

Table 1.8 presents the estimation results of the MNL and MXL models in the first and
last columns, respectively, while the remaining columns display the results for the three
ICLV models. Note that the variables Annual Savings, Installation Cost, and Thermal
Savings have been measured in thousands of euros when estimating the different
models. The log-likelihood values for the ICLV_MNL_1, ICLV_MNL_2,and ICLV _
MNL_3 models are calculated for only the choice probabilities in order to be
comparable to the MNL, and MXL models. The ICLV models provide significantly
better fit compared to the MNL and Mixed Logit model according to McFadden’s
pseudo R?, where the latter is five times bigger for the ICLV models than for the MNL
and more than twice as big than the one for the MXL models. We also note that the
AIC, BIC criteria, again calculated only for the choice probabilities, report the lowest
values for the ICLV models.

As it is shown in Table 1.8, the ICLV models are the same with respect to MXL, in

terms of overall fit, but in terms of estimation results, the difference of the estimated
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coefficients is moderate. The estimation results of the MNL model, show that all
estimated attribute coefficients have the expected signs. For instance, higher installation
cost is a deterrent to the choice of respondents to adopt one of the three technologies.
Confirming related literature (Claudy et al. 2011, Scarpa et al. 2010; Islam, 2014;
Simpson and Clifton, 2017; Su et al. 2018), our results indicate that the installation cost
acts as a barrier for the diffusion process of micro-generation RETs. Also, greater
expected revenues positively influence the probability of adopting all three
technologies (1% significance level) and heating savings positively and significantly
(at 5%) affect the deployment of Solar Cogeneration technology. Furthermore,
expanding the years of guaranty has a significant positive effect on the probability of
adoption. Also, an increase in the time needed for a state approval will negatively and
significantly effect (at the 1%) new installations. This indicates that homeowners
perceive the extra time waiting for a permit to be issued as a complexity (Wolske et al.
2017) and need to be compensated for any delay caused by inefficient bureaucratic

procedures.

Homeowners positively and significantly value stylish installations to unstylish ones,
whereas the effect from unstylish to neutral aesthetics level is greater in magnitude than
from neutral to stylish. In contrast to the findings of Rai and Sigrin (2013) indicating
that adopters of micro-generation RETs do not differ with respect to their socio-
demographic characteristics, our result indicates that higher family income positively
and significantly affects the decision for the deployment of each of the three
technologies, while lower-income agents seem to prefer the SQ alternative. Our results
also indicate that men are less likely to choose the SQ option. Furthermore, confirming
the DIT, respondents that have observed installations of micro-generation RET in their
social circle have a higher propensity to adopt a micro-generation RET. Our results are
in the same line as the ones from Wolske et al. (2017) that find observability to have a
direct effect on the relative advantage of micro-generation RETs and, in turn, to
increase homeowner's interest for adoption. Also, our results indicate that the
respondents that have searched for information about micro-generation RETS, have a
negative and significant effect on the SQ alternative, or in other words, they have a
higher propensity to decide over adoption.
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Table 1.8: Models Estimation results (standard errors in parenthesis)

ICLV_ ICLV_ ICLV_
Variable C'\(’)'eNﬁ';e MNL_1 MNL_2 MNL_3 C“(:'eé'-se
Coef/se Coef/ se Coef/ se
. 0.345%*% 0.331%** 0.330%** 0.331%** 0.405%*
Spv:asc 0.0884 0.0888 0.0888 0.0888 0.1082
. 2.04%** 1.86%** 1.96%** 1.87%%* 2.112%**
scogen:asc 0.410 0.417 0.414 0.417 0.5228
_ 0.321 0.386 -0.529 -0.543 -0.448
5q-asc 0.396 0.398 0.506 0.505 0.5556
Dlaesthetics 0.137** 0.137** 0.139** 0.139%* 0.282**
0.0607 0.0613 0.0612 0.0613 0.1127
D2aesthetics 0.0949* 0.0951* 0.0938* 0.0943* 0.058
0.0553 0.0557 0.0557 0.0557 0.0694
Guarant 0.0325%** 0.0335%** 0.0336%*** 0.0335%*** 0.034**
y 0.0126 0.0127 0.0127 0.0127 0.0142
Maint Cost -0.0732** -0.0871* -0.0878** -0.0879** -.099%*
aintenancetos 0.0409 0.0413 0.0412 0.0413 0.0448
Revenues 1.72%%* 1.69%** 1.69%** 1,69%** 1.974%**
0.497 0.501 0.501 0.501 0.6038
ThermalRevenues 0.446** 0.584** 0.470%* 0.569** 0.713**
0.224 0.229 0.225 0.229 0.3370
Observabilli -0.287*** -0.354%%* -0.367%** -0.390 -0.465%**
ty 0.146 0.147 0.148 0.149 0.1973
Gender 0.285%** 0.309*** 0.378*** 0.399 0.3706
0.128 0.130 0.135 0.136** 0.1693**
Family Income 1 1.11%x 0.889 0.903*** 0.913 1.077%**
y 0.263 0.277*** 0.279 0.280%** 0.3613
Family Income 2 0.555%** 0.572%** 0.567*** 0.585 0.648**
y 0.215 0.216 0.217 0.218%** 0.2746
Family Income 3 0.195 0.179 0.142 0.154 0.252
y 0.221 0.223 0.223 0.225 0.2801
Family Income 4 -0.0239 -0.0126 -0.0546 -0.07 0.089
y 0.241 0.241 0.243 0.245 0.3035
Info search -0.789%** -0.752%** -0.750%** 0.777%** -0.925%**
— 0.131 0.133 0.134 0.135 0.1933
Cost -0.348%** -0.342 -0.449%**
0.0432 0.0434 0.0760
0.149%**
sd_Cost 0.0594
Timedel -0.0216%** -0.0225%** -0.0222%** -0.0224%** -0.06%*
tmedelay 0.0084 0.0084 0.0084 0.0085 0.0279
) 0.121**
Sd_timedelay 00518
b -0.272%* -0.275%*
o 0.0486 0.0486
(by,) Factor 1: Environmental -0.168** -0.160***
Values 0.671 0.0662
(by,) Factor 2: Energy-bill saving -0.482*** -0.489***
attitude 0.165 0.162
Log Likelihood -1380,45 -1353.60 -1355.89 -1352.71 -1355.67
Akaike Information Criterion 2798.9 2743.2 2747.78 2745.42 2751.34
Bayesian information criterion 2818.85 2762.1 2766.68 2766.42 2772.34
McFadden Rho 0.13 0.21 0.21 0.21 0.21
Sample size 1122 1122 1122 1122 1122

"p<0.001, "p<0.01, p<0.05
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The ICLV_MNL_1, ICLV_ MNL_2, and ICLV_ MNL_3 model results are similar in
terms of the sign of the estimated coefficients to the MNL model. However, we find
differences in the magnitude of the estimated coefficients, in particular, regarding the
installation cost for the ICLV models that includes the environmental values latent
variable as its variant (ICLV_ MNL_1, ICLV_ MNL_3). Within these models, we can
retrieve valuable information regarding the effect of environmental values
compatibility on the perceived value of installation cost. In particular, our results
indicate a negative and significant (at the 1%) effect of the latent variable of
environmental values in the cost attribute. In other words, the higher the compatibility
of the homeowner’s environmental values with micro-generation RETS, the smallest
the negative effect of Cost attribute, or in other words, homeowner's heterogeneity in
preferences changes according to their environmental concern. Also, the inclusion of
the latent variable of energy-bill saving attitude (ICLV_MNL _2) indicates that the
higher it is, the smaller is the probability of selecting the SQ alternative or the higher
the probability of adoption. In both cases, we confirm the DIT and find that the higher
the level of the latent constructs, the higher the probability of adoption. This means that
the more environmentally conscious a homeowner is and/or the more concerned about
energy savings, the more likely they are to choose one of the micro-generation

technologies.

The MXL model estimation results are the same in terms of signs and significance but
are higher in absolute value than for the other models. The estimated random
parameters of Cost and Timedelay indicate that there is significant heterogeneity
among respondent's preferences concerning the magnitude of the installation cost and
the time they are willing to wait for issuing a permit or in other words to be
compensated. However, the small mean of time delay, together with the high standard
deviation, indicates that for some homeowners, the effect of time delay is positive.
Thus, we can argue that the MXL model does address unobserved heterogeneity,
providing different estimates for each individual, however, it does not provide
information regarding its source as the ICLV_MNL_1 and ICLV_MNL_3 models.
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Table 1.9: Latent variable part of the ICLV models

ICLV_MNL_1 ICLV_MNL_2 ICLV_MNL_3
Coef se Coef se Coef se
Measurement Equation
Maintenance of heating and cooling systems (4,) 1.39 0.161%** 1.37 0.159%**
Efficient use of excessive temperature (4,,) 2.04 0.251*** 1.93 0.232***
Replacement of home appliances with
environmental friendly (4,5)
Efficient use of excessive energy (lights) (1,,) 0.700 0.123*** 0.719 0.123***
Household Recycle attitude (4,,)
Interested for the planet pollution (4,,) 1.06 0.0970*** 1.06 0.098***
st o e oluton o
Interested in garbage management (1,,) 1.33 0.120*** 1.33 0.120***
Structural Equation

ResidenceAge (c13) -0.092 0.026*** -0.093 0.026***
Highage (c34) -0.017 0.004** -0.016 0.043
HighEducation (c43) 0.101 0.049*** 0.102 0.048**
HighEducation (c,3) 0.157 0.054*** 0.162 0.057***
Intercept (cq4) -1.70 0.107*** -1.70 0.108***
Intercept (cq4) -1.75 0.082*** -1.76 0.084***

"p<0.001, "p<0.01, p<0.05

The results of the SEM part of the ICLV model are presented in Table 1.9. For
identification purposes in the structural equation model estimation, we kept constant
one indicator for each latent variable used (Bierlaire 2018). Thus the replacement of
home appliances regarding Factor 1 and the household recycle attitude for Factor 2 is
kept constant and not reported in Table 1.9. The coefficients of the indicators are
presented for each estimated ICLV model. We should note that the reported results
show the effect of the latent variables on the indicators. The structural equation model
confirms the results of the explanatory factor analysis, and we find that the higher the
environmentally friendly values of a homeowner, the more they are interested in the
planet, city pollution, and garbage management programs. In the same line, increased

interest in savings from energy consumption causes the actions towards it.

The independent variables used for explaining the latent factors are a dummy variable
for a respondent’s education level greater than highschool and a categorical variable of
their residence age. Thus, the results indicate that homeowners with a higher than high-

school education level have formed strong, environmentally friendly values and also an
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energy-efficient attitude in their residence. Interestingly enough, we also find that
homeowners that built their household more recently belong in the former category.
This could be an indication of a direct effect of the implemented policy towards this
direction. For instance, the mandatory implementation of energy certificates (law
4111/2012 or past building code laws) in every transaction involving buildings, may
have driven homeowners that have recently built their residences towards this direction.
It could also be the case that the eco-friendly technological advancements are forging
ahead, and homeowners that constructed their residence recently are informed of them
and, in turn, cultivate both their environmental values and energy-efficient attitudes.
Finally, as expected, the saving behavior from energy consumption is more likely to be

met withn aged respondents.

6.3. Willingness to Pay for micro-generation RETS

6.3.1. Willingness to Pay estimation

The measurement of the economic value of micro-generation RETs characteristics is
made through estimating homeowner's willingness-to-pay (WTP). Following Eq. (1.4),

the WTP for an additional unit of an attribute x; is

Wy = — —Yil%%k_ (1.28)

an/axjcost'

where, x; represents the known attribute levels of attribute k for alternative j, and
dV;/0xjcos: is the marginal utility of installation cost. For the MNL model, when the
attributes appear linearly in the utility function as is for the present case, we obtain the
WTP measures by computing the negative ratio of the estimated attribute coefficients
to the installation cost coefficient (Train 2000). For instance, following Eqg. (1.24), the
mean WTP for the annual revenues attribute is estimated as the ratio of —b,/b,.
However, when an attribute is effect coded and it has only two levels, as it is the case

for Maintenance Cost, the WTP is estimated as twice the ratio (—b,/b;).

On the other hand, for the estimation of the WTP for the ICLV models, and when the
dV;/0x;jcos: is related to the latent variable n; (ICLV_MNL_1 and ICLV_MNL_3

models) we need to use Eq. (1.25). Thus the WTP measure follows a normal distribution

as the latent variable is assumed to be normal. Following, Hess and Behhary-Borg
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(2011), we simulated 10.000 draws for the latent variable n; for each individual. Using
the estimated output of Table 1.8 and Table 1.9, we obtain the respective values of the
coefficients for each draw and divide each attribute coefficient with the price

coefficient.

Furthermore, for the case of the MXL model, since we have assumed the price
coefficient to follow a normal distribution, we can write the parameter of installation

cost B, as

Bp = Up + 0pZy, (1.29)
where z, follows a standard normal distribution N(0,1), u, represents the mean, and
o, represents the standard deviation. Then the WTP can be written as follows:

wie(z,|6,) = m, (1.30)

where 6, = (u,, 0,,). Then the unconditional WTP estimate for an additional unit of an

attribute K is the following:
Wy = fzp M//Tc(zplgp) dF,(zp). (1.31)

While, in the case of Timedealy, the distribution z, and the parameter vector 6y, is also
introduced in Eq. (1.31). We estimated Eq. (1.30) by simulation methods using 100
pseudo-random draws (Train 2000). An issue that can arise from Eq. (1.30) is that it is

not defined at B, = 0 (Bliemer and Rose, 2013). However, in the present case, the

individual estimation results of 3,0 for the MXL model are different from zero.

6.3.2. Willingness to Pay results

A positive value of WTP means that a respondent is willing to pay more for a relative
increase of the attribute under study, everything else held equal. On the other hand, a
negative value means that respondents need to be paid for a corresponding increase in
the concerned attribute. The mean WTP estimated values for each of the estimated
models are reported in Table 1.10, recall that Installation Cost and Revenues are
measured in thousands of euros. The means of the WTP measures derived from all

models are quite similar but, in some cases, different from the MXL model. In

73



particular, the MNL and ICLV models indicate that homeowners are willing to pay 400
euros more for changes in the aesthetics of micro-generation RETs from unstylish to

neutral, whereas this value is estimated at 583 euros for the MXL model.

Table 1.10: WTP estimation results

MNL ICLV_MNL_1 ICLV_MNL_2 ICLV_MNL_3 MXL
D1aesthetics (€ for

changes from unstylish to 393.7 399.2 405.1 405.4 583.1
neutral)

D2aesthetics (€ for

changes from neutral to 272.7 277.3 274.3 274.7 179.6
stylish)

Timedelay (€ for one 620 65.7 65.0 -65.1 -11.34
month delay)

Guaranty (€ for one extra 93.4 97.7 98.2 97.4 935
year of guarranty)

MaintenanceCost (€ for

changing from S0€ to 42,07 50.75 5134 5119 -34.08
100€ per year)

Revenues _(€ for a 100€ 494.25 491.76 493.98 491.74 535.46
more savings annualy)

ThermalRevenues (€ for

an increase of 100€ 128.16 170.11 137.30 165.69 170.14

annualy)

However, for a change in aesthetics from neutral to stylish, the estimated homeowners’
WTP is 275 euros for the MNL and ICLV models and substantially lower for the MXL
model at 179.6 euros. As far as the time needed for a permit to be accepted from the
state, Cretan homeowners require a compensation fee for each month of delay. In
particular, all models mean estimates for the compensation is between 62 and 65 euros
except from the MXL model that provides a substantially lower value of 11 euros. Also,
homeowners are willing to pay approximately an additional amount of 100 euros for an
extra year of guaranty on top of the installation cost. The MNL and the ICLV models
indicate that for an increase in the annual maintenance cost from 50 euros to 100 euros,
homeowners require a reduction of 50 euros in the total installation cost of 1kWh. The
MXL mean WTP estimations provide a lower value of the compensation at 34 euros
per installed kWh.

Concerning the annual revenues from selling the electricity production into the grid,
homeowners in Crete are willing to pay the additional amount of approximately 490
euros (MNL and ICLV models) in the installation cost of 1kWh, for 100 euros annual
increase. Again the MXL model provides a higher mean estimate of the WTP at 535.46
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euros. This result can have important implications concerning policy-making. Taking
into consideration a 1kWh installation, an increase in the FIT measured as an increase
of 100 euros in the household’s annual income, can compensate for a total of 500 euros
of the innovation capital cost. In the same line, Cretan homeowners are willing to pay
a higher price for installing a micro-generation, which increases their annual thermal
revenues. The MXL, ICLV_MNL 1, and ICLV_MNL_3 models provide a
substantially higher mean estimate of the WTP compared to the other models. In
particular, the results indicate that homeowners are willing to pay an extra amount of
around 170 euros for 100 euros for an annual increase in heating savings. At this point,
we should note that the thermal savings attribute is only relevant for the Solar
Cogeneration alternative, where the installation cost is already higher than the SPV and
Wind, and as expected, the WTP is smaller than the previously discussed results in the

annual savings.

7. Discussion and conclusions

The present study's goal is to analyze household preferences for renewable micro-
generation technologies using a stated preference choice experiment and data gathered
from 187 Cretan homeowners. In the arguments outlined in the analysis, micro-
generation is considered as an innovation whose diffusion depends on its characteristics
as exposed in the DIT of Rogers (2003). Based on the aforementioned theory, the
attribute of compatibility is introduced as a latent construct within an Integrated Choice
Latent Variable model (Ben-Akiva et al. 2002b). The results indicate that the latent
compatibility construct upholds a key role in explaining Cretan homeowner's

heterogeneity in preferences for micro-generation RETS.

With the use of the DIT, this study makes the distinction between off-grid and on-grid
micro-generation RETS innovation, arguing that governments are responsible for
initializing, facilitating, or act as an impediment to their diffusion process. In particular,
through policy-making, governments can influence the micro-generation RETS
innovation characteristics in several ways, and accordingly, their diffusion process. For,
instance a price-based mechanism supporting a micro-generation technology can
provide a substantial financial relative advantage for potential adopters (Claudy et al.
2011; Simpson and Clifton, 2017; Wolske et al. 2017). However, a complex
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bureaucratic structure of a policy mechanism requiring a vast amount of time or
paperwork for issuing a permit may raise the perceived complexity of homeowners’
decision process. In addition to the above, increased risks may be invoked from an
unstable implemented policy strategy pausing new installations or abruptly decreasing

the previously provided financial incentives.

Another important characteristic of the micro-generation RET innovation diffusion is
its compatibility with potential adopter’s values, past experiences, and needs. As such,
a contribution of the present study compared to related literature studying the diffusion
process of micro-generation RETs (Simpson and Clifton, 2017; Claudy et al. 2011) lies
in the fact that compatibility is handled as a latent structure, and the homeowner's
environmental attitudes are used as indicators for estimating it. Although the literature
studying the adoption of micro-generation RETS, finds the perceived environmental
benefits of the micro-generation RETS as an important factor for their adoption process
(Leehner 2011; Korcaj et al. 2015; Dharshing 2017), this research recognizes the
innovation compatibility with environmental values as a variant of the relative
advantage of the innovation. This study also considers an additional latent construct of
compatibility with “savings” influencing the adoption process. Beyond the micro-
generation RETs environmental aspect, homeowners may install a micro-generation
RET only due to overall savings (Simpson and Clifton, 2017; Baskaran et al. 2013;
Leehner et al. 2011), which is similar to the case of solar water heaters, or economy
light bulbs. Our results indicate that the probability of adopting is higher as the
innovation is more compatible with the homeowner's “savings” attitude. Thus, from a
policymaker point of view, policy designs supporting micro-generation RETs should
also focus on devising instruments that raise environmental awareness and the energy-
saving attitudes of homeowners, to reduce the overall implementation cost, as well as

to increase its efficiency.

Based on a novel dataset of Cretan homeowners related to stated preference discrete
choice on micro-generation RETS, this research provides an empirical evaluation of
supporting mechanisms characteristics, especially useful for the uptake of new micro-
generation RETSs in the Greek market. For instance, a potential increase in the FIT level,
measured as an increase of 100 curos in the household’s annual income, can
compensate for a total of 500 euros of the innovation installation cost. In addition,

simplification of permits’ procedures also can pave the way for the diffusion process of
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micro-generation RETs where homeowners want to be paid an extra amount of 60 euros
for an extra month of waiting for their application to be approved. This means that a
ten-month delay induced by the government’s bureaucratic structures can raise the
initial cost of the investment by around 600 euros. From a marketer point of view, this
study’s results show that Cretan homeowners have higher WTP for aesthetics rather
than an extra year of guaranty. Also, homeowners with higher family income are more

prone to adopt microgeneration technology.

A limitation of the present research lies in the small sample size of 187 respondents,
which did not allow us to use more DIT attributes as latent, and this is the case for the
observability characteristic, which may induce measurement error in the utility function
estimation. Also, the validity of the SP survey that took place in 2012 and 2013 could
not be enriched with the use of RP data since alternative micro-generation RETSs to
SPV, are not yet available in the Greek energy market. However, it would be of interest
to implement a related RP survey as soon as the market evolves (Greek NECP for
2030), and new on-grid micro-generation RETs innovations will be introduced in the
market. Finally, aiming at further confirming the DIT, it would be interesting to use
nonparametric methodologies, such as Boltzmann machine (Wong et al. 2017), which
is a data-driven approach, to apprehend potential latent factors and analyze the

behavioral structure between them.
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CHAPTER 2: A COMPARATIVE STUDY OF PARAMETRIC AND NON-
PARAMETRIC METHODOLOGIES FOR MODELLING CHOICE OF

RENEWABLE ENERGY MICROGENERATION TECHNOLOGIES

1. Introduction

Economic agents are often faced with situations in which they are required to choose
among a set of existing alternatives. Predicting and interpreting the behavior and the
decision-making process of economic units is of great importance not only for scholars
but also for policymakers. Until recently, the most widely used discrete choice models
to explain choice among a set of distinct and mutually exclusive alternatives are models
relying on the theoretical framework of utility maximization (Ben-Akiva et a., 1985).
However, there is a growing interest given to the prediction and interpretation abilities
of the so-called black-box Machine Learning (ML) algorithms. Black-box is a metaphor
that mainly arises because ML algorithms approach data without a well-defined
theoretical framework.

The parametric logit model’s theoretical foundation, along with the monetary value
measurement of willingness-to-pay, has given prominence to its broad application by
researchers®. Using as a workhorse, the base Multinomial Logit model (MNL)
(McFadden, 1973), and the advanced Mixed Logit (MXL) (McFadden & Train, 2000)
models, researchers perform empirical and theoretical analyses on different economic
discrete choice settings, useful for both marketers and policymakers. However, within
an emerging literature studying modal choice, some scholars argue that the so-called
black-box algorithms outperform the traditional parametric logit models in terms of
predictability of accurate classification of choice and more recently in terms of
interpretation (Chen et al. 2019; Lhéritier et al. 2018; Alwosheel et al. 2018; Brathwaite
et al. 2017; Hagenauer and Helbich, 2017; Tribby et al. 2017; Sekhar et al. 2016; Wang
et al. 2016; Vafeiadis et al. 2015; and Mohammadian and Miller, 2002 among others).

Another nonparametric approach for predicting and analyzing consumer choice is the

® There are also semiparametric estimators of multinomial models that assume a linear utility function
but no assumption on distribution of errors, however their application so far is quite limited.
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nonparametric conditional mode model (Racine, 2019) based on the Kernel conditional
density estimate for mixed data proposed by Hall et al. (2014). This estimator, hereafter
KCDMD, is based on the nonparametric kernel family of estimators that researchers
use for both continuous and discrete response variables (Pagan and Ullah 1999; Pagan

and Ullah 1999), and its application has been so far quite limited.

Taking into consideration that there are alternative ways to model consumer choice,
this study’s aim is to shed some light on whether nonparametric ML or other approaches
can be used for studying the household’s choice for micro-generation RETSs. So far, the
literature dealing with modeling of the choice of households towards the adoption of
RETS, using a set of parametric logit models, focusses either on the identification of the
sources of households’ heterogeneity (Scarpa and Willis 2010; Rai and Sigrin, 2013;
Rouvinen and Matero, 2013; Ruakamo 2016; Su et al. 2018) or in the evaluation of the
diffusion rate (Claudy et al. 2011; Bjernstad 2012; Schelly 2014; Franchscini et al.
2017).

Within this relatively open field, this study intends to add up to the underlying literature
and answer to the question of which modeling approach a researcher should use, for
predicting and evaluating households’ micro-generation RET’s choices. Additionally,
this study is interested in whether off-the-shelf machine learning algorithms can be
effective within a researcher-defined stated preference (SP) choice experiment dataset.
In particular, we examine two basic well-known logit models, namely Standard
Multinomial Logit and Random Parameter Multinomial Logit, and compare them to the
state of the art machine learning algorithm of Random Forests and the nonparametric
kernel multinomial model. We compare the predictability and interpretability of the
above models using low-dimensional stated preference data of Cretan consumer choice
over micro-generation technologies. The results indicate that when the training set used
for the estimation of the data-driven models does not include valuable individual
information, because random selection for the training set is individually-based, the
nonparametric models of RF and KCDMD do not outperform traditional logit models
in terms of accurate predictability, and none of the models used has the ability to
transfer their experience to new individuals whose experience is not used in the

estimated model.
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We additionally compare the models in terms of the importance given to each variable.
We find that both the RF and the nonparametric models draw their attention to the
household’s socio-economic status rather than the alternative specific attributes
designed by the researcher. This research also shows that both the ML and kernel
nonparametric models identify nonlinear effects that would not otherwise appear, thus
giving them an additional advantage over their use. The KCDMD estimator is found to
have similar results to the RF ML algorithm, indicating that a nonparametric kernel-

based model is also an effective alternative methodology for discrete response models.

In what follows, the next section provides a review of the literature describing
alternative ways of modeling discrete choice. Section 3 gives an exposition of the
fundamentals of the models used, and section 4 describes the data used. Section 5
presents the evaluation of the different models in terms of accuracy in the prediction of
choice and estimation evaluation, and section 6 summarizes the comparison findings,

identifies the gaps, and suggests future research directions.

2. Review of related literature

The main goals of the literature dealing with modeling renewable energy technology
household choice lie either in the identification of the sources of households’
heterogeneity (Scarpa and Willis 2010; Rai and Sigrin, 2013; Rouvinen and Matero,
2013; Ruakamo 2016; Su et al. 2018) or in the evaluation of their diffusion rate (Claudy
etal. 2011; Bjernstad 2012; Schelly 2014; Franchescini et al. 2017). All the researchers
above follow the standard approach of modeling households’ choice through parametric
logit type models. Within the framework of logit models, the researcher decides first
which variables should be potentially included in the model and then estimates the
relevant variables, usually following a “trial and error” procedure. Then the estimated
parameters can be used to elicit household preferences for the different alternatives,
sources of heterogeneity, and willingness-to-pay estimates. Relying on the theoretical
framework of utility maximization (Ben-Akiva et a., 1985), the class of the parameter
parametric logit model estimators can provide a valuable toolkit for choice analysis.
The parametric logit models' theoretical foundation, along with the monetary value
measurement of willingness-to-pay, has given prominence to their broad usage by

researchers.
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The most well-known logit model widely used by researchers is the MNL model
proposed by (McFadden 1973). The MNL model received severe criticism for its strong
underlying assumptions, namely, the 1A property, which implies that the probability
of choosing one alternative over another one, is independent of other alternatives.
Researchers pointed out several ways to relax either 1A or to introduce taste variations
in the parametric logit models. The Mixed Logit (MXL) model (McFadden & Train,
2000), which is considered as the “state of the art” within discrete choice models
(Hensher and Greene, 2011), fully relax the IIA assumption and allows for
heterogeneity by allowing parameters to be individual specific and random. Scarpa and
Willis (2010), through the use of the MXL model, assessed willingness to pay for
several attributes of different micro-generation alternatives using SP of households in
England, Wales, and Scotland. Franchscini et al. (2017), using a latent class random
parameter model for SP data, evaluate the factors affecting households to decide for a

renewable heating system.

An alternative approach to parametric logit modeling is to handle all the above choice
cases as a consumer classification problem skipping the modeling part and predicting
choice behavior using data-driven algorithms. A recent strand of literature argues that
newly developed non-parametric supervised’ learning ML algorithms outperform
traditional parametric models in terms of predictive power (Chen et al. 2019; Lhéritier
et al. 2018; Alwosheel et al. 2018; Brathwaite et al. 2017; Hagenauer and Helbich,
2017; Tribby et al. 2017; Sekhar et al. 2016; Wang et al. 2016; Vafeiadis et al. 2015;
and Mohammadian and Miller, 2002 among others). For example, Mohammadian and
Miller, (2002), empirically examine households’ choice for automobile and find that
the predictive power of the Artificial Neural Network (ANN) algorithm outperforms
the parametric nested logit model. Vafeiadis et al. (2015) empirically compare ML
methods with the logit model for predicting choice of churning in the
telecommunication market and show that the Support Vector Machines has the highest
predictive accuracy among Neural Networks (NN), Decision Trees, Naive Bayes, and
MNL. Also, inatravel mode choice setting, some researchers find that the RF algorithm
provides advantageous predictive ability against the traditional MNL model (Tribby et
al. 2017; Sekhar et al. 2016). In the same line, in a comparative study of ML algorithms

" Supervised learning refers to the classification problem where the researcher observes both the
response and the independent variables.
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and the MNL model for the Dutch travel mode choice, Hagenauer, and Helbich, (2017),
finds the RF algorithm to be superior. The researchers above, find evidence that the
predictive ability of ML algorithms for demand forecasting is superior to a base MNL
or Nested Logit model although Hensher and Ton (2000) find that ANNs equally

predict mode choice to a nested logit model.

So far, most researchers argue over the superiority of the ML algorithms for predicting
demand and not for evaluating variables for choice interpretation, which is also
essential for policymaking. Raising a rule of large sample size, Wang et al. (2016) find
Neural Networks to be superior to the binary logit model both in terms of predictability
and interpretation loss. They define interpretation loss as the difference between the
true and the estimated choice probability, where an estimator of the first can incorporate
all valuable economic information, namely market shares, utilities, and social welfare.
Although it seems that NN can substitute parametric logit models in terms of both
predictability and interpretability, Alwosheel et al. (2018) raised a rule of large sample
size, and to further prove the above, NN also should be compared with more

sophisticated and state of the art parametric logit models.

In a comparison study of the parametric MNL and MXL and several ML algorithms in
travel mode choice, Zhao et al. (2019), find that RFs produce higher prediction accuracy
and show that they can accommodate behavioral interpretability by using variable
importance and partial dependence plots to identify causal relationships. Similarly,
Chen et al. (2019), uses the RF algorithm to analyze travel mode choice and argues that
RF can accommodate interpretability features that can lower its “black-box” criticism
(Kotsiantis et al. 2007; Zhou et al. 2015). The predictive ability of the RF algorithm is
also denoted by Lheritier et al. (2018), which predicts itinerary flight choice. The RF
algorithm, similarly to the NN, provides better predictions with higher dimensionality
feature space® (Chen et al. 2019; Matsuki et al. 2016), but also can easily handle and
provides robust prediction in small sample sizes and high-dimensional datasets
(Matsuki et al. 2016; Scornet et al. 2015). In addition to the prediction advantage
presented in the literature, researchers can further interpret the causal effect of the
variables forming the random trees using partial dependence plots (Friedman et al.

2001, Molnar, 2018). Partial dependence plots can be easily extended in multiple

8 Feature space in the ML language refers to the complete set of explanatory variables to explain a
target variable.
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parametric and nonparametric models measuring the marginal effect of each predictor

for choice analysis and policy-making purposes.

Scholars use RF (Breiman 2001a) along with NN algorithms as a workhorse for choice
prediction and analysis. Thus, in order for ML algorithms to fully compete with
traditional parametric logit models, a theoretical framework is left to be developed.
There is a strand of literature arguing that machine learning decision trees can be
represented from the non-compensatory microeconomic decision rule of Disjunctions-
of-Conjunctions (DoC) (Hauser et al. 2010; Brathwaite, 2017). In contrast to Random
Utility Theory, the DoC decision rule hypothesizes that the increase of a particular
variable does not provide satisfaction for the loss of another one. In this direction,
Brathwaite, 2017 formulated a bayesian tree model that reproduces the DoC rules, and
empirically finds that their model supersedes the MNL model. Still, the RF algorithm
produces numerous random decision trees which are not possible to interpret through
DoC rules. In the context of the RF algorithm, Banjerjee et al. (2012) argues that a
representative tree may be extracted from ensembling all produced trees. Considering
that the representative RF algorithm output tree is of high complexity, cognitive

simplicity is a prerequisite for its use (Hauser et al. 2010).

Another alternative approach for predicting and analyzing consumer choice is the
nonparametric Kernel Discrete Choice Mixed Data (KCDMD) estimator proposed by
Hall et al. (2004). This estimator is based on the nonparametric kernel family of
estimators that researchers use mostly for continuous response variables (Pagan and
Ullah 1999). However, according to Li and Racine (2007), this estimator can be used
for multinomial choice analysis. Although the literature using this estimator in a
discrete choice setting is scarce, the estimator under the minimum assumption of
independent and identically distributed (11D) observations, outperforms the standard
parametric MNL model (Elamin et al. 2019; Koch and Racine 2013). For example,
Koch and Racine (2013) examined the effect of cutting down public healthcare fee
policy measures on the choice of South African residents to visit a health facility. The
authors find the nonparametric kernel estimator to outperform the parametric MNL
model both in terms of in-sample and out-of sample predictive ability. In a comparative
study of parametric MNL models and the KCDMD estimator, Elamin et al. (2019),
argues that the later explains more unobserved heterogeneity in a study of women's

choices of entering the UK labor force.
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The KCDMD is a data-driven estimator that uses kernel smoothing techniques for
estimating statistical density functions for both categorical and continuous variables,
eliminating thus the possibility of functional specification (see Li and Racine 2007;
Pagan and Ullah 1999 for more details). Furthermore, the KCDMD estimator can
capture nonlinearities in both continuous and categorical variables, thus allowing for
an explanation of unobserved heterogeneity in a discrete choice setting (Elamin et al.
2019; Li and Racine 2007). The caveat, contrary to parametric logit models, is that the
KCDMD estimator is computationally complex and time-consuming and does not rely

on a theoretical microeconomic framework.

3. Methodology

This section includes the different parametric and nonparametric modeling approaches
used in the present research for predicting micro-generation RET choice. In the first
subsection, the RF algorithm is discussed along with a single decision tree
methodology. The single decision tree algorithm provides the basis for the construction
of the RF algorithm, and the reader should apprehend first. This subsection continues
with an overview of the Random Forest algorithm and its application in a discrete
choice setting. It concludes with the extraction of partial dependence plots that will
provide the ground to compare all models results. The next subsection presents a
nonparametric Kernel estimator that can accommodate a multinomial discrete choice
model with quite limited assumptions compared to parametric techniques. In the last
subsection, the advantages and caveats of the two most used parametric logit models,

namely the MNL, and the MXL models, are discussed.

3.1.  Modeling choice through nonparametric Random Forest

3.1.1. Single decision tree

A decision tree can be defined as a set of successive yes/no questions asked within the
respective analyzed data. According to the sequence of the questions asked, the decision
tree creates mutual exclusive partitions in the dataset to classify responses. This
sequential process resembles human choice behavior, where an individual asks

questions on available data until she reaches a decision point. If we define by F, =
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(xi1, Xi2, Xi3, ---- -, Xis) the feature space consisting of s independent variables for
individual i, i = 1, ....,n, then a single decision tree model partitions this space in
multiple mutually exclusive subcategories and classifies the available responses on the
target variable y;. The formed subcategories formulate a decision tree structure,
whereas important information is presented at higher tree nodes. Figure 2.1 presents a
decision tree example of the conditions under which a household will choose to install
RET micro-generation technologies. The “Root” node represents the entire sample,

which gets divided into “Decision” nodes. The nodes that do not split are called “leaf”

nodes.
Installation
Cost>3K
v \ 4
Revenues
Income>10K >0.5K
) 4 A4 \ 4 v
Guaranty sQ sQ Aesthetics
> 5 years Good
v v v v
SPV sQ SPV sQ

Figure 2.1: Example of a binary choice Decision Tree

The sequence of the information used for the construction of the tree is based on the
available most crucial information. The importance of each exogenous variable, or in
other words, the variable that the algorithm sets up in the higher nodes of the tree, and
the splitting point is determined either with the Gini Impurity coefficient or the
Information Gain Criterion (Suthaharan 2016; Breiman et al. 1984). At each node,
starting from the parent node, the decision tree searches for the value to split, the latter
being determined as the value giving the most considerable reduction of the Gini
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Impurity. This process is repeated recursively until the tree reaches a point where each

node corresponds to one class of the responses.

3.1.2. Random Forest modeling

The Random Forest algorithm constructs multiple decision trees using the procedure
described above (Breiman, 2001a). RF is also a hierarchical machine learning algorithm
that randomly performs variable renking for splitting nodes of each tree, using a random
subset of variables to decide how the node will split. Also, the construction of each tree
uses a different subset of the sample data. The predictions of all the extracted decision

trees are averaged and produce the final prediction of the model.

Figure 2.2 below illustrates how the algorithm works. If N is the number of trees that
the algorithm generates, then the steps followed for each of the N trees are as follows.
The first step is to select the sample data and subsequently to calibrate the model. For
this step, the algorithm uses bootstrapping methods, ensuring a different and
uncorrelated sub-sample for each N tree. Then, the tree is fully grown using a random
subset of variables of the sample selected in the first step. The classification result is an
input that the forest uses when selecting the final tree through a voting procedure. The
RF algorithm base its efficiency on the reduced correlation among the generated trees
and from the magnitude of the selected N. In this respect, the algorithm presumably
performs more effectively in large datasets where a higher number of trees chosen are

not correlated.

o ,
= =N

Sl L il ey

C ) © 00 00 e

Majority Voting ‘ voting

L

Final Classification

Majority Voting

Figure 2.2: Random Forests algorithm
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In supervised learning, the analyst defines an observed sub-sample of the feature space
to train the RF. Then, given the test subsample left out of the training procedure, the
trained model predicts the unseen responses or, in other words, assigns labels to the
output. This is referred to as a hard-classification procedure, i.e., each observation is
classified in one of the labels. A soft-classification procedure would instead produce an
estimate of conditional probabilities for membership in each class, and then the
estimated probabilities would be used to produce the final classification. In the present

research, we use a hard-classification procedure.

3.1.3. Interpretation of Random Forests

The random forest algorithm generates numerous N; trees and the decision of the
classification outcome come through voting in the leaf nodes of the generated trees.
However, the RF algorithm does not produce an estimate of the causal effect of
exogenous variables as traditional parametric models. The RF algorithm provides a
measure of variable importance calculated as the average decrease of the estimated Gini
impurity index for each generated tree. In each tree, some variables are more important
than others, and their node positioning depends on the degree under which they reduce
impurity. Thus, for tree N;, within an internal node, this index is calculated for the
particular variable that the algorithm does the split. Then it is averaged across all N

produced trees. For a single tree and a categorical target variable Y;, taking values L;,

the Gini Impurity at node m is calculated as follows:
GImpm = j_, P(Yi = 1) (1= P(Yi = L;)).j = 1., @2.1)

The mean Decrease Impurity Index can rank the importance of the exogenous variables
used in the model but still does not provide their casual effect. In an attempt to interpret
“black-box” machine-learning algorithms, Friedman (2001), proposed the use of partial
dependence plots to reveal this causal effect. Partial dependence plots, present the
actual effect of an exogenous variable x,, on the averaged predicted probability of
selecting an alternative. A partial dependence plot depicts the average marginal effect
of an independent variable on the prediction and can show if this effect is linear or more
complex. The partial dependence function of an exogenous predictor x, is modeled as

follows:
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fs(xs) = ff(xs'Fx(x—s)dP(x—s)v (2.2)

Where f(x) is the output of the RF algorithm, and x_g denotes all variables in the
feature space other than xg The partial dependence plot can be estimated by averaging

over the observations in the training set keeping the value x; fixed

feo () = = By f (s, Fe(x—s)), (2.3)

where F, (x_g ;) represents all observations in training set for the variables in the feature
space excluding xs. Under the assumption that the x is uncorrelated with the rest of
the variables in the feature space the above expression gives an estimate of the average
marginal effect of x,. Therefore, given the ease of implementation of the partial

dependence plot, their use can be extended to multiple prediction methodologies.

3.2. Modeling choice through nonparametric Kernel Estimator

3.2.1. Kernel conditional probability estimator for a multinomial choice model

An alternative methodology for estimating a multinomial choice model without making
assumptions on the functional form of the model is the nonparametric kernel family of
estimators (Li and Racine, 2007). Rosenblatt (1956), first suggested the kernel
estimator as a smoothing method for estimating the probability density function for one
continuous variable. Within this approach, the kernel weighting function is used to
estimate the density function of x, rather than using a histogram as a step function
density estimation. A strand of literature extended the kernel smoothing methodology
to discrete variables (Aitchison and Aitken, 1976; Habbema et al. 1978; Titterington
1980; Wang and Van Ryzin 1981, and Aitken 1983), overcoming the data limitations
of the frequency-based approach used for continuous variables.

On the other hand, in a choice experiment setting, explanatory variables could be either
discrete or continuous. Hall et al. (2004) developed a kernel-based nonparametric
estimator of conditional densities for mixed data types. This nonparametric kernel
estimator of the conditional density, KCDMD, can then be applied to estimate a
conditional mode model of choice, as proposed in Racine (2019). In the present study,
we also use the KCDMD estimator to model consumer choice for micro-generation

RETs. Under the assumption that the observations are independent and identically
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distributed (11D), for i € (1,..,n), let Y; denote the choice of consumer i and X; the set
of independent variables or set of explanatory variables of each individual i,
containing g discrete variables X7 = (x,--,x{) and p continuous variables X{ =
(x{1,*, xip). If we denote f(y,x) the joint density of (¥, X) and f(x) the marginal
density of X respectively, following Racine (2019), the conditional density of y given

x is given by:

flx) = fOy)/f (0, (2.4)

Following Hall et al. (2004), the estimators of the joint and marginal densities, f(x,y)

and f(x), respectively, are given by:

A 1

foy) =3k Ky, , (X Yo x, ), (2.5)
and

A 1

f@) =38, Ky, (X %). (2.6)
Ky, K., denotes the product of the kernel functions for the discrete and continuous

independent variables and with the dependent variable in the set of independent

variables X; as follows:
Ky, (X0 Yo x,y) = (Tl wXG, x€ h) TIo, 14X x L AN Yy, 40), (27)
K, (X, x) = [1Po, w(X§,x¢, he) TTEo, 14 (XE, x4, 4), (2.8)

where w(:,-,"), is a kernel function used for smoothing the continuous variables of the
set of the independent variables X;. L(-,-,), is a discrete variable kernel function. 4, , 4,
and h, denotes the estimated bandwidths of the discrete dependent variable, the

discrete independent variable, and the continuous variable kernels, respectively.

The kernel smoothing functions used for the discrete categorical unorder independent
variables of the estimator [ has the following form as proposed from Aitchison and
Aitken (1976):

iy 1—-1  if Xd=x¢
(KEXED) = 2 e e

c-1

A€ [0,1], (2.9)

where ¢ > 2 is the number of distinct values that the discrete variable takes.
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The kernel function used for smoothing the continuous variables is as follows:

x¢-x¢
w(Xf,xf) = w(-
S

=, 210)

Then Eq. (2.7) and Eq. (2.8) become

nyy(Xii Yii X, y) =

c c : N;(y)
P 1 x" —Xis q Ar Ny (x) —N;, 1
b (S ) A oy

c—-1

(1= 20)* ")
(2.11)

Where N;,.(x) = I(X2 # x2), r; is the number of distinct values Y can take and

Ni(y) =I(Y; #),

1 XC-Xf A, Nir () .
Ky, (Ko 2) = TP w2 1o, (2™ (1 - ooy (212)

The functions used for smoothing continuous variables in the set of independent
variables X{, are usually higher-order kernel functions that reduce the bias of the
bandwidth selection (Li and Racine, 2007). Among them are the second-order
Gaussian, Epanechnikov, and uniform, among others. Generally, these second-order
kernels are found to produce more stable estimation functions in finite-samples (Li and
Racine, 2007).

We then estimate the conditional mode of Y, conditional on X = x, as follows:
M(x) = argmaxy,ep f (y1x), (2.13)

where M (x) is the conditional mode of Y, D denotes the number of discrete outcomes

and f (y|x), the conditional density as defined above.

3.2.2. Bandwidth parameter selection

The bandwidth parameter selection is a common problem of all nonparametric curve
methods. The magnitude of the bandwidth selected controls the smoothness of the
kernel estimator, and it is of crucial importance. The underlying literature identifies two
method categories for automatic bandwidth selection, namely the “plug-in” and the

classical ones. Plug-in methods compute the optimal bandwidth by minimizing the
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Mean Integrated Standard Error (MISE) (Hall and Marron, 1987;.Hal, Sheather, Jones
and Marron, 1991). Classical bandwidth selection methods stem from existing
parametric modeling approaches. One of the most popular methods used to select the
kernel smoothing parameters is the Cross-Validation approach (Rudemo, 1984;
Bowman, 1984). The two most popular data-driven smoothing parameter selection
methods are the least square and the maximum likelihood Cross-Validation. As
proposed by Hall et al. (2004) and Li and Racine (2007), both methods can be used
when estimating conditional mixed-data densities.

The Least Squares Cross-Validation (LSCV) method uses the Integrated Squared Error
(ISE) and selects the optimal smoothing parameter by minimizing the following
function (Racine, 2004):

ISE = [{§(y|x) — g(y|x)}* f (x)dx, (2.14)
where f(x) is the marginal density function as defined before.

On the other hand, within the Maximum Likelihood Cross-Validation (MLCV) method,
the parameters h, A are selected through maximizing the following maximum likelihood
function (Li and Racine, 2007):

L=, (/X)) (2.15)

where §_;(Y;/X;) denotes the leave-one-out estimator. Although MLCV is
computationally more efficient than LSCV, it tends to over smooth data for continuous
variables drawn from fat-tail distributions (Li and Racine, 2007). The small sample size
of the discrete choice setting under study and the existence of continuous variables led
to the use of the LSCV method for choosing the smoothing parameters for the kernel

density mixed data estimator.

3.3.  Modeling choice through Parametric Logit Models

3.3.1L. The simple Multinomial and the Mixed Logit models

The Multinomial Logit (MNL) model is a simple parametric model used for modeling
multinomial choice that produces easily interpretable results in a utility maximization
framework. However, the advantage above has the cost of restrictive assumptions about

the unobserved part of the utility and the utility functional form. Under the Random
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Utility Theory (Marschak, 1960; Manski, 1977), the utility of individual i’s utility from
choosing alternative j, out of J mutually exclusive alternatives is the following:

UXiZi) = V(X5 ZoB) +ejj =1, ,J;i = 1,-,m, (2.16)
or more succinctly U(X;;, Z;) = Vij + ey,

where V (), denotes the observed part of the utility, S is a vector of unknown parameters
and e;;, the unobserved part of the utility function. The set of independent variables
Xs = (X;

Z,) that enters in the observed part of individuals utility, consists of X;;, a

j’ E
vector of attributes of alternative j as faced by individual i and of Z; a vector of a
person’s i characteristics. To obtain the probability of individual i choosing alternative
j, the error e;;, follows a type I extreme value distribution, and it is iid. Then, dropping

the individual index for simplicity, the probability, as mentioned above, is given by:

e 217
S Sk exp (Vi) (2.17)

The MNL model has two severe disadvantages in contrast to its simplicity. The first is
that it is subject to 1A property, implying that the relative probability of choosing one
alternative over another alternative is independent of other alternatives, which in the
real world rarely holds. The second limitation of the MNL model is that it cannot
incorporate a random variation of tastes among individuals. The reader is advised to

see p.5.3.2 in Chapter 1 for a more detailed analysis.

The MXL model (Train, 2003) can overcome the limitations mentioned above, by
allowing substitution and correlation among alternatives and simultaneously allowing
for individual random taste variation. A desired property of the ML model is that it
comes from RUT. In the Mixed Logit model, the error term is assumed to be iid, and
the coefficients in B, vary over decision-makers in the population with density f ().
Within the latter attractive feature, the researcher can study individual choice
heterogeneity. The reader is advised to see Hensher and Greene (2000) for a detailed
discussion of the MXL model's merits. Under these assumptions, the unconditional
choice probability, with the unknown g; is:

Py = [ FZ2EXD_ e pyap). (2.18)

21_, exp(B'Xix)
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Both parametric models, presented in the current subsection, are derived from RUT,
and thus in both cases, the researcher can estimate the economic value of each attribute
in the set of independent variables X,. The ratio of the estimated coefficient of each
attribute and the price attribute, namely, the willingness-to-pay measure, is a useful
monetary valuation tool for policy analysis. This study does not report the WTP
measure extracted from the parametric logit models since the used nonparametric

methodologies cannot provide a similar measure for comparison.

4. Data for Empirical Comparison

The data used for the empirical comparison of the above methodologies came from a
stated preference survey of homeowners in the region of Crete conducted in 2012
related to the preferences for installing micro-generation RETS. The survey asked the
respondents to select among the following four micro-generation alternatives for their
residence: Solar Photovoltaic, Wind generator, Solar Cogeneration, and the Status
Quo. A total of 186 participants answered six hypothetical choice scenarios resulting in
1116 observations. Each choice scenario contained differentiated levels of the
following attributes Capital Cost, Annual savings, Thermal Bill Savings, Maintenance
Cost, Guaranty years, Aesthetics, and Time required for approval (see Table 2.2).
Following the SP methodology (Hensher, 2005), four focus groups gave prominence to
the above attributes, and their levels were determined to include both hypothetical but
also realistic scenarios ensuring their independence and avoiding collinearity issues
(Train, 2003). In the context of the SP survey, additional information was gathered
regarding the participants’ residence, environmental profile, and socioeconomic and
demographic status. The SP survey also asked the respondents to rank the importance
of each attribute in each choice situation. A more detailed description of the survey
methodology can be found in the Methodology and Data subsection, in subsection 5.1

of chapter 1.

The dataset includes forty explanatory variables for predicting participants’ micro-
generation installation choice. Table 2.1 presents the choice frequencies for the
different alternatives of micro-generation, while Table 2.2 presents a detailed
description of the alternative specific attributes and their levels. According to Table 2.1,
the status quo alternative (SQ) has the highest score (~40%), followed by the SPV and
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Wind generation. As is expected, the percentage of SQ choices is the highest among all
other alternatives, depicting the low infiltration of micro-generation RETS at that time.
The first choice alternative that participants selected after the SQ is the SPV, which was
to be expected as at the time the market share of the other two alternatives was
negligible compared to that of SPV.

Table 2.1: Micro-generation choice distribution

Variable Frequency Percentage
Solar Photovoltaic 341 28,85%
Wind Generation 243 20,56%
Solar Cogenaration 127 10,74%
Status quo 471 39,85%
Table 2.2: Alternative specific attribute levels
Variable Measurement Level 1  Level2 Level3 Leveld Type
SPV Installation cost Thousands euros 2.50 3.25 4.00 4.75 Categorical
Wind Installation cost Thousands euros 2.50 3.25 4.00 4.75 Categorical
SCogen Installation cost Thousands euros 10.0 115 13.0 14.5 Categorical
SPV Annual savings Thousands euros 0.4 0.5 0.6 Categorical
Wind Annual savings Thousands euros 0.4 0.5 0.6 Categorical
Scogen Annual savings Thousands euros 0.50 0.08 0.40 0.60 Categorical
SPV annual maintenance cost Thousands euros 05 1.00 Categorical
Wind annual maintenance cost Thousands euros 05 1.00 Categorical
Scogen annual maintenance cost Thousands euros 0.5 1.00 Categorical
SPV years of guaranty Years 2 6 10 Categorical
Wind years of guaranty Years 2 6 10 Categorical
Scogen years of guaranty Years 2 6 10 Categorical
Unstylish (1)
SPV aesthetics Neutral (2) 1 2 3 Categorical
Stylish (3)
Unstylish (1)
Wind Aesthetics Neutral (2) 1 2 3 Categorical
Stylish (3)
Unstylish (1)
Scogen Aesthetics Neutral (2) 1 2 3 Categorical
Stylish (3)
Scogen thermal bill savings Percentage 30% 50% 70% Categorical
SPV time required for approval Months 3 9 15 Categorical
Wind Time required for approval Months 3 9 15 Categorical
Scogen Time required for approval Months 3 9 15 Categorical

Table 2.2 shows the descriptive statistics of the variables concerning the participants'
demographics, information related to their residence, and their environmental profile.

In particular, 79% of the respondents are married, 53% are males, and the average age
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of the respondents is around 45 years old. We should note that the survey data concerns
the answers given from the head of each household. Moreover, the family income
ranges between the levels of 10,000 to 30,000 euros. Also, 70% of the participants hold
either a High school or University degree. The average residence size is 114 square
meters, and 81% plan to stay in their residence for more than 15 years. In the context
of the present research, we gathered further information regarding the environmental
profile of respondents. It is worth noting that most of the homeowners in our sample
almost always implement actions to reduce their energy consumption, and most of them

have stated a high interest in the environment.

Table 2.3: Demographics and environmental profile variables descriptive statistics

No of

Variable Levels Mean Std.Dev Minimum Maximum c Type
ases
Demographics
. 0: not married 228 .
Married 1: married 0.80 0.40 0 1 888 Categorical
0: woman 281 .
Gender 1: man 053 050 0 1 835 Categorical
No of Kids 163 112 0 6 Categorical
Age 4573 1180 25 70 Continuous
Family 0: No 744 .
Unemployment 1: Yes 033 047 0 ! 372 Categorical
1: 0 to 10,000 96
2:10,001 to 20,000 31
. 3:20,001 to 30,000 323 .
Family Income 4: 30,001 to 40,000 3.04 127 1 6 298 Categorical
5: 40,001 to 50,000 78
6: > 50,000 60
1: illiterate
2: Elementary 0
School 96
3: Secondary 108
Education Level School 433 1.07 2 6 Categorical
T 360
4: High School
- alou 432
5: University
120
degree
6: Master or higher
Residence Information
1: <5, 156
Residence acquisition 2: 5-10 258 .
time (years) 3-10-20 286 1.03 1 4 348 Categorical
4>20 354
1: <1950 42
. 2:1950-1975 108 .
Residence age 3- 1975-1999 314 0.73 1 4 618 Categorical
4:>2000 348
Residence sq meter 114,8 3542 45 256 Continuous
1:<5 90
2:5-10 60 .
Future stay (years) 3-10-15 356 0091 1 4 60 Categorical
4:>15 906
Annual Thermal Bill 153 0.75 0 2.75 Continuous
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Variable Levels Mean Std.Dev Minimum Maximum ggsgz Type

Environmental profile information

1:never 18
Maintenance of 2:seldom 36
heating and cooling ~ 3:often 416 0.87 1 5 162  Categorical
systems 4:almost 432
5:always 468
1:never 48
Efficient use of 2:seldom 48
excessive energy 3:often 411  1.04 1 5 114  Categorical
(temperature) 4:almost 426
5:always 480
1:never 0
Replacement of home 2:seldom 12
appliances with more 3:often 453  0.67 2 5 108  Categorical
Env friendly 4:almost always 276
5:always 720
1:never 0
Efficient use of 2:seldom 12
excessive energy 3:often 464 0.64 2 5 66 Categorical
(lights) 4:almost always 234
5:always 804
1:never 24
2:seldom 54
Recycling frequency 3:often 436 0.97 1 5 90 Categorical
4:almost always 276
5:always 672
1:no €132
2: Slightly
'p’;;?:f;fﬂﬁ:;ge 3:Fairly 436 075 1 5 ?122 Categorical
4: important
: 540
5: very
1:no 0
Interested for the 2: Slightly 12
pollution of airand  3:Fairly 452  0.67 2 5 72 Categorical
water in their city 4: important 354
5: very 678
1:no 18
. 2: Slightly 42
:Tq;ifssﬁe':tgarbage 3:F_air|y 423 0.89 1 5 114  Categorical
4: important 438
5: very 504
1:none 276
Micro-generation Zfew 510 .
o 3:some 215 092 1 5 228  Categorical
RETSs observability :
4:many 90
5:a lot 12
1:none 126
. 2:few 432
Micro-thermal RET 5.0 272 108 1 5 222 Categorical
observability :
4:many 300
5:a lot 36

5. Comparison of the Performance of Different Methods

This section presents the empirical results of a comparative analysis of the performance
of the models described above. The models are compared first with respect to their
predictive accuracy using a 10-fold cross-validation approach for random sub-sampling

groups of the data, and the correct classification rate is computed for each model. A
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second comparison is carried out in terms of variable importance and interpretation
analysis for each method using the estimates obtained from the full sample. All of the
estimation results reported in the present research are made with the use of the R cran
statistical software for data analysis and graphics. In order to estimate the parametric
logit models, we made use of the “mlogit” package (Croissant 2020) for discrete choice
analysis. We made the RF algorithm training and tuning with the use of
“RandomForest” and “Caret” R packages, see Lia and Wiener (2002), and Kuhn (2020),
for more details. Finally, we estimated the KCDMD estimator with the use of the “np”
package developed by Hayfield and Racine (2008) for nonparametric kernel density

estimation.

5.1.  Predictive accuracy

In order to compare the predictive accuracy of the models used in the present study, we
apply a 10-fold cross-validation approach. We randomly split the sample into ten equal
size disjoint subsamples, and each time we exclude one subset from building the model.
We then use the excluded subsample for validating (out of sample) the trained (in
sample) model. In this way, we ensure that each model predictive accuracy results from
independent subsets of data, thus reducing bias in performance estimation (Kohavi et
al. 1995).

Table 2 4: 10-fold random-sampling cross-validation prediction accuracy

M_NL MNL M_XL MXL RE RF KCDMD KCDMD
in out of in out of in sample out of in sample out of
sample sample sample sample P sample P sample

Fold-1  49.801% 41.964% 48.506% 50.000% 65.550% 73.214% 99.120% 58.036%
Fold-2  49.203% 43.750% 50.000% 42.857% 67.275% 69.643% 98.190% 65.179%
Fold-3  50.697% 46.429% 50.199% 39.286% 66.976% 63.393% 97.800% 62.500%
Fold-4  50.498% 47.321% 50.100% 45.536% 63.493% 74.107% 98.200% 67.857%
Fold-5  50.896% 44.643% 49.701% 46.429% 67.044% 60.714% 98.250% 70.536%
Fold-6  50.498% 46.429% 49.602% 43.750% 67.204% 66.964% 99.500% 67.857%
Fold-7  50.149% 41.441% 49.453% 45.946% 68.221% 68.468% 97.200% 67.568%
Fold-8  51.841% 36.937% 48.856% 49.550% 65.801% 68.468% 98.600% 66.667%
Fold-9  49.851% 54.955% 49.254% 54.054% 66.860% 71.171% 97.700% 59.459%
Fold-10  49.652% 47.748% 49.950% 45.045% 66.065% 70.270% 98.500% T7.477%

Mean  50.309% 45.162% 49.562% 46.245% 66.449% 68.641% 98.306% 66.314%
SD 0.00749 0.04766 0.00556 0.041393 0.01304 0.04138 0.00674 0.05580
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For each repetition of the procedure, we compute the correct prediction rate and average
over repetitions. Within a stated preference discrete choice setting, there are two
possible ways to partition the sample into subsets. The first is to partition the sample
by individuals, along with their full set of answers, which may lead to dropping
essential individuals’ experience from the estimated model. The second is to treat all
observations as a random sample and divide the sample into subsets. The second
approach is a more generalized case where the trained model retains much more
individuals’ experience, and most frequently predicts a new decision from already
acquired experience. Although related literature (Zhao et al. 2019; Wang and Ross,
2018 and Hagenauer and Helbich, 2017) applies the latter approach, in the present
study, we apply both since we are interested in both testing the transferability of the
models to different individuals but also to test the more general case of “known”

individuals’ behavior prediction.

Table 2.5: 10-fold individual-based cross-validation prediction accuracy

MNL MNL MXL MXL RF KCDMD
. . RF KCDMD
in out of in out of . out of . out of
in sample in sample
sample sample sample sample sample sample

Fold-1  48.902% 53.509% 48.802% 54.386% 67.438% 42.105% 99.500% 38.596%
Fold-2  52.495% 32.456% 51.896% 33.333% 69.212% 25.439% 97.200% 33.333%
Fold-3  51.297% 42.982% 50.499% 40.351% 66.592% 44.737% 98.600% 17.544%
Fold-4  53.493% 24.561% 52.994% 21.053% 68.245% 28.947% 99.120% 35.088%
Fold-5  50.798% 41.228% 50.599% 41.228% 67.250% 39.474% 98.190% 30.702%
Fold-6  50.299% 32.456% 50.998% 34.211% 67.693% 43.860% 97.800% 44.737%
Fold-7  50.595% 41.667% 50.595% 49.074% 66.359% 42.593% 98.200% 43.519%
Fold-8  50.298% 38.889% 50.496% 40.741% 70.308% 29.630% 97.700% 31.481%
Fold-9  50.397% 37.037% 49.504% 37.963% 69.129% 50.926% 98.500% 28.704%
Fold-10  50.794% 35.185% 50.893% 38.889% 67.187% 24.074% 97.500% 37.037%

Mean  50.937% 37.997% 50.728% 39.123% 67.941% 37.178% 98.231% 34.074%
SD 0.01269 0.07753 0.01152 0.08982 0.01265 0.09333 0.00721 0.07845

Applying a 10-fold random-sampling cross-validation approach, Table 2 4 presents the
predictive accuracy of the estimated mean of the correctly classified individual's choice
within (in-sample) and out of the training sample (out-of-sample). Both nonparametric
approaches outperform the parametric model's accuracy. In all of the ten training
subsamples, we tuned the RF algorithm concerning the number of variables used to

split the sample and the number of trees. The out-of-sample predictive accuracy of the
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RF algorithm and the KCDMD estimator is 68.6% and 66.3%, respectively. Instead,
the parametric models of MNL and MXL accurately predict less than half of the out
sample micro-generation choices with the latter to perform slightly better. The in-
sample prediction accuracy of the parametric models reaches 50% and is close to unity
for the KCDMD estimator. The RF in sample predictive accuracy is almost the same as
its out-of-sample with a magnitude of 66.4%. Thus, we find that in a stated choice
setting, well-trained nonparametric models of RF algorithm and the KCDMD estimator
outperform the parametric logit models.

In order to test the transferability of the model to new individuals Table 2.5, presents
the 10-fold individual-based cross-validation approach predicting model accuracy. The
out-of-sample predictive accuracy of both data-driven methods, namely the RF
algorithm and the KDCDM estimator has the same low prediction accuracy of the
parametric logit models, and all models do not go beyond a predictive accuracy level
of 40%. This result indicates that all of the used models fail to predict the choice of new
individuals if their experience is not included in the training sample. Thus, datasets with
a small number of observations may experience such phenomena whichever estimator
a researcher uses. The supervised RF algorithm, along with the data-driven
nonparametric kernel estimator, can have high predictive accuracy when new
individual's experiences are used when building the model. If the above does not hold,
we do not confirm the literature arguing that RF and the KCDMD estimator outperform
parametric logit models but, under these circumstances, they can have a similar
predictive ability (Hensher and Ton, 2000).

5.2.  Model interpretability: a comparison

In this section, we try to compare the different models previously described concerning
their assessment of variable importance on the one hand but also with their causal

interpretation.

5.2.1. Parametric logit models

A simple way to assess variable importance in a parametric model is to look at the

standardized coefficient estimates after the model has been estimated. The estimation
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of the parametric logit models took place using all the independent variables described
carlier. In doing so, we formulated each individuals’ utility function using Eq. (2.16).
We formed the X;,, vector of alternative specific variables using the variables presented
in Table 2.2, where the beta estimated is the same for all alternatives. The Z,, isa vector
of a person characteristics using the variables presented in Table 2.3, and is interacted
with the alternative specific constant so that its coefficient varies in the model among
alternatives. Under a testing formulation procedure, we selected the coefficients of
Installation cost, annual savings, thermal bill savings, and the time required for
approval as random parameters with a normal distribution in the case of the mixed logit
model. The alternative specific constant for the SPV alternative was set to zero in both

models.

The estimated beta and X-standardized coefficients of both models are presented in
Table 2.6. We calculated the X-standardized coefficients by multiplying the beta
coefficient for each variable that is statistically significant with the standard errors of
this variable. The X-standardized coefficient indicates the relative importance of the
independent variables (Menard 2004). Both models indicate that investment capital
cost, the number of kids, the residence size, the education level, and the age as the most
significant for households’ choice of adoption. The McFadden R? for both models
indicates a satisfactory model fit, however not providing a better result for the MXL

model.

The output of both parametric models indicates that the alternative specific attributes
do play a statistically significant role for households selecting a micro-generation
technology. As expected, both the MNL and the MXL model indicate that installation
costs negatively and significantly affect micro-generation installations. Maintenance
costs and bureaucratic delays negatively influence the installation of the alternatives. In
the same line, extended years of guaranty positively affect the deployment of micro-
generation technologies. However, only the MNL model shows that increased expected
revenues and thermal bill savings positively and significantly affect the probability of
adoption. However, we should note that in parametric logit models, high
multicollinearity between the explanatory variables may cause severe degradation of

the estimated coefficients and reduce its overall statistical power.
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Table 2.6: Parametric logit models estimation results (standard errors in parenthesis)

Conditional Logit Mixed Logit
beta coef X-stand beta coef X-stand

coef coef
wind:(intercept) 0.60 (1.43) 1.46 (2.21)
cog:(intercept) -3.48 (1.91)" -12.55 (7.72)
sq:(intercept) 0.16 (1.30) -1.30 (2.57)

Alternative Specific attributes
Installation cost -0.35 (0.04)™ -1.62 -0.62 (0.12)™ -2.87
Annual savings 1.64 (0.52)" 0.37 1.05 (1.20)
Annual maintenance cost -3.67 (1.68)" -0.14 -4.77 (2.70)" -0.19
Years of guaranty 0.04 (0.01)™ 0.15 0.05 (0.02)" 0.19
Aesthetics 0.15 (0.06)" 0.17 0.26 (0.15)" 0.30
Thermal bill savings 0.67 (0.28)" 0.18 -0.15 (1.60)
Time required for approval -0.03 (0.01)™ -0.17 -0.06 (0.03)" -0.35
Residence Information
wind: Residence acquisition time -0.04 (0.11) -0.05 (0.15)
cog: Residence acquisition time 0.17 (0.15) 0.31(0.38)
sq: Residence acquisition time -0.11 (0.10) -0.20 (0.20)
wind: Residence age -0.40 (0.15)™ -0.32 -0.53 (0.23)" 0.42
cog: Residence age 0.12 (0.21) 0.69 (0.68)
sg: Residence age -0.03 (0.13) 0.06 (0.26)
wind: Residence sq meter 0.62 (0.30)" 0.62 0.76 (0.40) " 0.76
cog: Residence sq meter -0.16 (0.38) -1.16 (1.23)
sg: Residence sq meter 0.42 (0.27) 0.72 (0.56)
wind: Future stay -0.17 (0.11) -0.22 (0.14)
cog: Future stay -0.09 (0.15) -0.11 (0.37)
sq: Future stay 0.07 (0.10) 0.20 (0.21)
Environmental Profile
wind: Maintenance of heating and cooling systems 0.13(0.12) 0.24 (0.18)
cog: Maintenance of heating and cooling systems 0.12 (0.16) 0.48 (0.52)
sq: Maintenance of heating and cooling systems 0.08 (0.11) 0.12 (0.20)
wind: Efficient use of excessive energy 0.03 (0.10) -0.03 (0.14)
(temperature)
cog: Efficient use of excessive energy (temperature) 0.14 (0.14) 0.27 (0.41)
sq: Efficient use of excessive energy (temperature) 0.19 (0.10)" 0.20 0.35(0.21)
\I/Evind: Replacement of home appliances with more 0.11 (0.14) 0.12 (0.19)
nv friendly
(I:Eog: R_eplacement of home appliances with more 0.44 (0.20)" 0.30 1.25 (0.74)
nv friendly

:ﬂ;?j&lacement of home appliances with more Env 0.51 (0.13)™ 034 0.99 (0.36)""
wind: Efficient use of excessive energy (lights) -0.21 (0.16) -0.38 (0.24)
cog: Efficient use of excessive energy (lights) -0.00 (0.21) -0.16 (0.57)
sq: Efficient use of excessive energy (lights) -0.51 (0.14)™ -0.28 -1.00 (0.35)™ -0.55
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beta coef X-stand beta coef X-stand

coef coef
wind: Recycling frequency 0.32 (0.13)" 0.29 0.41 (0.17)"
cog: Recycling frequency 0.32(0.17)" 0.29 0.65 (0.51)
sq: Recycling frequency -0.27 (0.10)™ -0.25 -0.71 (0.29)" -0.66
wind: Interested for the planet pollution -0.36 (0.17)" -0.27 -0.43 (0.26)
cog: Interested for the planet pollution 0.12 (0.22) 0.65 (0.75)
sq: Interested for the planet pollution -0.13 (0.16) -0.15 (0.30)
Wiqd: _Interested for the pollution of air and water in 0.17 (0.21) 0.07 (0.30)
their city
;?3" I(:r}:;rested for the pollution of air and water in -0.73 (0.26)" -0.10 -1.40 (0.84)
fr?éilrn;i';/esmd for the pollution of air and water in -0.21 (0.19) -0.34 (0.33)
wind: Interested in garbage management 0.10 (0.16) 0.19 (0.26)
cog: Interested in garbage management 0.27 (0.21) 0.28 (0.56)
sq: Interested in garbage management 0.59 (0.14)™ 0.53 1.13 (0.37)™
wind: Micro-generation RETSs observability -0.20 (0.12) -0.19 (0.16)
cog: Micro-generation RETSs observability 0.07 (0.15) 0.43(0.42)
sq: Micro-generation RETs observability -0.37 (0.10)™ -0.36 -0.67 (0.25)™
wind: Micro-thermal RET observability 0.13(0.10) 0.13(0.13)
cog: Micro-thermal RET observability -0.13 (0.13) -0.75 (0.51)
sg: Micro-thermal RET observability 0.20 (0.09)" 0.34 (0.20)

Demographics
wind: Married -0.10 (0.30) -0.23 (0.45)
cog: Married 0.22 (0.44) -0.29 (1.04)
sg: Married -0.21 (0.24) -0.43 (0.51)
wind: Gender 0.32 (0.19) 0.36 (0.26)
cog: Gender -0.06 (0.24) -0.61 (0.70)
sq: Gender 0.50 (0.17)™ 0.37 0.91 (0.41)" 0.68
wind: No of Kids 0.30 (0.11)™ 0.27 0.44 (0.19)" 0.39
cog: No of Kids 0.31 (0.16)" 0.28 1.01 (0.55) 091
sq: No of Kids -0.42 (0.10)™ -0.38 -0.93 (0.34)™
wind: Age -0.02 (0.01) -0.02 (0.02)
cog: Age -0.02 (0.01) -0.05 (0.04)
sq: Age 0.04 (0.02)™ 0.04 0.09 (0.03)" 0.09
wind: Family Unemployment -0.24 (0.21) -0.39 (0.31)
cog: Family Unemployment -0.08 (0.30) 0.38 (0.94)
sg: Family Unemployment 0.11(0.18) 0.24 (0.38)
wind: Family Income -0.17 (0.08)" -0.24 (0.13)
cog: Family Income 0.06 (0.11) 0.29 (0.38)
sq: Family Income -0.27 (0.07)™ -0.02 -0.54 (0.19)™ -0.36
wind: Education Level 0.03 (0.10) 0.08 (0.16)
cog: Education Level 0.48 (0.15)™ 0.43 1.05 (0.47)" 0.95
sq: Education Level -0.39 (0.09)™ -0.35 -0.82 (0.28)™ -0.74
Random Parameters

sd. Installation cost 0.29 (0.11)™
sd. Annual savings 4.35 (2.08)"
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sd. thermal bill savings 5.51 (2.80)"

sd. time required for approval 0.13 (0.06)"
AIC 2638.75 2640.55
Log Likelihood -1246.38 -1240.27
McFadden R2 0.1403 0.1452
Num. obs. 1116 1116

""p <0.001, "p<0.01, p<0.05
sq: Status Quo alternative specific coefficient
wind: Wind alternative specific coefficient

cog: Solar Cogeneration alternative specific coefficient

Other than the alternative specific variables, the estimated parametric logit models do
not justify the usage of many individual-specific variables in the none SQ alternatives.
For instance, only residence acquisition time and the size of the residence are significant
and only explaining households’ wind micro-generation utility. On the other hand, the
parametric logit model output shows that an increased interest in garbage management
results in an increased probability of not choosing a micro-generation alternative. Also,
the more someone observes, micro-generation RET installations, the less likely she is
of selecting the SQ alternative, compared to the SPV alternative, while the contrary
holds for thermal RET installations. Concerning the demographic variables used, their
signs are in accordance with intuition, and many of them are statistically significant.
For instance, the models show that increased family income results in a lower likelihood
of selecting SQ and wind alternatives relative to SPV. Elderly homeowners prefer the
SQ in contrast to the SPV alternative, and higher education level has the exact opposite
results. The outputs of the rest of the models will further prove or reject the above

estimation results.

5.2.2. Nonparametric logit models

In contrast to parametric logit models, the RF algorithm and the Kernel Density
estimator do not produce an estimate of the causal effect of exogenous variables as
traditional parametric models. Within the RF algorithm, we use the variable importance
tool to specify the importance of the independent variables, and the partial dependence

plots, to analyze the effect of each variable on the classification probability.
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Table 2.7: Nonparametric Models Independent Variables Importance

Random Forests KCDMD
Variable Description MeanDecreaseGini Rank  Bandwidth Rank
SPV Installation cost 13.231 22 0.7353 22
Wind Installation cost 13.282 21 0.4003 9
SCogen Installation vcost 9.964 24 0.6801 14
SPV Annual savings 7.523 31 0.6501 21
Wind Annual savings 7.403 33 0.6667 28
Scogen Annual savings 7.495 32 0.6667 33
SPV annual maintenance cost 3.771 40 0.5000 31
Wind annual maintenance cost 5.232 38 0.5000 36
Scogen annual maintenance cost 4.598 39 0.5000 37
SPV years of guaranty 7.869 29 0.6584 23
Wind years of guaranty 7.089 36 0.5344 13
Scogen years of guaranty 7.154 35 0.6413 20
SPV aesthetics 8.432 28 0.6667 29
Wind Aesthetics 7.076 37 0.6667 34
Scogen Aesthetics 7.289 34 0.4710 24
Scogen thermal bill savings 68.113 3 0.6600 2
SPV time required for approval 9.291 25 0.6667 16
Wind Time required for approval 9.063 26 0.6077 30
Scogen Time required for approval 8.722 27 0.6667 35
Residence acquisition time 27.418 10 0.7500 40
Residence age 21.763 14 0.7500 39
Residence sq meter 68.957 2 0.1070 1
Future stay 17.565 18 0.6074 12
Demographics
Married 7.699 30 0.5000 38
Gender 14.246 20 0.5000 26
No of Kids 35.104 5 0.0748 5
Age 70.833 1 6.7036 3
Family Unemployment 12.892 23 0.1569 10
Family Income 37.048 4 0.0346 4
Education Level 32.927 6 0.8000 18
Maintenance of heating and cooling systems 24.259 11 0.8000 32
Efficient use of excessive energy (temperature) 29.032 8 0.4002 7
Replacement of home appliances with more Env friendly 19.731 15 0.7470 17
Efficient use of excessive energy (lights) 16.100 19 0.5311 11
Recycling frequency 23.349 12 0.7994 25
Interested for the planet pollution 18.368 16 0.3101 6
Interested for the pollution of air and water in their city 17.667 17 0.4340 8
Interested in garbage management 22.163 13 0.8000 27
Micro-generation RETSs observability 28.031 9 0.7696 19
Micro-thermal RET observability 32.860 7 0.7386 15

110



Table 2.7 presents the variable importance, or in other words, the average decrease of
the estimated Gini impurity index for each generated tree for each independent variable.
Variable importance measure practically ranks variables according to how many times
a particular independent variable is used to create nodes for all generated trees along
with the node-level positioning, and can be used by the analyst as a variable selection
tool. However, if the exogenous variables are correlated, the RF variable importance
measure can be misleading (Gregorutti et al. 2017). In this study, we use all the
independent variables presented in Table 2.2 and Table 2.3 for comparison purposes.

Except for thermal bill savings, the alternative specific variables do not seem to have
the most crucial role in the classification process of the RF algorithm. Although the
parametric logit models show that the installation cost has the most considerable
importance, the RF algorithm places it nearly in the middle of the importance rank. On
the contrary, the age of the head of the household, residence size, the level of the
thermal bill savings, the financial state of each family, and the number of kids is
between the five most important variables for the construction of the random trees.

In the nonparametric context, we further estimated the nonparametric kernel density
conditional mode estimator for mixed data. We estimated the bandwidths of the
nonparametric KCDMD using the Least Square Cross-Validation method (Hall et al.
2004), and we present the results in Table 2.7. Within the process of data-driven
bandwidth selection, the LSCV method has the capability of excluding irrelevant or
less important independent variables from the model specification by smoothing them
out. The produced values of the estimated bandwidths for irrelevant independent
variables are pushed to their upper bound which is oo, for the continuous variables and

and (¢, — 1)/cy,, for the categorical variables, where c,, is the number of the levels,

for the categorical independent variable x;. Estimated bandwidth close to its upper
value causes the kernel density estimator of a particular variable to be constant across
all sample observations. In the present study, we estimate the variable importance
measure of categorical variables for the KCDMD estimator as the ranked difference
between the estimated bandwidth and its upper bound. While, in the case of the
continuous variables, lower values of bandwidths are given as a better rank. For
continuous variables, the difference between the estimated bandwidth and their upper
level oo will always be greater than the categorical ones. We present the KCDMD

independent variable ranking in Table 2.7.
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Within the above context, independent variables with a ranking value greater than 26,
reach their upper limit bandwidth and are excluded from the model as if they were never
included. As in the RF approach, the LSCV estimated bandwidths of the KCDMD
estimator indicate that the most significant role for the classification process is played
by the age of the head of the household, residence size, the level of the thermal bill
savings, and the financial state of each family. Alternative specific independent
attributes, such as maintenance cost and aesthetics, are excluded from the model as non-
important. Also, the KCDMD estimator indicates that the SPV and the Solar
Cogeneration alternatives installation cost is not of high importance for explaining the
choice of micro-generation RETs. Continuing with the individual specific independent
variables, the reader can see several differences concerning the ranking of alternatives
between the two nonparametric models. However, the actual effect of each independent
variable on the estimation result is not shown either by the mean decrease index or from
the bandwidths estimation reported in Table 2.7. Thus, in the following section, we
graphically present the effect of the most important, comparing the main results of the
parametric and nonparametric models used, using partial dependent plots.

5.2.3. Models comparison

In the present study, we use partial dependent plots for comparing the produced causal
effects of the parametric and nonparametric models. For brevity reasons, we compute
and visualize the partial dependence of two alternative specific variables, namely,
installation cost and the thermal bill savings (see Figure 2.3 and Figure 2.4), and the
four most important variables indicated by the nonparametric models. (see Figure 2.5 -
Figure 2.8). In order to avoid overinterpretation of the partial dependence plots in
regions where no data exist, we add a rug distribution plot in all of the individual-
specific variables presented plots. We further present the partial dependence plots of
the rest alternative specific variables of Table 2.2 in Appendix |.
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Figure 2.3: Partial Dependence Plots for the alternative specific Installation Cost variable
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For both the parametric and nonparametric models discussed above, Figure 2.3 presents
the predicted influence of installation cost on households’ choice. As we discussed
previously, both parametric logit models find that an increase in the installation cost of
a technology results in a reduction of its propensity of being selected. The partial effect
of the MNL and MXL model shows that this propensity decreases in a nearly linear
way. The RF and the KCDMD methodologies show, however, a somewhat different
perspective of this causal effect. In particular, the RF algorithm shows that the
probability of choosing an SPV or a wind micro-generation technology decreases when
its installation cost is between 3,250 to 4000 euros, and thereafter it is almost constant.
This flattened curve may indicate that households become insensitive to installation
cost levels above 4,000 euros. Also, the plot shows that when SPV installation cost
affects the probability of choosing SPV negatively, it does so in favor of the wind
technology mainly while when wind installation cost negatively affects the probability

of choosing wind, it is the SPV technology that is favored.

The insensitivity to cost is further evidenced in the case of the solar cogeneration
technology from the RF algorithm results, as increases in the installation cost of solar
cogeneration, which is higher for the particular alternative, has a very small impact on
the probabilities of selecting all choice alternatives. The KCDMD estimator produces
a similar result to the RF algorithm in the case of wind installation cost, whereas only
wind installation cost increases from 3,250 to 4,000 euros cause the probability of its
adoption to fall. However, the installation cost of the other two alternatives is smoothed
out of the estimated model as none important, a result that is confirmed from their
estimated bandwidths presented in Table 2.7.

Within Figure 2.3, the parametric logit models further show that micro-generation
alternatives act as competitors to each other since an increase in the installation cost of
one alternative increases the probability of choosing all the other. However, the
propensity to select the cogeneration alternative increases the least when the installation
cost of other alternatives increases. Taking into consideration the higher installation
cost of the solar cogeneration micro-generation alternative might exclude it from being
a competitor. Contrasting with the above findings, the RF algorithm, and the KCDMD
estimator indicate that only SPV and wind micro-generation technologies act as

competitive technologies.
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Turning now on interpreting the causal effect of thermal bill savings of the solar
cogeneration alternative, all models produce relatively similar results (Figure 2.4).
Although in different magnitude levels, all models find that the probability for a
household to select the solar cogeneration alternative increases relatively to an increase
of thermal savings. The RF algorithm, contrary to the other models, shows that an
increase in savings from 0 to 1.500 euros increases the probability of adopting solar
cogeneration, but for savings above more than 1.500 euros, the effect is constant. The
nonparametric models produce similar results concerning the effect of solar
cogeneration thermal bill savings on other micro-generation alternatives, with the RF
depicting more nonlinearities in this effect. The age of the head of the household seems
to have an essential role in the prediction of household choice, and all models, produce
similar results (Figure 2.5). Again, the RF algorithm depicts more nonlinearities in the
predicted averaged effects. For instance, the probability of selecting the SQ alternative
reduces for ages between 25 to 35, then it sharply increases for ages from 35 to 55 and
is stabilized for older respondents. This means that households with decision-makers
around 35 years old are more likely to adopt a micro-generation technology. On the
other hand, we cannot argue something similar based on the predictions of the other

models.

In Figure 2.6, we present the estimated effect of the family income level on choice
probabilities. Both parametric and nonparametric results produce relatively similar
results in terms of their causal effect. All models show that an increase in family income
results in a higher probability of adopting a micro-generation RET. However, the
nonparametric models address this effect in a nonlinear way, in contrast to the
parametric ones, and show that there is an income level of 40.000 up to where the
estimated probability of adoption is no longer increased. Once again, the parametric
and nonparametric models produce different interpretations of the effect of residence
size (Figure 2.7). The parametric logit models indicate that as the residence size

increases, the probability of a household to select the SQ alternative always increases.
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Figure 2.5: Partial Dependence Plots for Age

In contrast, the nonparametric models’ findings indicate that the probability of selecting
the SQ alternative reaches the maximum for a residence size of around 100 square
meters, and decreases for the other values. The probability of selecting a particular
micro-generation technology also has to do with the residence size. According to both
nonparametric models, the probability of selecting an SPV micro-generation RET is at

its maximum when the residence size is 100 to 150 square meters.
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Figure 2.6: Partial Dependence Plots for Family income level
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Finally, in Figure 2.8, we show the partial effect of the number of children in a
household on the choice for a micro-generation RET. Both parametric and the RF
algorithm predict that the maximum probability for selecting the SPV alternative is for
families with two kids. According to the KCDMD estimator, the probability of selecting
the SPV alternative has a local maximum for two kids, and then the probability is
further increases for more than four kids. Again the predictions of the RF algorithm and

the KCDMD estimator results indicate that the probability of selecting the SQ
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alternative is stable for RF or increasing for KCDMD at the point between two and

three Kids and then starts to decrease again.
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Figure 2.8: Partial Dependence Plots for the No of Kids in the family

6. Discussion and conclusions

The goal of this research is to perform a comparative study between parametric logit
and nonparametric models in a discrete choice setting. We compare model
development, evaluation of results, and behavioral interpretation. In particular, we
examine two basic well-known logit models, namely the Standard Conditional Logit
and the Mixed Logit and compare them with the state of the art machine learning
algorithm of Random Forests and the nonparametric kernel multinomial model. We
compare the models using data related to a survey on consumer choice over micro-

generation technologies conducted in Crete, Greece.

In terms of accurately predicting the choice of micro-generation RETs, this study’s
results are partly in agreement with those of the study of Hensher and Ton (2000) that
finds NN to be similar or, in some cases, worse than a Nested Logit model. The term
“partly” is used here because our results depend on whether the choice of the training
set is based on individuals or observations. If the choice is based on individuals, so that
some randomly chosen individuals are not included in the training set, then all models
used in the present study have an equal and low rate of choice prediction accuracy and

fail to transfer their results for predicting new individual's behavior. Although the
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nonparametric models perform better for in-sample predictions, on the other hand,
when the trained models are used to predict new choices of the same individuals, then
the scales are tipped against the parametric logit models. This result is a logical
consequence of the nature of the data-driven methodologies used in the present study.
In particular, the RF algorithm is a “supervised” learning methodology where its
outcome relies on the input data (Mohri et al. 2012; Athey and Imbens. 2019. Thus,
missing data patterns cannot be capitalized, and “new” choices cannot be accurately

predicted.

In contrast to the growing literature using ML as a means of predicting discrete choices
claiming that they outperform traditional parametric logit models (Chen et al. 2019;
Zhao et al. 2019; Lhéritier et al. 2018; Alwosheel et al. 2018; Brathwaite et al. 2017;
Hagenauer and Helbich, 2017; Tribby et al. 2017; Sekhar et al. 2016; Wang et al. 2016)
this study raises the issue of representability, especially in the case of small sample
datasets, and shows that the accurate prediction of the models is similar. On the other
hand, when the models are called to predict a new choice of an individual that the
training model learned from her experience, then we find the RF algorithm and the

nonparametric KCDMD model to outperform the parametric ones.

In the present study, we additionally compare the models according to the indicated
variable importance of the exogenous variables used. We compute the X-standardized
coefficients of the estimated beta parameters as a measure of relative importance
(Menard 2004), and we find that the parametric logit models draw their attention to the
installation cost, the number of kids, the residence size, the education level, and gender.
In the case of the RF algorithm and the KCDMD estimator, we use the mean Decrease
Impurity Index (Breiman, 2001a) and the upper-level distance of the kernel density
estimated bandwidths (Hall et al. 2004), respectively. Although with small differences,
the nonparametric models draw their attention to thermal bill savings, the age of the
head of the household, residence size, the financial state of each family, the number of
kids, and the investment revenues. The RF algorithm and the KCDMD estimator results
indicate the significance of the installation cost but place it nearly in the middle of the
importance rank. As far as the other alternative specific variables are concerned, the
nonparametric models place them in the lower importance rank, giving more

importance to socio-economic factors.
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Through the use of partial dependence plots (Friedman, 2001), this study compares the
causal effect of the most significant variables indicated by the estimated models.
Drawing on the results of the nonparametric models, we identify nonlinear effects that
would not otherwise appear, warranting thus their usefulness in the interpretation of
partial effects when a linear specification might not hold. The KCDMD estimator is
found to have similar results to the RF algorithm, both in terms of predictability and
interpretation, indicating that both approaches can be an effective alternative
methodology for discrete response models. Within the nonparametric models, the
researcher does not have to enforce any restrictive assumptions about the distribution
of the unobserved part of the utility and for the functional form of the observed part,

exploiting informational patterns from the data.

A limitation of the present study is that none of the models discussed above takes into
account the panel data nature of the SP data used, and it might be worthwhile
investigating whether taking it into account improves the performance of the RF
algorithm. Last but not least, all of the above methodologies could be combined in a
given setting. For instance, RF and the KCDMD could be supportive or not about the
choice of explanatory variables and functional form in a more heavily parametrized
random utility model, although the former is not necessarily based on smooth
preferences.
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CHAPTER 3: FEED-IN-TARIFFS AND GOVERNMENT CORRUPTION:
ANOTHER LOOK AT THE DIFFUSION OF RENEWABLE ENERGY

TECHNOLOGIES

1. Introduction

Investments in Renewable Energy (RE) have flourished in the past two decades, even
though most economies worldwide were affected by the recent economic crisis that
started in 2008. However, governments, in order to attract investment funds in the RE
sector, continue to provide incentives to investors through differently implemented
policy frameworks. As a result, in 2011, RE investments almost reached the level of
investments on fossil fuel energy-producing technologies, with China and USA leading
the race of investments reaching 51 billion US dollars in the case of the US (BNEF
2012). This rise in investments is also stemming from the cost competitiveness of RETs
such as onshore wind and solar photovoltaics, compared to other fossil fuels
technologies, where the former, in some cases, act as mainstream technologies (REN21
2016; BNEF 2016).

Although the RE sector is rapidly growing, it has a long way to cover until it can fully
substitute the energy produced from fossil fuels. For instance, the proportion of power
generated from clean sources in 2016 accounts for only 10% of the total energy power
(BNEF 2016). Power plants from fossil fuels are still in operation, and not only more
time but also more effort in terms of government intervention will be needed to
gradually substitute them. On the other hand, the diffusion of mainstream Renewable
Energy Technologies (RETS) is still ongoing, and its progress has been slower than
expected. The reason behind this lies in the fact that RETs investors are confronted with
high upfront costs and long term depreciation periods, which increase the risk of the
undertaken investment. This risk may be influenced by several factors in each country,
namely policy design and its sudden changes, electricity market and regulation,
institutions, financing, and grid access. As a result, higher risk necessitates greater

returns, thus more generous policy instruments for an investment to be selected. One

130



could argue that the level of risk and the incentives faced by investors reflect the rate at

which investments on RETS are being made.

This study's objective is to shed light on the effect of policy instruments introduced to
support RETSs investments. Several scholars claim that governments should create an
effective and efficient policy framework providing stability security and predictability
to investors of RETs (Jaccobson and Bergek, 2004; Ringel 2006; Angoluchi 2008).
Risk reduction can be achieved through financial sustainability and the proper
allocation of costs and benefits of a policy framework so as not to distort the energy
sector. However, in several countries, sudden changes were made with respect to their
RE supporting schemes. For instance, until 2008, Spain provided an overgenerous
Feed-in-tariff (FIT) program for the new photovoltaic (PV) investments. The increasing
national debt, along with the magnitude of the tariff, resulted in the suspension of the
program for new PVs installations causing investments towards this technology to
collapse (Mahalingam and Reiner, 2016). Likewise, during the sovereign debt crisis in
2010, Greece suddenly reduced the FIT levels for large-scale Photovoltaic installations
for new and already existing projects causing investments to freeze (DEDDIE 2019).
Thus, investors will hardly trust a policymaker that abruptly harms investment returns

in the future.

In addition to policy instruments applied by each country, other factors can influence
the diffusion process of RETSs. Institutional factors and particularly government
corruption, can negatively affect investment activities (Everhart et al. 2009; Mauro,
1995) and distort incentives provided by the policymaker (Fredriksson, List and
Millimet, 2003; Fredriksson, Vollebergh and Dijkgraaf, 2004) thereby increasing
investors’ risk. In particular, corruption can distort RETs adoption by influencing
various aspects of the investment process, such as decisions regarding the use of land
and authorization of investments, among others (Tanzi, 1998; Jain 2001; Aidt, 2003)
and creates a less appealing environment for investment activities since investors’
incentives are distorted. However, some authors claim that corruption could be
investment enhancing in the sense that red-tape can be bypassed through small side
payments (Leff 1964) or increase investors’ access to public funds (Tanzi and Davodi,
1997). Another strand of the industrial organization literature argues that the level of

the organization networks of corruption and the time horizon of government officials
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can have a decisive role in the effect of corruption over investments and growth (Olson,
1993; Rock and Bonnett, 2004).

In an attempt to unravel the effect of government intervention through the implemented
policy mechanisms and the effect of corruption on RE investments, this research
employs an empirical panel data analysis for investments on windmills in 48 countries.
Our contribution to the literature is that we handle Feed-in-tariffs, which is a price
policy mechanism for RES producers compensation, as endogenous following the
intuition proposed from the diffusion literature (S6derholm and Klaassen, 2007, Jaffe
and Stavins, 1995; Maza and Winden, 2004). From an econometric point of view, if the
endogeneity of policies is not appropriately taken into account, it can lead to erroneous
conclusions and results for researchers. In addition, the present research tries to shed
light on the possible directions in which corruption can affect investments over the
deployment of Wind Technologies and further test whether this effect changes within
different geographic regions. In order to analyze this effect, we use the Corruption
Perceptions Index (T12005-2012), and we further assess our estimation results using a
different measure of corruption, the World Bank Control of Corruption Index (WGI
2005-2012). Our empirical results indicate that the FITs policy scheme has a key role
in the growth of large-scale wind investments and provides solid empirical evidence of
the East Asian paradox where high perceived corruption levels result in investment

development.

The remainder of the chapter is organized as follows: Section 2 provides a background
review concerning the role of government intervention through the implementation of
policy frameworks on RE investments while at the same time analyze the way in which
corruption may distort these investments. Section 3 describes the variables used, while
section 4 presents the empirical strategy followed, the estimation results and the
robustness check of the results with an alternative measure of corruption. Sections 5
and 6 offer a discussion of the results and present the main conclusions and limitations

of our methodology and data.

2. Diffusion of Renewable Energy Technologies

Scholars have identified several factors that can influence the diffusion process of
RETs. Due to the fact that RET electricity market is highly capital intensive,
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government intervention is necessary to improve the efficiency of the market. The
implementation of policy mechanisms provide incentives that would not otherwise exist
in the market and can mitigate the financial and technological risk of RETs investments.
Related literature identifies three channels through which governments can promote RE
investments, namely s) through public R&D investments that gradually reduce the cost
of the investment, b) through indirect environmental regulation increasing the
competitiveness of RETs against conventional energy sources and c) through direct
policy mechanisms increasing the profitability of the investment. When the applied
policy mechanisms are not considered as reliable or sufficient, the risk of initiating a
RET investment project increases, and the project may not be carried out (De Jager and
Rathmann, 2008). However, investors’ trust and confidence are affected not only by the
existence of incentives but also by the institutional framework that sets up the rules for
their implementation, defining the interaction between economic agents (North 1990).
Thus, the interplay between the institutional framework, such as the political and legal
system and the cultural structures and overall corruption, can distort the incentives
provided by policymakers. In view of the above, in this section, we lead our discussion
by focusing on the analysis of the literature on the two main RETSs investments risk
influencing factors, namely government intervention and the institutional factor of

corruption.

2.1 Government Intervention

In the two past decades, countries all over the world implemented several policy
mechanisms to strengthen investments on RETs and achieve their Renewable Energy
targets. However, this progress has been slower than expected. The reason behind this
lies in the fact that investors act in a highly capital intensive market and have not been
presented with the right incentives (Pizer and Popp, 2008; Agnolucci, 2008). Without
policy intervention, investors do not have incentives to allocate their funds towards
RETs (Jaccobson and Bergek 2004), mainly due to the fact that substantial risks are
involved in terms of both the technology and also the economic and social environment
of the investment. In this sense, government intervention through policy mechanisms
results in an increase in the profitability of an investment, or, in other words, reduces

the undertaken investment risk, which is the determining factor that influences
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investors’ decisions to adopt them (S6derholm and Klaassen, 2007). Therefore, for a
RET investment to be worthwhile, the implemented policy mechanisms should focus
on the fact that the expected return should exceed capital cost and, in the long run,
should provide security for investors (Ayoub, 2012; Rodriguez et al. 2015).

The literature on the diffusion of environmentally friendly technologies argues that
there are three main channels through which a government can enhance the
competitiveness of new technologies. The first is through public R&D and innovation,
where new technological advances result in cost reductions of new technologies
(Soderholm and Klaassen, 2007; Pizer and Popp, 2008; Popp et al. 2011). Soderholm
and Klaassen (2007) empirically find that investments in R&D translated into
technological cost reductions, which promoted the diffusion process of windmills in
Europe. Using patent data for a panel of 26 OECD countries, Popp et al. (2011) find
evidence that technological innovation has a small but positive effect on RETSs
investments. Further analysis of the effects of technological change can be found in the
review provided by Pizer and Popp (2008).

The second type of schemes includes the regulation imposed by governments to reduce
greenhouse gas emissions produced from the existing technologies by simply raising
their production cost (Jaffe and Stavins, 1995; Kemp, 1998; Gray and Shadbegian,
1998; Xepapadeas and Zeeuw, 1999; Kerr and Newell, 2003), making them thus less
competitive. Examples of such environmental regulation are carbon tax emissions and
technology standards, among others. For instance, Jaffe and Stavins (1995) analyze the
effect of building codes and energy taxes on the adoption of thermal insulation by US
households. The authors find no evidence that building codes had a significant effect
on insulation adoption. In the same direction are the results of Snyder et al. (2003), who
find that regulatory factors has no effect on the adoption of new technologies in their
particular example of membrane-cell technology. The main disadvantage of imposing
policy mechanisms to reduce the competitiveness of existing more polluting
technologies is the downsizing of the profitability of the industry, which may have
adverse effects and scare new investment funds (Xepapadeas and Zeeuw, 1999). On the
other hand, Gray and Shadbegian (1998) and Kerr and Newell (2003) find evidence
that stringent environmental regulation could raise the profitability of new, less
polluting technologies with respect to the existing ones and thus enhance their diffusion

process.
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Finally, governments can promote the diffusion of new technologies by providing direct
incentives for their deployment. A number of direct policy schemes enhancing the
diffusion of RETs have been implemented, aiming at either the prompt increase of
electricity production from renewable energy sources (RES) or at the long term viability
of RES investments. Some of the main policy mechanisms implemented in countries
worldwide are a) Feed-in Tariffs (FITs) where RES electricity producers are paid a
fixed tariff larger than the electricity market price, b) Quotas/Renewable Portfolio
Standards where a minimum share of renewable energy is imposed in the energy mix
of consumers and retailers or producers and the benefit for RES electricity producers is
subject to the level of quota obligation and the level of the penalty, c) Tradable Green
Certificates® (TGC) upon which a parallel market of renewable energy certificates is
established with producers benefiting from the sale of certificates, and d) Investment
incentives where a proportion of the overall investment cost of RES electricity

production projects is financially supported and e) Fiscal and tax relief incentives.

Each of the above types of instruments has attributes that should be taken into
consideration when designing a policy scheme. For instance, FITs have a number of
attributes such as the level of the tariff, the duration, and their possible digression for
new installations. Similarly, quota's effectiveness is subject to the level of the imposed
share, whether it is applied in a technology-specific way or following a general
approach for the total RES electricity production, the level of the penalty, and the length
of the contracts for electricity or green certificates. The implementation of the above
instruments presents a different level of investment risk, which means that policy design
should be made in an efficient, predictable, and consistent way aiming at reducing it.

The designed attributes of policy instruments influence the motivation provided to
investors by the government. Inadequate design of policy schemes may originate from
either the fact that policymakers make honest mistakes or that they are doubtful over
the new technological advances, wherein any case resulting in preserving old, more
polluting energy-producing technologies (Nilson 2004). Following this argument,
policymakers who are not totally convinced that RETSs can fully substitute conventional

sources may devise and implement a mix of policy mechanisms to experiment over

9 TGCs are in general applied along with Quotas/RPS. When the two policy instruments are applied
together the value of the green certificate is determined from the level and duration of the quota
obligation and the size of the penalty.
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their efficiency and promote green innovation (Nesta, Vona, and Nicolli 2014). In this
respect, inadequate or continuously changing policy mechanisms implemented towards
reaching a low-target of RETSs installed capacity may increase investments’ risk and
may act as an impediment to their diffusion process (Masini and Menichetti 2012). In
the case where these actions result in abruptly harming investment funds, a government
will hardly be trusted in the future. Besides, the main condition for a supporting scheme
to be considered as efficient is the financial sustainability, and the proper allocation of
costs and benefits so as not to create distortions to the energy sector (Agnolucci 2008).
As a final point, the energy sector is enormous and involves several opposing coalitions
to renewable energy (Jaccobson and Bergek, 2004; Marques, 2011), which may result
in either inefficient design and implementation of policy instruments or to the lack of
government intervention towards the deployment of renewables. Jaccobson and
Bergek, (2004), analyze the effect of intense lobbying in the German energy market
between wind and conventional energy sources actors, which resulted in the victory of
the wind party and the enforcement of the feed-in-law of 1991 which assisted wind
energy market to make a transition to a more developed stage.

Scholars also focus their interest on the effect of the direct government intervention
policy instruments in enhancing RETS. In particular, there is an ongoing debate over
the effectiveness of FITs and TGCs. Policy schemes must be constructed in compliance
with both economic effectiveness and ecological efficiency (Ringel, 2006). The author
raises doubts on how FITs can be compatible with a common European electricity
market following these principles and acknowledge that FITs constitute the proper
mechanism for a country seeking to adopt RETSs rapidly. In that respect, Falconett and
Nagasaka (2010) argue that FITs is the best instrument to support less mature RETS,
while TGCs are more suitable for more mature technologies. In the same line, Wang
(2006) claims that the TGCs supporting mechanism is unable to boost high capital cost
technologies such as Windmill systems. EU countries using predominantly FITs instead
of TGCs showed a substantial increase in electricity produced from Wind and Solar
Photovoltaic technologies for the decade from 1996 to 2005 (Maza et al. 2010).
Moreover, Mulder (2008) maintains that although relatively low Feed-in-Tariffs have
been an effective policy scheme for Germany, Denmark, and Spain, their effectiveness

relied on the early and consistent way in which they were implemented.

136



In this direction, several authors in an attempt to empirically examine the effect of
policy instruments implemented to proliferate RETs use different approaches and, as a
result, find different results. A positive effect of FITs on the expansion of wind capacity
in four European countries, namely Denmark, Germany, Spain, and United Kingdom,
is obtained in S6derholm and Klaassen (2007). Although these authors find that ceteris
paribus FITs increase investment capacity, they also show that high FITs can
discourage investments in innovation activities because there is no need to reduce the
costs of new technology. In contrast, Popp et al. (2011) find that both FITs and other
policies such as TGCs, investment incentives, have an insignificant effect on RE
investments made in 26 OECD countries. Verdolini et al. (2018), extended the
specification of Popp et al. (2011) by introducing other electricity generation sources
capacity and find the same positive result of FITs on RE investment. Using a different
approach, Jenner et al. (2013) include FITs as an index of the return of the investment
on either wind or Solar Photovoltaic technologies and find this index to have a

significant positive effect in 26 European countries.

In an attempt to test the effect of the existence of policy schemes in 108 developing
countries, Pfeiffer and Mulder (2013) find to be positively correlated with non-hydro
RE electricity generation. Furthermore, Rodriguez et al. (2015), when studying the
effect of policy instruments, and in particular FITs, TGCs and tax relief, in 87 countries,
argue that different implemented policy instruments are appropriate for each RET
according to the technological and market characteristics. The authors find evidence
that FITs boost investments on biomass and solar technologies, while TGCs are more
efficient for small hydro. Also, they find that none of the above policy instruments has
any significant effect over Wind investments. In the same line are the findings of Zhang
(2013), who studies the effect of FITs on Wind deployment in 35 European countries
and argues that characteristics of the FIT instrument such as longer periods contracts
along with guaranteed grid access and not their amount are what prompted wind
technology deployment. Finally, Smith and Urpelainen, 2014, study the causal effect
of FITs on renewable electricity generation in 26 industrialized countries and find
empirical evidence that their usage not only induces RETs proliferation but also

enhances wind and solar electricity share.

All of the studies above use different econometric techniques in order to examine the

effect of policy instruments on boosting RETs. As it has been argued in the technology
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diffusion and policymaking literature, policy instruments are endogenously defined by
the policymakers along with the RE electricity targets (Soderholm and Klaassen, 2007,
Jaffe and Stavins, 1995; Mazaa and Winden, 2004). Consequently, from an
econometrics point of view, the endogeneity of policies may stem from either the
simultaneity effect of the policy instruments and the related targets or other econometric
inference problems such as omitted variables. In this direction, when using policy
instruments as determinants of RETs investments or electricity production and
endogeneity is not appropriately taken into account, one can be led to erroneous
conclusions over their effect. Some studies attempted to examine the endogeneity of
policy instruments and, in particular, of FITs but failed to reject the exogeneity
assumption (S6derholm and Klaassen, 2007; Zhang, 2013; Rodriguez et al. 2015). On
the contrary, only Smith, and Urpelainen, 2014, use an instrumental variables approach
to point out the positive effect of FITs on the proliferation of wind and solar electricity
percentage change in 26 industrialized countries. The present study, other than studying
the effect of policy instruments on wind investments, further assess possible
endogeneity issues of FITs to measure its effect.

2.2  Corruption as a factor affecting the diffusion process of RETs

Another important factor taken under consideration by RETS investors is the structure
of institutions that determine the transaction setting for carrying out an investment. The
public office defines the rules of the transactions, and the bureaucratic structure is
strongly affected by social norms and behaviors established in a country. Thus, it is a
tough task for someone to distinguish corruption from social norms and behaviors
(Theobald, 1990) and consequently define them by drawing the line in the so-called
corruptive behavior. In this direction, scholars use different definitions that cover
different aspects of corruption. However, there is a broad consensus of scholars that
corruption is a behavior that can be defined as the “abuse of public roles or resources
for private gain (Jain, 2001; Johnston 2011; Tanzi, 1998).

Corruption can take different forms, including bribery, extortion, fraud, embezzlement,
and can flourish under the coexistence of discretionary powers over the allocation of
resources, economic rents, and low probability of detection and punishment (Tanzi,

1998; Jain 2001; Aidt, 2003; Transparency International). Corruption can be further
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classified according to the source of the public officers’ misuse of powers. In this

29 ¢¢

context, corruption can be classified as “petty,” “grand,” and “legislative” (Kaufmann,
1998; Jain, 2001). Petty or bureaucratic corruption can be thought of as acts from
bureaucrats that deviate from their duties when interacting with citizens to favor access
to public services in return to personal social or economic gains. On the other hand,
grand corruption can be considered as acts taking place at the higher-level public office,
such as political elites influencing policy-making and implementation to satisfy
personal gains or special interest groups’ agenda. This form of corruption is the most
complex one since policymakers should also take into consideration the interests of the
society if they want to remain in power. Finally, legislative corruption occurs when the
legislative branch is susceptible to influences to promote certain rules and laws
concerning personal or groups’ gains. It is very hard to measure corruption and
consequently analyze its impacts on social welfare and economic development, taking
into consideration the various corruption forms occurring in different levels of the

established rules and norms of a country.

It has not been until recently that the literature has examined corruption as a threat to
economic growth, the level of investments, and the design or implementation of policy
instruments. Investment activities can be negatively affected by the existence of
corruption since it creates an environment where returns to investment are harder to
predict (Everhart et al. 2009). Jain (2001) argues that corruption can act as a hurdle to
resource allocation by influencing the evaluation of an investment project where, in
turn, reduces the probability of undertaking the investment. In his seminal paper, Mauro
(1995) finds evidence that corruption lowers private investment for a sample of 67

countries where several of them are included in our study.

In an attempt to further explain the effect of corruption on investments and growth,
several authors have turned their attention to institutional and political characteristics
of corruption and discovered different effects according to spatially grouped countries
with similar institutional and political characteristics. For instance, when government
corruption can take a predictable form or is organized in the sense that investors do get
what they are aiming at through corruptive behavior, then it could result in more
investments as it is empirically examined by Campos et al. (1999) in the case of Asian
countries. Similarly, Blackburn and Forgues-Puccio (2009) make the claim that

countries with organized corruption networks are likely to display higher rates of
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growth than countries with disorganized corruption arrangements. In addition, some
authors claim that corruption could be investment enhancing in the sense that red-tape
can be bypassed through small side payments (Leff 1964) or increase investors’ access
to public funds (Tanzi and Davodi, 1997). Egger and Winner (2005) find empirical
evidence that corruption is a stimulus to foreign direct investments in less developed

countries.

Using arguments from industrial organization theory, Olson, (1993), identifies that
according to the level of the organization networks and the time horizon of government
officials, which tends to be common in spatially grouped countries, investments and
growth can be evasively affected. In particular, the prospect of a future profit from the
monopolization of theft, through generating privileges for capitalists and entrepreneurs,
may enable economic agents to generate even higher incomes and more wealth. In this
line are the findings of Ventelou (2002), where the authors using a theoretical approach
of an economic growth analysis concerning grand corruption, find that corrupted
politicians balance their rent-seeking activities with effective policy-making to remain

in power.

In particular, in the case of East Asian countries, scholars tried to analyze how increased
corruption leads to increased growth rates. According to Rock and Bonnett (2004), East
Asian countries fall into the category of governments monopolizing power with long
time horizons of government officials and empirically support that corruption hinders
investments in small developing countries but has the opposite effect in the large East
Asian countries. Also, the authors argue that both the size of a country but also the
organizational structures of corruption can justify the increased growth of East Asian
countries concerning high corruption rates. In terms of manufacturing plant investments
in Indonesia, Vial and Hanoteau (2010) empirically support that corruption in the form
of bribes positively affects the investment benefits. In the same line, Wedeman (2002)
identifies that East Asian countries’ although they face high rates of corruption, this

does not act as an impediment to their high growth rates.

Regarding other geographical areas, researchers find that corruption act as an
impediment to investments and growth. For instance, Asiedu et al. (2009), using data
from enterprises, find that corruption has no significant effect on Latin American and

Sub Saharan Africa developmental growth. The authors also find that increased levels
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of corruption positively influence investments in transition countries. Also, in a firm-
level survey, Gaviria, (2002), empirically finds that corruption and crime reduce the
profitability of firms in Latin American countries. The different effects of corruption
on economic growth and investments may be due to the institutional settings of each

country (Vaal 2011), which may differ between different geographical regions.

Following the above discussion, corruption cannot be an absent factor when analyzing
RE investment development. Government officials, politicians, and RE investors may
have an incentive to perform corruptive activities when there are profits to be gained
by excessive tariffs or tax reliefs, among others. Under a grand corruption setting,
several authors argue that the level of corruption could negatively affect the stringency
and the effectiveness of environmental laws and consequently may influence the
allocation of resources (Fredriksson, List and Millimet 2003; Fredriksson, Vollebergh
and Dijkgraaf, 2004; Leitdo, 2010; Damania et al. 2003). Petty corruption can take place
in the process of implementing a RE project such as discriminating information
exchange, authorizing investments, rendering power to particular electricity producers,
and decisions regarding the use of land. For instance, when governments have set up
heavy bureaucratic licensing and regulatory requirements for issuing a RE production
permit to connect to the grid, lower public office agents may abuse their role and assist
investors to bypass red tape. In both cases, when the probability of being detected and
punished is low because of the corruptibility of political and judiciary institutions along

with less strict societal norms, corrupted activities can escalate.

Although there is abundant literature analyzing the effects of corruption on investments
and growth, its relationship to the diffusion of RETs investments, to the best of our
knowledge, has only been analyzed by Gennaioli and Tavoni (2016). The authors
provide a simple model of bribery and criminal activity and empirically find that
criminality is positively related to the growth of wind installations in regions of Italy,
especially when higher economic gains can be exploited from public incentives. Their
analysis consists of a bureaucratic environment where firms that are willing to invest in
producing electricity from wind can bribe in order to obtain a permit more quickly. In
the context of RE usage, other institutional factors have also been introduced, such as
the quality of governance and democracy (Brunnschweiler, 2010; Pfeifer and Mulder,
2013). Brunnschweiler, (2010) analyze the effect of the quality of governance on the
use of RE, in a sample of 119 none-OECD countries, and finds evidence that stable
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institutional regimes have a positive effect on RE development. In the same line are
also the findings of Pfeifer and Mulder, (2013), where the authors find evidence that
solid democratic regimes positively influence RE development.

However, the effect of corruption on RE investments to the best of our knowledge is
not yet analyzed within different geographic regions. By summarizing the above
discussion, corruption could be either investment deterring or enhancing. It may be
considered as a tax and add more risk to RE investment decision if unorganized
government officials act as independent monopolists asking bribes, or it may be the
case that investors might be willing to undertake a corrupted behavior to bypass red-
tape and gain access to public funding in a more organized and predictable

environment.

3. Data and variables

The present study analyzes the effect of government intervention and corruption on
wind investments, where the latter is measured as changes in the wind power installed
capacity. The sample we use consists of 48 countries that cover more than 98% of the
world’s wind installed capacity, including countries from North Africa, South and East
Asia, Latin America, and OECD countries not included in the previous groups. The
data represent a balanced panel for the period 2005-2012. We have excluded from the
analysis other sources of renewable energy such as solar photovoltaics, biomass, wave,
and tidal, and cogeneration because of their most recent appearance in electricity
production and the lack of data for the countries under study. Table 3.1 presents the
description, definition, the measurement units, and the sources of the data used in the
present study, while Table 3.5, in Appendix I, presents the descriptive statistics of all

the variables used.

In order to depict the annual net investment in wind technologies, we followed the
related literature (Marques et al. 2011; Zhang 2013), and we selected as dependent
variable the country’s wind capacity additions per capita (DWCAPPC). We selected
capacity installations to reflect wind energy investments, rather than electricity
production, because the latter is subject to multiple factors that cannot be controlled or
foreseen by investors, namely, weather conditions, technology efficiency, and possible

damage to equipment, among others. Data on the capacity of wind installations were

142



taken from the U.S. Energy Information Administration database (EIA), and are
expressed in KW nominal power per capita. Table 3.6, in Appendix I, presents the wind
net capacity additions per capita for each country. Sweden had the highest rate of net
investments per capita, followed by Portugal, Ireland, and other EU countries. Although
the United States has the highest value for installed wind capacity, still for its size, the
net wind investment per capita is lower than other smaller EU countries for the period
considered in this research. The negative values of the wind net capacity additions per
capita represent that additions of new capacity installations in a particular year is less
than the capacity loss from damages or technology’s end of life-cycle. The greatest
negative value is found in Spain in 2011, mainly due to the enormous increase of new
installations in the previous year and also because investors were not sure whether new

projects would receive FITs support (REVE 2012).

Table 3.1: Variables Definition, units, and source

Definition Description Source
. . . . EIA - Total Electricity
First dlfferenc_e of th_e _of the cumulative capacity of Net annual wind Installed Capacity (Million
DWCAPPC Wind Installations divided by the population of each - o - P
countr capacity additions Kilowatts) / (Millions)
y persons
FIT The unv\_/elght mean of applied Feed-in-Tariffs for Wind €cents IRENA — REN21,
installations
Dummy: 1 if there a
QuUO Existence of quotas quota exists 0 IRENA - REN21,
otherwise
Dummy: 1 if a tax
TAX Existence of Tax reliefs for Wind investments relief exists 0 IRENA — REN21,
otherwise
Dummy: 1 if
INVSUB Existence of Investment Subsidies for wind investments investment subsidies IRENA — REN21,
exist 0 otherwise
NUCS Share of Nuclear in the total electricity production percentage World bank
HYDROS Share of Hydro in the total electricity production percentage World bank
COALS Share of Coal in the total electricity production percentage World bank
OILS Share of Oil in the total electricity production percentage World bank
GASS Share of Gas in the total electricity production percentage World bank
. . . larger: better -
COR Country corruption perception index (index 0-10) performance Transparency International
IMDPEP Electricity Import Dependency percentage EIA
CO2PC Tones of CO2 emissions per Capita (kg/Capita) EIA

Following our discussion in section 2 concerning the direct government intervention,
we include various policy instruments as explanatory variables, namely Feed-in-Tariffs
(FIT), tax reliefs (TAX), Quota obligations (QUO) and Investment subsidies (INVSUB).
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The FIT variable was gathered from IRENA (2016), and the Renewable Energy Policy
Network (REN21 2016) and measures the un-weighted'® average of the Feed-in-Tariff
level applied in a country on a given year. For the calculation of the FIT variable, we
used the published data on FITs corresponding to the price producers of electricity from
wind systems receive at the year of installation, without taking into account any
possible future digression. For instance, Germany’s and France’s wind installation
Feed-in-Tariff mechanism includes a 2% annual tariff reduction for existing
installations. For the other policy mechanisms such as tax and fiscal reductions, tradable
green certificates, and investment subsidies, we introduced dummy variables for their
existence. We proceeded in this way because the IEA/IRENA database only provides

information about whether these mechanisms are in place and not on their level.

Figure 3.1 presents the frequency of policy mechanisms implementation in the
countries under study. The FITs is the most “popular” mechanism promoting wind
investments followed by investment subsidies, tax reliefs, and quotas. While most of
the countries under study implement a combination of policy schemes, they are
switching them to meet their renewable energy targets. Countries from the EU and
North America widely use Feed-in-tariffs and Quota Obligations as their primary policy
mechanisms and supplement their policy strategy with other mechanisms such as
investment subsidies, tax exemptions, and tenders towards enhancing wind
investments. However, this is not the case for Latin American and Asian countries
where most of them used investment subsidies and tax exemptions as their main policy
mechanism. Besides, some countries use different supporting mechanisms for the
promotion of small and large-scale wind investments. For instance, Italy used FITs to
promote small-scale wind investments, while for large-scale wind investments, it used
tradable green certificates. In the former case, a substantially high rate of investment
was achieved, reaching the amount of $24.1 billion in 2011, while tradable green
certificates mechanism led to the stagnation of the market due to the uncertain prices
(REW 2013).

10 Several countries have designed complex tariff schemes whereas the level of the tariff depends to the
levels of installed capacity, thus higher nominal capacity installations end up receiving smaller tariffs
due to economies of scale. Due to the fact that we do not have data on the number and the size of
installation by country and year we proceeded in with calculating this variable as the un-weighted average
of the tariffs for each level of capacity.
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In order to test whether energy insecurity leads to higher investments towards wind, we
introduce a variable measuring the electricity import dependency (IMDEP) (Marques,
2011). Import dependency can be considered as a measure of self-sufficiency of
countries where higher imports of energy or electricity could either lead to more
investments towards wind or other conventional or renewable energy sources,
depending on their energy planning. The IMDEP variable is computed as the total
electricity net imports of a country divided by the total electricity production of that

country.
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Figure 3.1: Policies schemes applied in the 48 countries

Following the literature of political theory, investments, and growth (see Fredriksson,
Vollebergh and Dijkgraaf, 2004; Ederveen et al. 2006; Evrensel 2010; Asiedu et al.
2009), we use the Corruption Perception Index (COR) (T1 2005-2012), to account for
government corruption. The COR index is an aggregate indicator that measures
perceptions on corruption for the public sector using data from different surveys,
scaling from 0 to 10, where a higher score denotes lower levels of perceived corruption.
The COR index is a composite index using data sources from independent institutions

surveys on governance. The annual COR index is based on data gathered in the past 24
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months and measures perceptions of corruption in the public sector. Thus since lagged
values of corruption may affect future economic activities and growth (Aghion et

al. 2016), we use the lagged value of the COR index in our empirical setting.
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Figure 3.2 presents an illustration between the COR scores and the average capacity
additions in the countries under study, where the Asian, Latin American, and North
African countries are presented in the right, and the rest of the countries in the left. The
former countries experience higher levels of perceived corruption compared to other
countries in our sample. In particular, Asian and especially East Asian (marked with
red) countries experience poor scores over their government corruption index or, in
other words, higher perceived level of corruption. Nonetheless, their annual net wind
capacity installations are comparable to countries with higher COR scores. On the other
hand, European countries such as Denmark, Finland, and Sweden experience the
highest rank in terms of the COR index. During the recent economic crisis, these
countries had the lowest impact regarding the reductions in the perceived government
corruption, and at the same time, they experience the highest wind net capacity

installations per capita.
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Figure 3.2: Corruption and Wind Investments in Latin America, Asian, North African and the rest of
countries

In addition to the policy and the corruption variables described earlier, we introduce,
the natural logarithm of the Carbon Dioxide emissions per capita (LCO2PC) and the
share of coal in the total electricity production (COALS) to account for the level of a
country’s pollution (Marques, 2011). Also, in order to account for the lobbying effect
that may exist between opposing coalitions and renewable energy, we control for the
contribution of traditional energy sources of oil and gas, introducing their share in the
total electricity production (COALS, OILS, GASS). We expect that the existence of
traditional energy sources coalitions will influence the strategic goals of governments
over the selection of future energy sources and therefore influencing government
intervention and investments over renewable energy sources (Sovacool 2009; Marques
2011). We additionally introduce data on the level of CO2 emissions per capita (U.S.
Energy Information Administration) in order to control for the level of a country’s level
of pollution. Finally, in order to test if the availability of clean substitutes is correlated
with lower investments in wind, our specification includes the nuclear and hydroelectric
share (Popp et al.. 2011; Smith and Urpelainen, 2013) in the total electricity production
(NUCS, HYDROS) (EIA).
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4. Econometric modeling and Results

4.1  Estimation strategy

In order to uncover which of the factors X, in Table 3.1, affect the diffusion of wind

investments, we use the panel data specification given by Eq. (3.1) below,

DWCAPPC;, = B'X;p + a; + & (3.1)
where DWCAPPCi; is the first difference of the per capita cumulative wind capacity
installed in the country i at time t, S is the vector of parameters to be estimated, a;
represents unobserved individual (country) heterogeneity, and ¢&;; is the usual
idiosyncratic error. The unobserved individual effect is assumed to be fixed over time
and captures factors that influence the diffusion of windmills that are country-specific
such as geographic or weather conditions. This study's goal is to obtain consistent
estimates from Eq. (3.1). A simple pooled OLS estimator would result in omitted
variable problems since the unobserved individual effect will be added into the
idiosyncratic errors. In particular, if the country-specific effects a; are correlated with
the other independent variables of Eq. (3.1), then a simple pooled OLS estimation will
not yield consistent estimators.

In order to avoid this issue, the Fixed Effects (FE) or the Random Effects (RE)
transformations can be used for the estimation of Eq. (3.1). As in the pooled OLS, the
RE incorporates a; into the idiosyncratic errors and make the hypothesis that it is not
correlated within any of the strictly exogenous variables X;; introduced in Eg. (3.1). On
the other hand, the FE transformation eliminates the country-specific time fixed effects
by subtracting the within-group mean of each variable in Eq. (3.1). By averaging Eq.

(3.1) over time t, we get

DWCAPPC;, = BX; + a; + &, (3.2)
If we then subtract Eq. (3.2) from Eq. (3.1), the FE transformed equation is as follows:
DWCAPPC;, = X + &, (3.3)
where Xj = X; — X, & = & — &, and DWCAPPC;; = DWCAPPC;, — DWCAPPC;.

The possible correlation of the unobserved effect and the other exogenous variables led
us to decide over the Fixed Effects transformation. This is the case for the present study

since a country's geographical or weather conditions influence the produced
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hydroelectric energy share or the country’s level of pollution. In order to test this
hypothesis, the robust Hausman specification test (Wooldridge, p288, 2002), which
accounts for serial correlation across time, as well as general heteroskedasticity, leads
to the rejection of the null hypothesis of uncorrelated unobserved heterogeneity with
the regressors with a p-value of 0.01 favoring thus a fixed-effects specification for our

model.

The estimation of the FE transformed Eqg. (3.3) is made by pooled OLS. However, in
order for the estimators to be consistent and efficient, the following assumptions must
hold:

E(Xisen) =0,Vs,t =12,...,T, (3.4)
representing the strict exogeneity assumption and
E(sils'i|Xi, ai) = O'&IT, (35)

implying that the idiosyncratic errors ¢;, have constant variance given by oI and are

not serially correlated.

In order to check for possible autocorrelation of the error term in Eq. (3.1), we follow
Wooldridge (2002, p. 282) and estimate the first difference (FD) transformation. The
estimated first-order correlation coefficient of the FD residuals is p = —15.71 with a
standard error of 0.4948, and therefore the Wald test rejects the null hypothesis that the
corresponding population parameter is equal to -0.5. In order to account for the
autocorrelation of the errors, we estimate Eq. (3.3) by pooled OLS using the clustered

sandwich estimator, which is robust to both autocorrelation and heteroscedasticity**.

Another issue that is of great importance for the validity of the estimation results is
whether there are some issues of endogeneity in our model. According to the diffusion
literature discussed in section 2, government intervention through policy mechanisms
should be treated as endogenous (S6derholm and Klaassen, 2007; Jaffe and Stavins,
1995). To this extent, both simultaneity and omitted variables problems can arise. For
instance, support mechanisms such as FITs could be adjusted downward as the wind

installed capacity increases because investment costs are lower and not included in our

11 The clustered sandwich standard error estimator relaxes the assumption of independence of the
observations and requires only that the observations be independent across clusters but not necessarily
within groups.
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specification or adjusted upward whenever the capacity targets are not met. In view of
the above, the assumption in Eq. (3.4) will fail. Endogeneity may also stem from the
measurement error of the FIT variable. In this study, the FIT variable is calculated as
the unweighted mean of the different level prices. However, new windmill installations
are supported with different levels of FIT price levels according to the magnitude of
their capacity. We test for the endogeneity of FIT, using the Hausman (1978)
specification test for endogeneity using the clustered robust standard errors from the

auxiliary regressions.

The strictly exogenous instruments used to conduct this test are a) a dummy variable
that indicates whether a FIT scheme is in place for other RETs different from Wind
(OTHFIT) and b) the mean of FITs for the countries that are close in terms of real GDP
per capita level (FITGDP). For the latter instrument computation, we divided our
sample into five groups of countries based on the percentiles of real GDP per capita and
computed FITGDP for country i at time t as the mean of the applied level of FITs of
all other countries in the same group as i. The descriptive statistics of the two exogenous
instruments are presented in Table 3.5, in Appendix I. The results of the testing
procedure indicate that the level of FITs is endogenous at the 5% level, with the value

of the test statistic to be 4.468 distributed as a chi-squared with one degree of freedom.

The regression of FIT;; as a dependent variable on all strictly exogenous variables of
Eq. (3.1), and on all of the exogenous instruments shows that all of them are highly
significant (see Table 3.7 in Appendix Il). The Sargan (1975) test (OIR in the table)
fails to reject the null hypothesis that the instruments are uncorrelated with the
idiosyncratic error term since the value of the statistic is 0.024, and the p-value is 0.88.
One can further argue that OTHFIT is exogenous since it is intended to support
alternative RETS rather than wind. Thus the existence of a FIT mechanism for solar
photovoltaic investments will not affect wind capacity additions. Also, it is the case that
countries supporting different energy strategies rely, mostly but not all of the time, on
the same policy instruments. For instance, a policymaker that decides to promote small
hydro along with windmills will more likely use the same instrument unless the targets
set for the technology define otherwise, which means that the correlation of FITs and
OTHFIT is high. The use of the second instrument, FITGDP, is based on the idea that
the average level of FITs of similar income per capita countries could be a good

predictor of a country’s FIT while the country’s investments in wind technologies do
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not influence it nor does it affect those investments directly. In the same context, Smith
and Urpelainen (2014) treat FITs as an endogenous factor and uses as instrument the

mean of FIT prices applied in the adjacent countries??.

4.2 Estimation results

The first column of Table 3.2 presents the estimation results of the FE estimator (FE-
1) for Eq. (3.1) where the variables from Table 3.1 are used as exogenous variables. In
order to account for the endogeneity of FITs, the second column of Table 3.2, reports
the results of the Fixed Effects two-stage least squares (FE 2SLS) methods (FE-1V-2).
Also, in order to assess whether the effect of corruption has a regional or spatial
dimension, the different countries were grouped into five major groups. The first group
includes countries from East Asia, while the other four includes countries from South
Asia, Latin America, North Africa, and the rest OECD countries not included in the
previous four groups. The regional dummies interacted with the lagged corruption
index, namely EA_COR for East Asia, SA_COR for South Asia, LA_COR for Latin
America, and NA_COR for North Africa were then used as new regressors. The results
of the FE 2SLS estimation of the model that includes the variables mentioned above
are presented in the third column of Table 3.2 (FE-IV-3).

Table 3.2: Estimation Results: Fixed Effects and 2SLS Fixed Effects with CPI index

FEL FE-IV-2 FE-IV-3
(b/se) (b/se) (b/se)
- 0.0436 0.5100% 0.5419%
(0.13) (0.24) (0.26)
2.0142 2.2030* 3.8581%
COR(t-1) (1.85) (1.38) (L.73)
25207 25773 25796
QuUO (9.97) (4.23) (4.26)
A 49141 45747 5.5305
(6.37) (6.54) (6.61)
2.7850 2.6933 2.9963
INVSUB (1.94) (1.94) 2.12)
“1.428 11270 “1.4599
NUCS (1.07) (1.09) (1.13)
-0.2521 -0.2007 -0.2030
HYDROS (0.52) (0.48) (0.49)
-0.6356 -0.6242 -0.6900*
GASS (0.44) (0.41) (0.42)
oILs -0.3365 -0.1762 -0.1952
(0.45) (0.42) (0.43)
COALS 0.1131 0.1787 0.1613

12 The authors constructed this instrument as the mean FIT values for all neighboring countries for a
given year. If a country does not have any neighbors then the authors use the global mean of FITs.
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(0.60) (0.57) (0.56)

-20.7264** -18.6314* -17.730*
LCOZPC (10.34) (9.53) (10.45)
-0.0492 -0.0373 -0.0428
IMDEP (0.36) (0.36) (0.36)
-23.0813*
EA_COR (14.08)
-2.3328
LA_COR (2.59)
-2.6899
SA_COR (3.83)
-4.0690
NA_COR (3.47)
66.5407
Constant (41.88)
Cross Sections 48 48 48
Time periods 7 7 7
OIR - 0.024 0.046
(p-value OIR) - 0.8774 0.8306
Under-1D test - 11.471 11.283
p-value - 0.0032 0.0035

standard errors in parentheses

*p<0.10, ** p<0.05, *** p<0.01

The Underidentification test, developed by Kleibergen and Paap (2006), is an LM test of whether the equation is identified, or in
other words, that the excluded instruments are correlated with the endogenous regressors. A rejection of the null hypothesis
indicates that the model is identified.

The results of the FE-1 model show that only the CO, emissions per capita are
significant at the 5% level, with a negative coefficient. The FE-1 specification findings
show that both the variables of FIT and COR are insignificant, indicating no effect on
wind investments. Also, this is the case for the other variables used in Eg. (3.1).
However, one should take into account that the endogeneity of FITs may cause the FE
estimators to be inconsistent (Wooldridge, 2002), and if not controlled for, to lead to an
underestimation of the model parameters. Turning now to the parameter estimates of
the FE-1V-2 and FE-IV-3 specifications, we note that correcting for endogeneity has
mostly affected the parameter estimates for the FITs and COR variables. The
differences between the robust standard errors of the two estimated models are
reasonable, as expected, but they are higher in the case of IV estimation. The results
indicate that increases in the Feed-in-tariff level have a positive effect on the growth
rate of Wind installed capacity. This result comes in accordance with the empirical
results of the relevant literature, arguing that FITs indeed spur RETs investments
(Jenner et al. 2013; Smith and Urpelainen, 2014).

Furthermore, the existence of a policy mechanism such as Investment subsidies, Tax
reliefs, and Tradable Green certificates continue to have an insignificant effect on Wind
Energy investments. This indicates that without data on the level of the implemented
policy instrument, we cannot argue on its efficiency. This result is in line with the
findings of Popp et al. (2011) and Verdolini et al. (2018) that control for the effect of
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the existence of another policy mechanism, except for FITs and TGCs, on the RE
investments uptake in 26 OECD countries and find it to have an insignificant effect. As
far as a country’s level of pollution is concerned, all models show that an increase in
the CO2 emissions levels negatively affects, at the 5% level of significance, the
diffusion of wind technologies, which means that still, the increasing levels of CO2
emissions are not capable of invoking a transition towards wind investments (Marques
et al. 2011). However, such an argument must be further analyzed by considering the
economic situation of the country to support such a transition. For instance, in the G7
countries, Sadorsky (2009) argues that an increase of the real GDP and the level of
pollution, are major drivers towards the increase of RE consumption. It also may be the
case that a country selected another RE technology other than wind, as primary towards
the fight against pollution. In this direction, the findings of FE-I1V-3 specification results

indicate that Gas may act as a competitor to wind energy investments.

Furthermore, both the FE-IV-2 and FE-IV-3 specification results show that
improvements in the perceived level of government corruption positively affect net
investments on windmills. In other words, an increase in the corruption level (i.e.,
reduction in the corruption index) negatively affects wind investments for all countries
except East Asina countries. Also, we find that improvements in the perceived level of
government corruption can have both negative and positive effects on the diffusion of
wind systems. In general, this empirical study findings show that an increase in the
institutional factor of the corruption level (i.e., reduction in the corruption index) harms
Wind investments. However, this is not the case for East Asian countries that benefit
in terms of wind investments from the existence of government corruption. In this
respect, this study results provide solid empirical evidence of the East Asian Paradox
for wind investments. This might be the case since East Asian countries’ governments
acting within long time horizons and through strong monopolized, and organized
corruption networks may provide incentives to economic agents to generate higher
incomes and more wealth, thus attracting more investments (Olson, 1993; Rock and
Bonnett, 2004). As far as the other regions are concerned, confirming the literature
findings over the effect negative effect of corruption on investments and growth in these
geographic regions (Asiedu et al. 2009; Gaviria, 2002; Vaal 2011), we find that

corruption negatively affects wind investments and that this effect is similar between
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all the countries under study, as the respective dummy coefficient estimates are not

significant even at the 10% level.

4.3 Robustness test

In order to assess whether the differential spatial effect of corruption on wind energy
investments is robust to different measures of corruption, we also use the Control of
Corruption Index (WCC) WGI (2005-2012), which measures perceptions of corruption
in both the private and the public sector. Both the COR and the WCC indices combine
data from different sources and rank countries with lower levels of perceived corruption
with a higher score. The WCC index scales from -2.5 to 2.5, and we rescale it to a 0-10

scale in order to be able to compare its effect with the COR variable.

At this point, we should note that the WCC index is computed using data from the
current and the two previous years, while the COR index uses data from the past 24
months. Consequently, in order for the two measures to capture the same periods, we
use the current level of the WCC index. Table 3.3 shows the descriptive statistics of the
two indices both between and within-group variation. Notably, as it is expected for the
two indices, there is more considerable variation between countries than within time,

and the COR index variance is greater than the WCC index.

We additionally also test whether FIT variable is endogenous when WCC is used. The
results indicate that the FITs mechanism is endogenous at the 5% level, with the value
of the test statistic to be 4.351 distributed as a chi-squared with one degree of freedom.
We used the same instruments as discussed previously, and the regression of FIT;; as a
dependent variable on all strictly exogenous variables with the use WCC instead of
COR and on all of the exogenous instruments shows that all of them are highly
significant (see Table 3.7 in Appendix II).

Table 3.3: Descriptive Statistics of the COR and WCC indices

Mean SD Min Max N
COR 5.8164 2.2904 1.7 9.6 336
Between 2.2958
Within 0.26415
WCC 6.4980 2.0804 2.1541 10 336
Between 2.0896
Within 0.1994
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In this direction, we re-estimated Eq. (3.1) using FE 2SLS methods with the WCC index
(FE-1V-4), and the results are presented in Table 3.4. We also interacted the regional
dummies with the WCC index, namely EA_ WCC for East Asia, SA_ WCC for South
Asia, LA_WCC for Latin America, and NA_WCC for North Africa and inserted it in our
specification (FE-I1V-5). For comparison purposes, we also include the FE-IV 2 and FE-
IV-3 in which the COR variable is used. Our results provide empirical support to the
East Asian paradox, even if another measure of corruption is used. Higher levels of
corruption negatively affect the deployment of wind technologies, but this is not the
case for East Asian countries. Note that when the WCC measure is used (see Model FE-
IV-5), the magnitude of the negative effect of an increase in the corruption index (or a
decrease in the level of the perceived corruption) for the East Asian countries is again
negative and similar in magnitude as with the results when the COR index is used (see
FE-IV-3 model). Also, the results of the rest coefficients remain the same except one
of FITs, which increases in magnitude. Within the FE-1V-4, and FE-1V-5 specification
results, the existence of investment subsidy has a positive effect (significant at the 10%)
on wind investments, denoting that countries introducing policy mechanisms that

reduce the installation cost of a windmill may attract new investment funds.

Table 3.4: Estimation Results for the per capita First Difference of Wind capacity

FE-IV2 FECIV3 FE-IV-4 FE_IV-5
(b/se) (b/se) (b/se) (b/se)
- 0.5100% 0.5419% 0.5048% 0.8124%%*
(0.24) (0.26) (0.26) (0.31)
21850 3.8581%
COR(t-1) (1.37) (L.73)
4.7508 11.5711*
wee (3.47) (7.11)
ouo 25773 25796 24195 23757
(4.23) (4.26) (4.13) (4.51)
A 45747 5.5305 4.9324 5.6835
(6.54) (6.61) (6.52) (6.67)
26933 2.9963 3.0440* 3,633
INVSUB (1.94) 2.12) (1.88) (1.96)
UGS -1.1270 -1.4599 -1.0589 -1.1338
(1.09) (1.13) (1.08) (1.10)
-20.0670 -0.2030 01711 -0.1637
HYDROS (48.17) (0.49) (0.49) (0.49)
GASS -0.6242 -0.6909* -0.5044 -0.6425
(0.41) (0.42) (0.41) (0.42)
oILs -0.1762 -0.1952 -0.1653 -0.2222
(0.42) (0.43) (0.41) (0.45)
0.1787 0.1613 0.2019 0.2349
COALS (0.57) (0.56) (0.60) (0.62)
-18.6314* -17.730% 220 2747% -19.8053**
LCOzPC (9.53) (10.45) (10.07) (9.99)
-0.0373 -0.0428 -0.0389 -0.0273
IMDEP (0.36) (0.36) (0.36) (0.36)
EA_COR -23.0813*
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(14.08)

-30.1428**
EA_WCC (13.85)
-2.3328
LA_COR (2.59)
-11.2610
LA_WCC (9.34)
-2.6899
SA_COR (3.83)
-6.8651
SA_WCC (7.00)
-4.0690
NA_COR (3.47)
-7.1561
NA_WCC (6.79)
Cross Sections 48 48 48 48
Time periods 7 7 7 7
OIR 0.024 0.054 0.011 0.004
(p-value OIR) 0.8774 0.8165 0.9179 0.8424
Under-1D test 11.471 11.283 10.301 10.115
p-value 0.0032 0.0035 0.0042 0.0067

standard errors in parentheses

*p<0.10, ** p<0.05, *** p<0.01

The Underidentification test, developed by Kleibergen and Paap (2006), is an LM test of whether the equation is identified, or
in other words, that the excluded instruments are correlated with the endogenous regressors. A rejection of the null hypothesis
indicates that the model is identified.

5. Discussion and conclusions

The literature dealing with the diffusion of environmentally friendly technologies
argues that government intervention through direct policy instruments can create
incentives to promote the substitution of more polluting energy technologies. On the
other hand, the institutional factor of corruption may have a complex effect on the
investor’s decision strategy. In the present study, we capture the positive effect of a
widely applied policy instrument, namely Feed-in-Tariffs, and try to unravel the
complex dynamics that government corruption has on the diffusion of wind

investments.

In the struggle to reduce the risks and impacts of climate change, countries all over the
world have widely used FITs as a mechanism to support renewable energy deployment.
However, there is an on-going debate in the literature concerning the FITs policy
effectiveness. The effectiveness of FITs can be measured by using a country-based cost-
benefit analysis or by examining the extent to which the targets set by governments
have been reached. This study’s empirical findings contribute to this debate, showing
that increased FIT compensation levels spur investments towards windmills
installations. Although not empirically studied by the present research, the effectiveness
of the FIT policy instrument is also influenced by other important characteristics that
should be taken into account by a policymaker. The first is consistency in its

implementation. For instance, the FIT scheme's effectiveness in Germany and
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Denmark was mainly due to its early and consistent implementation (Mulder, 2008).
Another important characteristic is the contract periods of compensation and the
security guaranteed grid access, which, according to Zhang (2013), prompted wind
installations in 26 EU countries. Even more importantly, policymakers should also
focus on the financial sustainability of the scheme in order to maintain its effectiveness.
With this in mind, the proper allocation of costs and benefits from a FIT scheme will
prevent opposing coalitions from harming renewable energy strategy and thus the
deployment of renewable energy technologies (Agnolucci, 2008) such as windmills.

In addition, the present research findings indicate that the existence of investment
subsidies positively affects the diffusion of Wind technologies. This outcome could be
easily explained in the sense that wind investment projects are highly capital intensive,
and even a small reduction on the initial capital cost results in an investment risk
reduction. On the other hand, other policy mechanisms such as Tax Exemption and
Tradable Green certificates have an insignificant effect on increasing investments in
Wind Energy. Once again, we should note that the policy mechanisms mentioned above
are introduced as dummy variables to our specification. Thus, countries should focus
on the efficiency of the already applied policy mechanisms rather than just introduce

new instruments for the sake of political gains (Agnolucci, 2008).

However, investors’ decisions are not only affected by the existence of incentives but
also by the institutional framework defining the interaction between economic agents
(North 1990). Thus, as in any other investment, government corruption can also
influence the risks undertaken by investors. In particular, this study’s results indicate
that improvements in the perceived level of corruption can have both negative and
positive effects on the diffusion of wind systems. In general, an increase in the
corruption level (i.e., reduction in the corruption index) harms wind power investments,
but this is not the case for East Asian countries. Our results provide empirical evidence
that the East Asian Paradox is present in wind investments as well. One explanation for
this can be found in the industrial organization literature (Olson, 1993; Rock and
Bonnett, 2004) where it is claimed that East Asian countries’ through the political
structure of corruption, namely long time horizons of government officials and strong
monopolized corruption networks, can jointly create incentives to new investment
funds. While, these incentives are translated from the literature studying corruption as

bypassing red-tape through small side payments (Leff 1964) or increase investors’
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access to public funds (Tanzi and Davodi, 1997). Both of them can be the case in

investments regarding the installation of windmills.

On the other hand, our results indicate that for the rest of the countries in other
geographical regions, increased perceptions of corruption negatively affect wind
investments. According to Parker et al. (2004), in the past decade, Latin American
countries suffered from weak political parties that did not represent the public but
instead their self-interest. Although there has been a significant amount of effort from
governments in the Latin American region to tackle this problem, the solution is still
some distance ahead (Miller&Chevalier, 2012). In this direction, according to Olson
(1993) and Rock and Bonnett (2004), we would expect that politicians with either short
time horizons or inefficient control of other corruption networks and opportunistic
behavior will try to extract as much profit as they can in the period they will stay in
power. Consequently, they will harm investment funds in general and, therefore, wind

investments also.

Likewise, South Asian countries suffer from political parties that are not willing to
serve the public interest (T1, 2014). The main difference between East and South Asia
regions, as it is stated by Rock and Bonnett (2004), is that in East Asian countries,
government officials possess strong power over their corruption networks. According
to Khan et al. (2013), South Asian countries still work within complex patron-client
corruption networks where patrons are identified as local bureaucrats favoring citizens,
which may offer them bribes. Concerning RE investments, more side payments may be
required from government officials, which act independently from politicians, so as to
approve a new permit for a windmill installation. In the same line, North African
countries have also established a patron-client network for bureaucratic procedures,
increasing investment risks (Tl 2015). A possible explanation is that the lack of
predictability in terms of regulation and bureaucratic procedures increases the risk of
undertaking an investment in North African countries (Komendatova et al. 2012),

which might also be the case for RET investments.

However, our results do not answer to the question “at which cost” do investments in
windmills increase in East Asian countries, and this is where future research should
point its interest. A possible explanation is from the inefficient allocation of funds

directed to other social or economic sectors. However, this has an impact on the overall
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10.

social welfare, which is identified either as the opportunity cost of giving a less
competitive firm a permit, or an inefficient waste of public funds in terms of bribe
paying, time consumed, and resource allocation (Jain 2001). The overall cost of
corruption in terms of social welfare is a question left to be answered for future research.
Although, as it is stated above, corruption certainly acts as a deterrent to investments
generally, it also might be the case that a sector of a country may be developed at the

expense of other economic areas.
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Appendix |

Table 3.5: Descriptive Statistics for all countries

Variable Obs mean sd min max
DWCAPPC 336 10.3745 22.6019 -182.1872 231.8555
FIT 336 6.0750 6.7045 0 40.8343
QuUO 336 0.2946 0.4566 0 1
TAX 336 0.4583 0.4990 0 1
INVSUB 336 0.4762 0.5002 0 1
COR(t-1) 336 5.8164 2.2904 1.7000 9.6000
WCC 336 6.4980 2.0804 2.1541 10.0000
NUCS 336 11.2061 18.4828 0 79.6700
HYDROS 336 0.2026 0.2564 0 0.9888
OILS 336 7.4124 15.5161 0 96.0525
COALS 336 25.1506 26.2572 0 96.7833
GASS 336 25.7977 26.0590 0 97.6965
LCO2PC 336 1.6659 0.9114 -1.1605 3.2706
IMDEP 336 7.2802 5.1947 0.3133 26.3263
OTHFIT 336 0.6042 0.4876 0 1
FITGDP 336 0.0647 0.0275 0.0147 0.1226
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Table 3.6: Descriptive Statistics of wind capacity additions per capita by Country

Country mean sd min max
Argentina 0.4012 0.5772 0 1.5529
Australia 12.0124 6.2182 3.8297 20.4606
Austria 9.3681 13.3326 -1.5498 35.1996
Bangladesh 0.0010 0.0027 0 0.0071
Belgium 16.1072 11.5666 4.2812 29.2023
Brazil 1.8039 1.7643 0.0528 5.4055
Canada 23.3556 8.8127 11.5684 37.8393
Chile 1.7080 3.0289 0 8.4470
China 6.3575 4.6152 1.0187 11.8165
Colombia 0.0312 0.0687 0 0.1843
Costa Rica 2.4691 41121 0 11.1882
Czech Republic 3.1835 2.2587 0 6.8266
Denmark 26.6439 25.5695 -2.0195 57.8842
Egypt 0.7849 0.6607 0 1.5424
Estonia 25.5483 25.4239 0.7402 67.1698
Finland 5.4717 5.8604 0.3703 16.3995
France 15.7288 4.4617 10.8610 22.4966
Germany 22.5853 3.7879 18.2014 28.0041
Greece 16.1255 8.0622 8.7042 30.7471
Hungary 4.3864 3.4827 -0.6041 9.2870
India 1.5801 0.6112 0.7965 2.4930
Ireland 40.1645 14.6292 24.9086 59.5323
Israel -0.0207 0.0547 -0.1448 0
Italy 15.6589 5.9241 45984 22.9488
Jamaica 1.3886 2.5608 0 6.5336
Japan 1.5491 1.9903 -2.1722 4.5209
Korea South 1.1167 0.6248 0.3704 2.2064
Luxembourg 6.4650 10.0636 0 25
Mexico 1.8843 2.9288 0 7.9962
Mongolia 0.0693 0.3351 -0.3690 0.7484
Morocco 1.0786 1.4600 0 3.9665
Netherlands 10.2896 8.9291 0.9209 24.3828
New Zealand 15.0508 18.0629 0.1802 40.4624
Norway 12.5656 12.7152 0.4075 37.9119
Philippines 0.0126 0.0332 0 0.0879
Poland 8.8423 6.8459 1.3366 18.0601
Portugal 46.6405 11.7451 25.8058 61.7586
Slovakia -0.0528 0.1398 -0.3698 0
Spain 39.9591 120.7045 -182.1872 231.8555
Sri Lanka 0.4149 1.0978 0 2.9044
Sweden 49.2469 37.8466 2.5239 102.2394
Switzerland 0.6965 1.0772 0 3.0825
Taiwan 3.3869 1.5785 0.3002 5.3633
Thailand 0.2354 0.5732 0 1.5318
Tunisia 1.1412 1.8874 0 4.6399
Turkey 44774 2.8782 0.5476 7.7853
United Kingdom 16.7365 10.2012 6.4373 37.8777
United States 23.3247 11.2852 8.7726 42.6511
Total 10.3745 22.6019 -182.1870 231.8555
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Appendix Il

Table 3.7: Auxiliary regression of FIT on all exogenous instruments and the rest of regressors

Variable bé%? 3\//((5363
OTHFIT (1;519(;3;** (1.33%5)2**
FITGDP (91,2563%2* (71.‘512?36)3**
COR(t-1) (122613) (122612?)
wce (03%;
Quo (91) 2350
TAX (gégg) ((25-()92:7(;
INVSUB (igj?f{é) (-&52)
NUCS (6?;;3%())* (003336)3*
HYDROS (8:24218) (8:%1)
GASS (8:28;1) (09f86423)
oILs 023 0211
COALS (8:222) (%%
IMDEP (_88535) (8:83421)
LCO2PC (3-,2'174?)2* (4-.%8354)%**
Constant Term (iggjg) (igggi)
Cross Sections 48 48
Time periods 7 !

standard errors in parentheses
*p<0.10, ** p<0.05, *** p<0.01
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